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Prologue

Ich sprecheauf diesenSeitenzwar Uibervieles,aberiibernochmehrsageich nichts,ganz
einfach deshalbweil ich dariberkeine klaren Vorstellungerhabe. Ein gutesMotto fir
mein Buch ware darumein Zitat von BoscoePertwee,einem (mir unbekanntenputor
des18. Jahrhundertsdasich bei Gregory (1981: 558) gefundenhabe: “Fritherwar ich
unentschiedergberheutebin ich mir nicht mehrsosicher”?! (Eco2000,p. 9f.)

1Onthesepages,| talk abouta lot of things,but | do not sayanythingaboutevenmore things,simplybecause
| do not haveany clear ideasaboutthem. Theiefore, a goodmottofor my bookwould be a citation from Boscoe
Pertwee an eighteenthcenturyauthor (unknownto me),which | foundin Gregory (1981: 558): “Before, | was
undecidedbut today I'm notsosure anymoe”.



1 Intr oduction

Givennesss a term that hauntsthe linguistic literature. It is particularly persistenivhenre-
searchersalk aboutreferring expressions:Doesthat expressionrefer to somethingnen? Or
did theaddresseknow thereferentalready?s thatwhich is known topical,aswell? Are there
dimensionof oldness scalesof givennesshierarchiesof accessibility?New questionskeep
poppingup like the headsof Hydra.

| do not proposeto answerthesequestionshere. This meansthat! will neitherproposea
theoryof givennessnor developa schemdor annotatinggivennessn arbitrarytexts. Rather |
proposeto take a stepbackandinspectone of the Hydra’s headsmoreclosely: the givenness
of discourseentities. More informally, discourseentitiesare what canbe referredbackto in
discourséby a nounphrasemoreformally, they areconceptuatonstructghat(computational)
linguistsuseto modelthe semanticof referringexpressions.The inspectionproceedsn two
steps:

Stepl: describahefactorsthatareinvolvedin determininghegivennes®f discourseentities.
This is the subjectof Chapters2. To avoid confusionwith relatedill-defined concepts
suchas“theme” or “coherence”,| will summariseghe web of factorsthatinfluencethe
givennes®f a discourseentity underthe headingentity status Chapter3 discusseshe
influenceof thematicity topicality, discoursestructure,and coherenceon entity status,
while Chapterd relatesentity statusto salienceaccessibilityandactivation.

Step2: examinehow aspectof entity statuscanbe measuredn corpora,andhow thoseas-
pectsinfluencethe form of referringexpressions.This is the focusof the remainderof
the thesis. Chapter5 focuseson methodologywhile Chapterss—8 reporton empirical
studies.

This introductionis structuredasfollows: First, | explain why entity statuswasdeveloped
(Sectionl.1),followedby generalremarkson methodologyin Sectionl.2. Next, | outlinethe
contrikbutionsof this thesisto thefield of (computational)inguistics(Sectionl.3) andfinally, |
give anoverview of thethesis(Sectionl.4).

1.1 Why Entity Status?

| startedon the randomwalk thateventuallybecamehis thesiswith the aim to build a corpus-
basedmodulefor prosodygeneratiorin Content-to-Speechynthesis.| beganwith looking at
the prosodiccorrelatesof givenness.When| setout to searchthe literaturefor a theory of
givennes®nwhich| couldbasesomecorpusannotationsl foundaswamp.Givennessappears
to be a metaphorthat researcherstretchand adaptasthey like, dependingon whetherthey
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are looking for the cognitive substanceof their linguistic intuitions, whetherthey want nice
heuristicsfor their experimentdesign,or whetherthey wantto explain somethingoy the fact
that somethingis known somehav to somebody This proliferation of useswould fascinate
sociologistf science But it makesgivennessomevhatlessusefulthanit couldbe.

This experiencded meto jettisongivennesandhuntfor aconcepthatwas:

1. theory-independergnoughto be compatiblewith differentviews on how discourseis
structureddifferentmodelsof spealer/heareinteraction,anddifferentviews onthe cog-
nitive processingf language,

2. preciseenoughsothatit canbe explicatedeasilyin theframewvork of anadequatéheory

3. usefulenoughfor describingandanalysingdiscoursegvenif it hasnot beenembedded
into atheory

Thatconcepts whatl call entity status Entity statuss a structuredoundleof informationthat
collectsall thosepropertiesof discourseentitieswhich canconspireto make oneentity more
or lessgiventhananother Entity statusis an analyticconstruction;l would not claim that it
assuchis psychologicallyreal, althoughsomeof the propertieghatit incorporatedave been
motivatedby psycholinguisticresearch.The only strongclaim thatl make with entity status
is the following: Whentalking abouta complex gradientnotion suchasgivennessit doesnot
make sensdo let hierarchiesandtaxonomiesf givennessquareoff againsteachotherwhich
cover differentaspect®f the samephenomenoninstead we shouldacceptthatwe aredealing
with amulti-facetedohenomenomnddevelopappropriatdoolsfor its analysis.
Thepropertiesof adiscourseentity thatdescribdts statusfall into two large classes:

Structural properties: This groupdescribeshe positionof thediscourseentity in thevarious
levelsof discoursestructurejts connectiongo the variousdiscoursesggmenttopics,and
its relationto otherdiscourseentities.

Managementproperties: This groupdescribesiow theinitial descriptionof anentity is built
whenthediscourseentity is first mentionedn a discourselt monitorsthe entity’s actva-
tion. Finally, it storesthelinks by which the entity canbeaccessed.

How the analytic constructionof entity statusis filled dependson the theoreticalbasiswe
choose. | will discusssereral alternatve instantiationsof entity statusin Chapters3 and 4
passim.In AppendixA, entity statuss illustratedby two sampleanalyses.

Someof thepropertieghataffect the statusof a discourseentity canbe obsenedin corpora
andexaminedwith statisticalmethods.In thethreeempiricalchaptersChapte6—7,1 examine
whatthesepropertiesare,andhow they canbeanalysedvith traditionalstatisticaimethodgrom
the fields of stochastiqprocessesand generalisedinear models. First, a casestudy of entity
statusn radionews (Chapter6) revealsthatif we wantto obsere someof the moreinteresting
aspectsof entity status,we first needa detailedanalysisof the communicationsituationin
which atext wascreated SecondChapter7 explorestheinfluenceof thatquantitatve measure
on pronominalisation.
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1.2 Methodology

Anotherproblemthat| encountered my work on prosodiccorrelatesof givennesged meto
guestionthe role of statisticsin my research.In the particulargenrel looked at, radio news,
prosodiccorrelatesof givennessare not exactly straightforvard. Sinceresultsare only good
resultsif we have p < 0.05,andsinceit is impossibleto aguestatisticallythatsomethings not
thecase] encounterethnumerabléyes,but. ..”, whichdonotspringto mindif your p-values
arewell-behaed. Clearly statisticscanhelpfind patternsn data(exploratorystatistics) sum-
marisedataquantitatvely (descriptve statistics statisticalmodelling),anddeterminewhether
associationfoundin onedatasetcanbegeneralisedo the populationthatthe datacomesrom
(inferential statistics). But the point is thatit canonly helpyou do the work of interpretation
andanalysis,it cannotdo thatwork for you (GigerenzerSwijtink, Porter Daston,Beattyand
Kriiger1989). If your hypothesesreill-defined, if your datadoesnot fulfil certainprecondi-
tions, if you aretrying to predictsomethingwhich humanscannotevenmeasuraeliably, both
you andyour statisticsarein deeptrouble.

Anotherquandanfiesin the demandshatstatisticamakesonits users.In orderto keepthe
mathematicsnanageablemary statisticalmethodsmalke simplifying assumptiongboutthe
datathatonly afew real-world applicationsarelik ely to meet. Thosemethodghatmake only a
few assumptionssuchasmostnon-parametri@analysismethodsaredifficult to interpret. The
wayin which| will usestatisticalmethodsn thisthesisis bestdescribedy thefollowing quote:

Statisticalmodelsare only approximationgo the underlyingdatageneratingnechanism,
but are,neverthelessusefulrepresentation® aid usin understandingvhatis goingon. In
mary casesthey maynotevenbeatall realistic,but, whenshavn notto fit well to thedata,
indicateclearlythata certainmechanisnis not operating. (Lindsay1995,p. 97)

| donotclaimto introducenew methodgo corpuslinguistics. Rather | usetried andtested
methodsin an unfamiliar way—asa meansfor testinglinguistic hypothesesand with clear
caveatswhenthe linguistic datawasobviously not aswell-behaed asthe methodwould have
likedit to be. Most of the methodd useare parametric:ithey make clear strongassumptions
aboutthe distribution of the randomvariablesthat areto be modelled. The disadwantageis
that someof theseassumptiongre boundto betoo strong. But in contrastto non-parametric
models which make fewer assumptiongheresultsaremucheasierto interpret,aslong asone
bearsn mind whatsimplificationshadto be madein orderto applythe model.

Statisticalanalysisof corporahasits limits. All it candois to give usquantitatve summaries
of how anannotatoreactedo thetext sheworkedon—tothe extentthatherannotationgeflect
herreactions.For the sale of replicability, the annotationshouldbe consistenacrossannota-
tors: ary well-trainedannotatoishouldreactto the text with the samelabels. This requirement
is calledreliability andhasbecomencreasinglyimportantin corpuslinguistics. But thereare
limits to whatwe canannotatereliably, andwe hit theselimits whenwe want peopleto label
how a given string of words might be processedognitively. This is a fundamentaproblem
in any corpusstudyof referringexpressions. solve this problemin two ways. For the large-
scalestudieson the BROWN-CosPEC corpuswhichis describedn AppendixC, we identified
sequencesf referringexpressionghat accesghe samediscourseentity andaddedlittle other
comple information. Second,for the small-scalestatisticalstudiesreportedin Chapter6, |
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work with the labelsof oneannotatoronly. Theselabelsexpressherjudgementsaboutcogni-
tive accessibilityandthe sourceof new discourseentities. The statisticalanalyseof this data
only indirectly say somethingaboutthe useof referring expressionsthey merely summarise
how theannotatoreactedo thetext. In orderto determingo whatextentpropertieof thetext
influencethesereactionsthe experimentwould needto bereplicatedwith differentannotators.

Theemphasi®n cognitive modelsin themorefunctionallyorientediteraturenotonly leads
to difficultieswith corpusstudies,asstatedabove. It alsoobscureghefactthatlanguagdas a
socialsemiotic(Firth 1950,Halliday 1978). | do notknow of ary linguistic theorythatwould
integratebothaspectsn anappealingramework, thatcanafford to presenthecomplete albeit
comple picture,and| mistrustary attemptto reducepart of that compleity to one or two
keywordsplus maybesomeaffiliated maxims,elegantthoughthey mayappear

Instead,] choosemy analyticaltools dependingon the researctgoals: In the studyof ra-
dio news, | adopta functionalistperspectie, which integratesresultsfrom mediastudiesand
cognitive science Whendocumentingandmodellingpatternsof languageuse,l usestatistics.

1.3 Contrib utions

ErscltopfendeBelesenheitnasseich mir nicht an, und sie ist bei dem Umfangeunserer
Literaturkaumzu verlangen.Mancheswasich fir mein Eigenstesalte, magsich schon
langstin denWerken Anderervorfinden; und wennich eswirklich zum erstenMale zu
Papiergebrachthabe,sokann,ohnedassich esmich entsinne mein verewigter Vaterder
geistigeUrhebergevesensein? (von derGabelent21891,p. VI)

What the contributions of this study are dependgo a large extent on the interestsof the
reader

For thosewho areinterestedn theoreticaldebates| offer entity status,a flexible concept
thatl have usedasan extralinguisticbasisfor studyingthe form of referringexpressionslit is
relatively theory-neutral] have exploredits relationto severaltheoriesof discoursestructure,
suchasRhetoricalStructureTheory(MannandThompsoril988),thediscourseheoryof Grosz
and Sidner(1986)andvan Dijk andKintsch’s (1983) propositionaltheory of text processing.
Readerswith a leaningtowards semioticsmight find the introductionto and applicationof
Ungeheues (1987c)perspectie on communicatiorinteresting,a perspectre which hasbeen
ignoredin mostof computationalinguistics.

For thosewho areinterestedn practicalresults,| offer threeempiricalstudies:In thefirst
study | analyseentity statusin radio news. Radio news, and ageng news in general,area
very populargenrein computationalinguisticsandspeectprocessingAudio mining andtext
classificationalgorithmsaretrainedon suchcorpora,andlarge radio newns corporasuchasthe
BostonUniversityRadioNews Corpus(WBUR, OstendorfPriceandShattuck-Hufnagel 995)
andthe StuttgartRadioNews Corpus(SRN,Rapp1998)areusedin thedevelopmenif speech

1| do not claim exhaustivescholarship, and sud a scholarship can hardly be demandedjiventhe sizeof our
literature. Someof whatl mightdeemmyveryownmightpossiblyalreadybe foundin theworksof others,andif |
shouldreally havewritten somethinglownfor thefirsttime, myowndeceasefhthermayhavebeentheoriginator,
eventhoughl cannotremembeit.
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synthesisystemsin particularin developingprosodymodules.Whatis new aboutthis thesis,
at leastfor that part of the linguistics communityl comefrom, is that| attemptto take the
genreseriously thatl drav on resultsfrom mediastudiesto describehow the particularcom-
municationsituationin radio nens will affect the statusof discourseentities,andthat!| shaw,
usingtheseresults,how deeplyproblematicclassificationsuchas*“familiar” or “identifiable”
canbe—especiallyvhenthe analysteavesthecozyspealkr/hearedyadandmovesonto more
comple settings.

Second] attemptto developastatisticaimodelof structuralentity statusbasedn sequences
of referringexpressionghat co-specifythe samediscourseentity. Thesesequencesonsistof
mentionsof the samediscourseentity. In eachsequencetwo statescanbe discernedactive
andbackgrounded.In orderto modelthesepatterns,| proposea modelthat consistsof two
interlinked stochastigprocessesa non-stationaryPoissonprocesswhich generateshe men-
tionsof adiscourseentity, anda Markov Chain,which simulateghe switchbetweeractive and
backgroundedtate. As far asl know, this is the first suchmodel. A preliminary evaluation
indicatesthatthe modelfalls shortof theinitial expectationdor two reasonsFirstly, it failsto
cover syntacticconstrainton the occurrencef discourseentities,secondlyit doesnot explain
how the co-text influenceghe probability thatan entity will getmentioned.In orderto extend
it in thesedirections,we needboth more sophisticateadnathematicamodelsanda corpusthat
is large enoughto allow to estimatetheinfluencesof the co-text.

Finally, I studytheconnectiorbetweerentity statusandpronominalisationn asizeablecor-
pusof written British English,whereentity statugs operationalisedia distancdo lastmention.
| comparedistanceo six otherfactors,syntacticfunction, syntacticfunction of the antecedent,
form of the antecedentpumberof competingantecedentsortalclass,andagreementAs far
as| know, this is one of the first systematiccross-genrestudiesof the factorsthatinfluence
pronominalisation.|l alsodevelop a simple methodon the basisof generalisedinear models
that helpsdetectpowerful and robust features. Powerful featurespredict pronominalisation
well, while theinfluenceof robustfeaturesdoesnot vary greatlywith genre.

1.4 Overview

Beforeyou leave the introduction,hereis a roadmapof whatis to follow. For easyreference,
Figurel.lindicatesdependenciesetweerchapterdy arrons.

Chapterg, 3 and4 form thetheoreticapart. In Chapter2 | explainwhatentity statuss and
discussits semioticand communicatiortheoreticfoundations. The communicatiortheory of
GeroldUngeheueonwhich large sectionsof Chapter2 arebaseds introducedn AppendixE.
In Chapters8 and4 | review theliteratureon structural3) andmanagemen#) aspect®f entity
statusandlink the concepto varioustheories—theoriesf discoursestructureandthematicity
in Chapter3, andtheoriesof activationandaccessibilityin Chapter4.

Togetherwith Appendix B, Chapter5 forms a methodologicainterlude. In Chapter5 |
discussschemedgor annotatingentity statusanddevelopandmotivatethe annotatiorstrataies
thatwill beusedin theempiricalChapters and7. In thatchapter| alsoexploredistancerom
lastmentionasa measuref entity statusandtake thefirst stepstowardsa statisticalmodelof
co-specificatiorsequencesThe methodgor statisticalcorpusanalysisthat! will usein these
Chaptersaaredescribedn moredetailin AppendixB.
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5: Method B: Statistics 8: Conclusion
7: Pronouns 6: Radio News
A: AnalysedTexts
C: Corpus 3: Structure 4: Management
\//
D: Ungeheuer 2: Entity Status 1: Introduction

Figure 1.1. Overview of thethesisstructure Arrows indicatedependencies{ — Y meansX

providesbackgroundnformationfor Y. Numbersdenotechapterscapitallettersdenoteappen-
dices.Bold: empiricalpart,underlined:methodologicapart,italics: introductionandconclu-
sion

The empiricalpart consistsof Chapterss and7. In Chapter6 | examineentity statusin a
small corpusof radio news and presentseveral detailedtext analyses.On the basisof a much
largercorpus,| investigatanfluenceson pronominalisationin Chapter7.

Chapter8 summarisetheresultsof thethesisandoutlinespotentialapplicationgo prosody
research.The Appendicescontaintwo sampletexts (AppendixA), a brief review of the nec-
essarystatistics,in particulargeneralisedinear models(Appendix B), documentatiorfor the
BRoOWN-CosPEC-corpustogethemwith theannotatiormanualfor SortalClassegAppendixC),
anda brief introductionto the communicatiorsemanticof GeroldUngeheuefAppendixD).

All chaptersexceptfor the introductionandthe conclusioncarry a summaryof the main
results,eitherasan explicit sectionor asa subsection Readersvho areonly interestedn the
empiricalresultsshouldreadthesummaryof Chapter2 andthenmove onto thechapterof their
choice. More thoroughreaderanight want to addthe summarief Chapters3 and4 to that
trajectory Readersvho arelookingfor literaturereviews or theoreticaldiscussionshouldread
Chapters3 and4; thosewho have a penchanfor philosophicaldiscussionshoulddefinitively
try thecompleteChapterz andAppendixD. AppendixE containsa summaryin German.
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In this chaptey | will provide a theoreticalfoundationfor the conceptof entity status. When
we link givennes®r entity statusto a theoryof cognitive processingin particularto animple-

mentedmodel,we make our theory more specific,andhencemoretestable. This is the path
thatmostscholarswvorking on givennesstrive to take. But the focuson cognitive modelshas
its downsides:Firstly, quite a few researchersely on folk-psychologicaltheoriesof memory
and cognition.Secondlythe moredeeplyenmeshedgou becomein a particulartheoryof lan-

guageprocessingthe moreyou losesightof communication.In particular you tendto forget

that, asFirth (1950) pointedout, languagas usedfor communicationin societies.In orderto

remembethis fact, you needto returnto a morefundamentaivay of thinking aboutlanguage:
communicatiortheory Thisis the pathl will takein this chapter

However, no matterwhattheoryl will align myselfwith in thefollowing pagessomereader
will have goodreasorto criticise it on philosophicalgrounds. Thereis no generallyaccepted
theoryof humancommunicationnoris there*a” generallyrecognisedgemiotictheory For the
theoryof communicationl largely rely onthework of GeroldUngeheue(1987c).Ungeheues
perspectre on communications attractve becausdetakespainsnotto simplify anything; this
is probablythe reasonwhy he never developeda full-blown theory Since his work is little
known, evenwithin Germary, AppendixD givesa brief introductionto hisideas.

This chapteris structuredasfollows: First,in Section2.1,| discussvhatdiscourseentities
are,bothfrom a semanticandfrom a semioticpoint of view, anddevelopthe conceptof entity
statusin moredetail. Next, in Section2.2, 1 further develop the conceptf discourseentity
andentity statuson the basisof GeroldUngeheues approachto communication.Section2.3
concludeswvith a summaryof the mainpoints.

2.1 What is a DiscourseEntity?

The notion of discourseentitiesis relatively young, but its sourceis very old: the problem
of reference. Sincethe time of the Ancient Greeks,philosophershave debatedf and how
words can be usedto refer to objectsin the real world (Coseriu1975). The technicalterm
“discourseentity” wasintroducedin orderto dissociatéwo researctguestionspnamely“What
is the natureof reference?”and“What doesa referring expressionmean?”. To give anidea
of the problemsinvolvedin thinking aboutreference] will sketchthe work of Frege and of
Russellin Section2.1.1). Then,in Section2.1.2,1 will contrasttheir resultswith the work
of Karttunen,who inventedthe term“discoursereferent”(Section2.1.2),which is roughlythe
sameasour “discourseentity”. Thattermwill bedevelopedin moredetailin Section2.1.2.
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2.1.1 Reference

Frege (1892) wasthe first to distinguishbetweensenseand reference. Whenwe know the
referenceof an expressionwe canevaluatewhetherit is true or falserelative to thoseentities
andconceptsn theworld thatit refersto. Its sensepn the otherhand,is the modein which it
is presentedhow we think aboutandunderstandhat expression.Although Frege establishes
the notion of senseon the level of thoughts,a sensds not somethinghatexistsin the mind of
anindividual. Instead the sense®f signsarefixed andmaintainedoy a community Take for
examplethe sentencem thefollowing example,cited after (Frege 1892,page28):

(2.1) Themorningstaris abodyilluminatedby the Sun.
(2.2) Theeveningstaris a bodyilluminatedby the Sun.

Both italicised nounphrasegeferto the sameentity in the world, the planetVenus,so either
botharetrueor botharefalse.But if somebodys senseof theexpressiorimorning star” differs
from his sensef “eveningstar”’, hecanthink thatsentence.lis true,andsentence.2is false.
Thisleadsusto a centralproblem:How canwe be surethattwo linguistic signssharethe same
reference? hisquestiompensa Pandorasbox of otherproblems.In orderto ascertairwhether
two signsco-refer we needto find find thereferentof a sign,but how? And how canwe besure
thata givenlinguistic signrefersat all—which expressionsre“referring expressions”?

For example,in the literatureon definite nounphrasesreferentialusesof definite NPsare
clearlydistinguishedrom attributive uses(Donnellan1966). The NP “the murdererof Smith”
is usedreferentiallyin sentence.3, becausét pointsto the persorwho murderedSmith, and
attributively in sentence.4 whereit predicate®f the butler thathe hasmurderedSmith.

(2.3) Themurdererof Smithusedabluntinstrument.
(2.4) Thebutleris the murdererof Smith.
(2.5) Themurdererof Smithmustbe crazy

The referentialuseis also calledde re, becauset is intendedto point to a specificreferent,
while the attributive use,whereary referentis possiblethat fits the definite description,has
beentermedde dicto. In sentence?.5, the NP “the murdererof Smith” is attributive if we
assumethat the personwho utteredthe sentencadoesnot know who the murdererof Smith
is—but whoever did it, whoever we canpredicateof thathe murderedSmith, boy, musthe be
starkraving mad.

Thereare constrainton the entitiesthat canbe referredto, aswell. Russell(1919/1993)
statesveryclearlythatit is only possibleto referto entitieswhich existin therealworld. Phrases
like*“a unicorn”or “the presenking of France’do notrefer. SinceRussellanalyseshe definite
article “the” asthe claim that thereexists exactly oneindividual on which the descriptionin
the definiteNP fits, a nounphrasesuchas“the presenking of France”is simply false,because
present-dayrranceis a republic. Somesemanticanalysef genericityalsoassumehatit is

1| usethe classicalEnglishtranslationhere,becausehat providesme with the terminologyusedin English-
languagepublications.
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notpossibleto referto genericNPs. For furtherdiscussionsee(Carlson1991 Krifka, Pelletier
Carlsonter Meulen,Link andChierchial995).

But to what extentarethesephilosophicaldiscussionselevantfor the useof referringex-
pressionsn actualdiscourseonsiderthe following threediscourses:

(2.6) [The lastunicorn}, wasavery gentleanimal. With the helpof a sweetlittle girl, [it] ,,
managedo defeatthe evil sorcerewho hadconfined[its],, speciedo the sea.When
[the unicorn], finally left thelittle girl to rejoin[its], family, thegirl wasreally sad.

(2.7) [The murdererof Smith}],, mustbe crazy [He],, first lashedout at Smith repeat-
edly with a horsewhip, then[the murderer}, severedSmith’s handsandfeet, and
finally, [this dangerto society],, kickedthe victim down the cellar stairs,where[the
vicious Killer],,, stabbedSmith exactly one hundredtimeswith Smith’s own Swiss
armyknife 2

(2.8) [The lion]; is a mighty hunter [He]; livesin Africa. If alinguist comestoo close
to [him]; when[he]; is hungry [the lion]; will eatthatlinguist with relish. And be
careful—[lions] will make no differencebetweerfunctionalistsandgeneratists.

In thesethreediscoursesdefinite nounphrasesand pronounsare usedto refer backto an at-
tributive definite NP (the murdererof Smith),to somethingwhich doesnot exist (the unicorn),
andto akind (lions). In thefollowing section,we will investigatehow theseproblemscanbe
attackedwith the helpof anew conceptthe concepbf “discoursereferent”

2.1.2 DiscourseReferentsand DiscourseEntities

Karttunen(1976) examinesthe questionwhy definite NPsand pronounscanbe usedin such
a potentiallyobjectionablevay. To this end,he proposego focusthe attentionaway from the
referentsof philosophy which were designedo formalisethe truth conditionsof a sentence,
andtowardsdiscoursaeferentswhich aredesignedo modelhow peopleprocessliscourse.

Karttunenassumeghat in certain contexts, an indefinite NP establishesn entity in the
discourse.If suchan entity, which Karttunencalls discouse refeent, hasbeensuccessfully
establishedi is possibleto referbackto thatentity with a definiteNP or apronoun.Thisis the
linguistic testhe usesthroughouthis paper Now, theinitial questionbecomes:Underwhich
conditionsdo indefinite NPsestablisha discourseeferent?He found thattherearetwo main
contetsin whichdiscourseeferentscanbe established:

1. Theindefinite NP occursin a sentencehat“is assertedimplied, or presupposetb be
true,andthereareno higherquantifiersnvolved! (Karttunenl1976,page383)

2. TheindefiniteNP occurs

2Notethat| usethe malepersonapronounherebecausghatis commonlyusedin detectve storieswhenthe
inspectordoesnot have a cluewho committedthecrime.

3By jumping from Russellto Karttunenin this way, | naturally skip mostof the very lively discussionof
referencen theliteratureon philosophyandformal semanticsFor a collectionof classicpapersseee.g.(Moore
1993),andfor recentsummarie®f the philosophicadiscussionseee.g. (Newen1995,von Heusinger1997).
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(a) in asentencavhich reportson anotherworld, the world of a personthatis not the
spealer. Example:

(2.9) Johnsaysthat [an employee of Smith],, killed him. Johnthinks that
[she}],, did it because&mith kept makingpassesat anything with a skirt,
and[she],, musthave beenfed up with this. Theseadvancesmight have
stirredup someold traumain [her],,, which would explain why [she],,
butcheredSmiththis way.

(b) in a sentencewhich belongsto another“mode of discourse”,such as counter
factuality In suchcasesthesentencén whichtheanaphowoccurshasto continuein
thesamemode,or be evaluatedn thesameworld asthesentencevherethereferent
thatthis anaphoipointsbackto wasestablishedExample:

(2.10) Whenhegrows up, Johnwantsto marry [a rich girl],. [She], shouldbe
old andterminallyill, sothathe caninherit[her], mone/ soon.Needless
to mentionthat[she], neednot be beautiful.

Karttunen(1976,page383)callssuchreferents'short-timereferents” becausé¢heir
life spanis limited to the discourseseggmentwhich is in the samemodeasthe sen-
tencewherethereferentwasestablished.

To sumup, in discoursereferentanay have alimited lifespanthatis dictatedby the conditions
underwhich they arefirst mentionedandit is even possibleto refer backto expressionghat
have no referent,strictly speaking.We cancopewith theseunruly anaphorsy introducingan
intermediatdevel of representatioor processingbe it mentalor computational.This is the
level onwhich discourseeferentsareestablishedmaintainedaccessedindceasdo exist.

After Karttunenwork on discoursaeferentshasfocusedon theanalysisandprocessingf
referringexpressionsThe criterionfor determiningwhethera new discourseaeferenthasbeen
createdhaslargely remainedthe samethat Karttunenproposedn his paper Two of the first
semanticists$o integrateKarttunens resultsin aformal semantidramevork wereKamp(1981)
and(Heim 1983). Kamp proposeda formalism,DiscourseRepresentatiomheory (DRT), that
was intendedto model how spealers dynamically updatetheir interpretationof a discourse
during communication. While Kamp’s approachis ratherabstract,Heim (1983) builds on a
catchymetaphor:sheseeddiscoursereferentsasfile cards. On thesecards,all informationis
enteredvhich a discoursesuppliesaboutthatreferent.

Modernformal semanticglealswith this problemin two ways. Firstly, referencds deter
minedwith respecto possibleworlds,notonly with respecto theworld welivein. Andin one
of thesepossibleworlds, theremight well bea unicorn. Secondlydefinitereferringexpressions
arenotresoheddirectlyto individualsin a possibleworld, but they areinterpretedszia somesort
of intermediateconstructionsuchasdiscourseaeferentgKarttunenl1976),pegs (Groenendijk,
StokhofandVeltman1996),or discoursesubjectgDekker 1998). The differentproposalghat
have beenmadeover the yearsin this tradition have centredmore on exploring the natureof
thesediscoursereferentsandthe waysin which they canbe usedto interpretreferringexpres-
sions. The conceptof entity status,in contrast,is gearedto describinghow a givendiscourse
entity is introduced,accessedandupdatedn linguistic communicationandhow it relatesto
thediscourset occursin. Entity statugs afunctionalheuristic,notaformal constructalthough
partsof it could surelybe formalisedwith a sufficiently rich formal apparatusBut this would
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leadustoo far afieldhere.

DiscourseEntities

In a seriesof influential papersandthesesn the late Seventiesandearly Eighties,Sidnerand
Webberproposeda differentterminologyin orderto avoid confusingdiscoursereferentswith
the conceptof referentthatis usedin the philosophicaldiscussion.They suggestedhat dis-
coursereferentde called“discourseentities”, in orderto avoid confusionwith thereferentsn
philosophy Thesediscourseentitiesare part of a discousse mode] which representshe dis-
courseasit hasevolvedsofar. Accordingto Sidner(1983),theseentitiesarememoryelements
which containa setof specificationsThe only way to testwhethera discoursesntity hasbeen
establishedsuccessfullyis to testwhetherit canbe referredbackto with a definite NP or a
pronoun. This testdoesnot imply anything aboutthe propertiesof that which is specifiedby
the memoryelement. It canbe a situation,an individual, an event, a kind, .. .—aslong asit
canbereferredbackto, it is adiscourseentity. Referringexpressionspecifydiscourseentities.
Two referringexpressionshatspecifythe samediscourseentity aresaidto co-specify A hearer
caninterpretareferringexpressionn two ways. If the expressiorspecifiesamemoryelement
which is alreadyin the discoursanodelof the spealer, but notin thatof the hearerthe hearer
hasto adda new entity to his discoursemodel. If thediscourseentity is alreadysupposedo be
in the hearers discoursemodel,he needgo searchor the entity in his discoursanodelwhich
is specifiedby that expression.Whena referring expressioncausesa new discourseentity to
beintroducedn themodelof the currentdiscourseye will saythatit evokesthatentity. If the
entity thatanexpressiorspecifiesalreadyexists, the expressioraccessethatentity.

Discourseentities are the basisaroundwhich discoursemodelsare organised(Webber
1981). They fulfil similar functionsin Heim’s and Kamp’s systemsof dynamic semantics.
In contrastto Heim’s File ChangeSemanticsand Kamp’s DiscourseRepresentatio heory
(DRT), WebberandSidnerdo notdevelopa new semantidormalism.Insteadthey usethetra-
ditional languageof predicatdogic andalgorithmicpseudocodeln particular Sidners aimis
to developa conceptuaframework thatallows herto modelanaphoraesolutioncomputation-
ally. Usingdiscourseentities,shecanspecifyresolutionalgorithmson the basisof anabstract
modelthatcanbe madecomputationallytractable . Thefollowing definitionnicely summarises
this computationaliewpoint:

A discourseentity is avariableor placeholdethatallows usto index theinformationabout
an objector eventthatwe extractfrom utteranceso the appropriatementalrepresentation
of the objector event. (Jordan2000,pagel)

Although (Kamp 1981), (Heim 1983), (Webber1983), and (Sidner1983) are frequently
citedtogetheytherearecleardifferencedbetweerthe threestrands.As evidencedby his text-
book (Kamp and Reyle 1993), Kamp is by far the mostcautious. He merely usesdiscourse
markersasidentifiersin the semantidormalismand,asfar asl cansee refrainsfrom ary fur-
therclaims. Heim (1983)goesonestepfurther Sheexplicitly designsherfile cardsasaway
to link Karttunens discourseaeferentgo referentsan the realworld anddefinescomplex man-
agemenbperation®nthem. Theseoperationhave beendevelopedfurtherby Vallduvi (1990)
in his analysisof informationstructure.Althoughfile cardsappearo bejust the datastructure
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we needhere,work afterHeim hasshown thatthe mechanisnsheproposeds notveryflexible,
becauseheunderlying“card” metaphoiis too static. As a consequenceventhoughFile Card
Semantichasinfluenceddynamicsemanticso a greatextent,verylittle work is couchedn this
framavork today Not sowith DRT, whichis still very muchalive andis continuouslymodified
andextended.

Webber(1983)andSidner(1983)give theterm a morecomputationalnterpretation.Both
usediscourseentitiesastoolsfor describingwhatanaphoriexpressiong€anberesolhedto. As
far asl cansee,neitherof themhasfocusedon constructinga semantidormalismaroundthe
conceptof discourseentity; instead theterm hasbeenusedto describeandmotivatesolutions
couchedn thetermsof first-orderlogic or algorithmicpseudocodeThis makesthe conceptof
“discourseentity” moreflexible thanthat of a “file card” or a “discoursemarker”, which are
associateavith specificapproacheso formal semantics An additionaladvantageof the term
is that“entity” appearso bearelatively colourlesgerm,contraryto “referent”asin “discourse
referent”,which remindsits userof the problemwe have beentrying to escapereferencepr
“subject” asin “discoursesubject”,which is homorymouswith the grammaticakubject. For
thesereasons| will adopttheterm*“discourseentity” here.

The Semiotic Perspective

Theintroductionof discourseentitiescanalsobejustifiedfrom asemioticpoint of view. Let us
begin with traditionalSaussureasemiotics.As linguistic signs referringexpressiongonsistof
asignifiantanda signifie. Accordingto de Saussur¢1916/1985)definesheseastwo sidesof
the samecoin. Both exist in the samesphere The signifié of areferringexpressions therefore
not an objectin the world, but a representatiof anobject. Discourseentitiesplay a similar
role. They live on anintermediatdevel betweenreferring expressionsand objectsin real or
possibleworlds,andthis level is alevel of representationin semioticgustasin computational
linguistics, researchersave preferredto associatehis level with the mentalsphere.* If we
wantto emphasis¢hat processingignsis inherentlydynamic,we canalsospeakof signsas
“mentalconstructions”.

Discourseentitiesalso have a placein Peirceansemiotics. For Peirce,signsare triadic
structureswvhich connectan interpretantwhich participatesn the processof semiosiso the
correspondingbjectin theworld. The interpretantis not the personwho interpretsthe sign.
Instead|t is thatwhich makesthe signinterpretableThus,in a Peircearframeavork, discourse
entitieswould betheinterpretantof referringexpressions.

Eco(1994)developsPeirces approacha stepfurther Accordingto him, semioticsis con-
cernedwith signsassocialforces.Whetherasentencén whichalinguistic signoccurss trueor
false,is outsidethe domainof semiotics.To claim thatthe referentof a linguistic expressions
connectedvith somethingn therealworld is counterproductie, becaus¢he meaningof asign
is crucially determinedy socialprocessed-ollowing Peirce Ecoconcevesof theinterpretant
as somethingwhich canonly be describedby othersigns. This hastwo consequences\ot
only aresignsalwaysrelatedto othersigns,but the procesof interpretinga signis potentially
infinite. Thisinfinite procesof semiosiameanghat

4Sincemary semioticistshave interpretedde Saussure signifiésasmentalrepresentation§lucheni  984)
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As far asl cansee,this semioticmotivation hasbeencompletelyoverlookedin computa-
tional linguistics. It would certainly be interestingto study the connectionbetweena semi-
otic interpretatiorof discourseentitiesandtheir cognitive or computationainterpretatiormore
closely building onmorerecentwork of Eco(2000),wherehe attemptdo dothe samefor con-
cepts(c.f. in particularhis Chapter3). But to explorethis avenuefurtheris beyondthe scope
of this thesis. Firstit is aboutentity status not aboutthe natureof discourseentities,second,
entity statusis per definitionema very prosaicnotion, designedo helpdescribehow discourse
entitiesmanagéo fit in with their co-text andthe discoursemodel.

2.1.3 Entity Status

Whatcouldthestatusof a discourseentity be?Remembethatwe introducedentity statusasan
umbrellaterm which groupstogetherpropertiesof discourseentitiesthatinfluencethe extent
to which adiscourseentity is given. But sincegivennesstself is anill-defined notion,we need
to find anothercriterion for decidingwhat shouldgo underthat umbrella. The solutionis to

look at the questionswhich researcheriave tried to answerby recurringto somethingthey

thencalled“givenness”How candiscourseentitiesbe accessedPiow arethey establishe@nd
initialised?How centralis adiscourseentity to thediscoursat occursin? Hence my definition

of entity statuds fundamentallyfunctionalbecausé¢he propertiesve will assemblashouldhelp

usunderstandchow peopleusediscourseentitiesto processand producelanguage.l will also
striveto describehesepropertiesn away thatis astheory-neutrahspossiblepecaus@ncewe

have afunctionaldefinition of the propertiegshatwe might need,we canusethis asa checklist
to selectanadequatdasisfor formalisation.

Theresearclguestionsnentionedn thelastparagraptsplit naturallyinto two dimensions:

The dimensionof structure. Key desideratum:
Thestatusof an entity containsinformationabouthowcentral it is in thediscourse This
information is multi-faceted: What is the relation betweenthat entity and the general
topic of the discourse?Are therediscoursesggmentsin which it is moreor lesscentral?
How hasits statusdevelopedsofar?

If we acceptthe premisethat discoursemodelsare built arounddiscourseentities,then
the morecentralan entity is to the discoursgor to somesggmentsof the discourse)the
moreimportantit is for grouping(structuring) the propositionsn thediscourse.

The dimensionof management. Key desideratum:
Thestatusof an entity containsinformationthat is necessaryor manaying it.
As wewill seein Chapte#, threetypesof operationsareneededor this purposeinitial-
isation,accessandupdate.The managemendimensionsuppliestheinformationthatis
neededor theseoperationsbut only to theextentthatit canbederivedfrom thereferring
expression®r thatit is alreadyencodedn thediscoursanodel.

Although both dimensionsare related,they are evidently not the same. The first dimension
cannotbe definedwithout a theoryof discoursestructure andthe seconddimensioncannotbe
definedprofitably withouta theoryof memory
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The seconddimension,on the otherhand,is the dimensionof manajement Wheneer the
hearethearsa new referringexpressionhe hasto know wherehe canfind the specificationse
needdor interpretingit.

As wewill seein Chapter, themanagemerdimensiorhasbeenby farthemostpopularin
theliterature,andresearcherbave identifiedseveralsub-dimensionsThe structuredimension,
ontheotherhand,is relatedto avariety of theories:theoriesof coherencetheoriesof discourse
structure andtheoriesof topic. Theserelationswill bediscussedurtherin Chapter3.

At this stagewe know thatdiscourseentitiesareconceptuatoolsfor describingdiscourse,
that they are supposedo be the elementsaroundwhich discoursemodelsare organisedand
which can be referredback to anaphorically and that their statushasa managemenand a
structuredimension But canthisusefulheuristictool for (computational)inguistsbeintegrated
into a theoryof humancommunication?Canwe successfullytransferthe notion of discourse
entity to a non-algorithmidevel of thinking aboutcommunication?Thatis the questionthat|
will examinein thefollowing section.

2.2 DiscourseEntities in Communication

Discourseentitiesin their mary guiseshave proved to be an importantconceptualtool for
linguistic analysis,formal semanticsand computationalinguistics. We will now take a step
backandlook attheconcepfrom amoregeneraperspeciie,the perspectie of communication
theory As | have notedin theintroductionto this chapteythe perspectie on discourseentities
andtheir statusthat| will developin this sectionsenestwo purposedor the argumentl wish
to develop:

1. to show that thereis moreto discourseentitiesthan a purely computationalapproach
suggestgSection2.2.1)

2. to find out how aspectsf discourseentitiesand of their statusin discoursecould be
investigatedjuantitatvely (Section2.2.2)

For thosereaderghat are not familiar with Gerold Ungeheues approachto communication
theory | sincerelyrecommendh detourvia AppendixD.

2.2.1 The Communicative Perspectve

Whenwe apply Ungeheues approacho linguistic problemswe facea fundamentaproblem:
In linguistics, we strive to detectregularitiesin the way that linguistic signsare used,and, if

possible theseregularitiesshouldbe describedn the framework of a rigoroustheory so that
we canpredictfurther regularitiesfrom them. But for this purpose we needto abstraciaway
from the situationsin which the signsare used. Before we canstartto analyseary commu-
nicative actions,evenour own, we needto obsere whatis beingdone. As soonaswe startto

obsenre,we switchto theexternalperspectre,andlosetheimmediateaccesshatonly theinter-

nal perspectieyields. Ungeheuereflectsthis problemin the dichotomycommunicativesdra-
communicativé€“kommunikatv / extrakommunikati”). Ungeheueintroduceshe distinction
betweencommunicatre and extra-communicatie in (Ungeheuefl970/1972b)wherehe dis-
cusseghe reality of phonemes.From an extra-communicatie point of view, phonemesre
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structuralunitsthatmake up wordsandthatcanbe identifiedby rigorousanalysisof obsened
data following e.g.theproceduresf (Trubetzloy 1939/1989) Fromacommunicatie point of
view, peoplehearthe meshof acousticcuesthatis anutteranceandmake senseof it giventhe
situationthey arein andthe experienceghey have hadsofar.

In otherwords,whenwe uselanguageommunicatrely, we performactsof communication
with it. Whenwe obsere how languageis usedin communicationwe switch to the extra-
communicativeperspectie—we are “outside”. In fact, this distinctionfollows directly from
thefactthatverbalcommunications anaction,andthatactionscanbe characteriseffom both
aninternalandanexternalperspectie. Theinternalperspectie is the communicatie one,the
externalthe extra-communicatie.

By definition, linguisticsis extra-communicatie. The extra-communicatie perspectie is
that of the analystwho wishesto find stablegeneralisationshat hold acrossmary different
situationsthecommunicatre perspectieis thatof theindividualwho usedanguagen agiven
situation. Theimportantpoint hereis thatjust becausave find thatsomestructuralunits work
whenwe analyseobseneddata,this doesnot meanthatpeoplereally usethem. Both perspec-
tivesareequallynecessaryandboth perspectiescomplementachother but they shouldnot
be mixed. Although Ungeheueadmitsthatthe perspectiesarerelated he advocateghatthey
shouldbe strictly separatedsothattheresultsof onearenot contaminatedby the othet

Beide Betrachtungsweisemlie kommunikatve, und die extrakommunikatve, sindin der
Phonetikgleich wichtig, ihre kategorialenUnterschiedeniissenjedochmit aller Klarheit
festgehaltemnverden.Die Ergebniss@usdenbeidenForschungsgebietestiehemicht—wer
wirdediesauchvermuten?—beziehunigs nebeneinandedie Beziehungerkdnnenaber
erstadaguatanalysiertwerden,wennder wissenschaftlich&Vert dieserErgebnissenicht
durchKontaminatiorkommunikatver und extrakommunikatver Gesichtspunktderabge-
setztwird.®

(Ungeheued970/1972bpage82/pagel6)

But wheredoescontaminatiorbegin, andwheredoesproductve dialogueend?Theanswer
to this questionis givenin the first sentenceof the quotedpassage Ungeheueclearly states
thatbothperspectiesarenecessaryWhy? Therecanonly be onereason:Theremustbe some
guestionghat canonly be answeredrom one perspectie, but not the other andvice versa.
Thisis theprincipal areaof dialoguebetweerthetwo perspecties. Extra-communicatie anal-
ysis candiscover highly interestingstructuresand put thesestructurego usein applications.
While anextra-communicatie approachs eminentlysuitablefor analysingexternalactionsthat
areobsenedin several situations,only communicatie analysiscanventureinformedguesses
aboutthe internalactionsaswell, canhopeto understandvhy the processof communication
developedin aspecificway in a givensituation.But not only do thetwo approacheghe com-
municatve andextra-communicatie one,complementachother They alsosharea common
basisof phenomenavhich they investigate.

5Both pointsof view, the communicativeand the extracommunicativeare equallyimportantin phonetics put
their categorical differencesneedto be statedas clearly as possible The resultsfrom both fields of reseach
do not standstandbesideead otherunrelated—whavould assumehat?—ut theserelationscanonly be anal-
ysedadequatelyif the scientificvalue of theseresultsis not contaminatedy mixing communicativeand extra-
communicativaspects.
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Let usnow turn backto thetopic of this section,“entity statusin communication”.Sofar,
we have only dealtwith anextra-communicatie perspectie on entity statusthe perspectie of
(computational)inguistics,which wasdiscussedn Section2.1.3. This will alsobethe main
perspectre of therestof thisthesis:l will analysdext corporaguantitatvely, andl will explore
probabilisticmodelsof entity status;andin doing this, I will have to largely abstractaway
from the communicatiorsituationin which thetexts wereoriginally producedandfocusonthe
systematiaegularitiesin linguistic behaiour thatwe candetectusingmethodsrom statistics.
Whataml losingthere?Whatis the communicatie perspectie?

In orderto answerthis question,we needto go backto the questionwhich hasmotivated
computationalinguiststo introducediscourseentitiesasa unit of analysis:How comewe can
refer backto somethinganaphorically?Anaphoricreferring expressionsare linguistic forms.
As such,they cannotbe partof the primary content.Froma communicatiorsemantigoint of
view, hearersnterpretthemaccordingo two setsof rules:

1. linguistic—semanticules: Every languagehasa setof corventionsfor determiningthe
meaningof sequence®f linguistic symbols. The spealer usesthesecorventionsfor
planningthe externalaction by which sheseeksto influencethe hearey andthe hearer
usesthesecorventionsduring the internalactionsthat he performsin orderto interpret
thebehaiour thathe percevedthe spealer produce.

2. rules of communicatre interaction: Spealer and hearerfollow theserulesin orderto
communicatessuccessfullyaspossiblejn orderto understaneachother

Whenanaphoriaeferringexpressionsoccurin a sequencef symbols,it is usuallyimportant
to resole the pointercorrectlyif the communicatie actis to succeed.The hearemeedscon-
ventionsfor resolvinganaphorajf he wantsto successfullyre-constructhe primary content
of the spealer’'s sequenc®f signs,especiallyits materialcomponent.But accordingto which
conventionsshouldthe spealer chooseananaphoriexpressionandwhich corventionsshould
thehearemusewhenheencounter&? This problembelongso themodalcomponenbf the pri-
marycontent.As we have seenn AppendixD, themodalcomponenmodifiesa givenmaterial
componentn a variety of ways. In the contect of anaphorapne level of the modal compo-
nentis of specialinterest: modificationswith respecto the communicatiorsituationandthe
otherparticipantan the communicatiorprocessFor example,supposeg/ou arethe Republican
presidentiacandidatan the 2000U.S. Campaignandyou arelaggingbehindyour opponent
in the polls. You know thatyou needgoodpresscoverage journaliststhat extol your virtues,
thatforgetyour slipsin speechesln this situation,you would only call a journalista “primary
leagueass-hole'whenyou canrestassuredhatnojournalistis listeningin. Youwould notdare
to do soif the microphoneyou have beenspeakingnto werestill on.

Sofar, so good—I have merely paraphraseald linguistic insightsfrom a slightly differ-
ent perspectie. To make the picture complete,one elementis still missing: that which the
anaphoricexpressionrefersbackto, thatwhich it picksout. In the extra-communicatie per
spectve,thisis thediscourseentity. Butwhatis it in thecommunicatve perspectie? Anaphoric
referringexpressionlearly pick out somethinghatis experiencedy bothspealerandhearer
assomethinghatthey experienceasan“unit” atthetime thatit is referredto in corversation,
assomethingthatthey can predicatesomethingof, somethingthatthey canassociatexperi-
enceswith, somethingthat is part of their personalexperiencetheory (PET), the sum of all
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experienceghey have ever made.Canwe be moreprecisethanthis? No, andyou do not need
to look at the sweepingdefinition of potentialdiscourseentitiesthatis givenby e.g. (Webber
1991)to seethat. Justperforma simplegedanleneperiment Searchyour memory which has
beenformedby your systemof experiencesandtry to find an expressionthat summarises&
singleexperience a setof experiencesanevenlargerset. ... Onceyou have constructedh set
of experiencessa unit, andonceyou cangive thatunit a name,you have constructedsome-
thing very muchlik e a “discourseentity”. This unit thatyou have just constructeds not static.
It constantlychangesshapeduring the communicatiorprocess.Sucha unit canfadeandbe
revived, or it canbecomea fixed part of the way thatthe PET is organised.Take the example
of “Germannationalsoccerteam”. Somebodywho neitherknows nor caresaboutsoccerand
who happendo hearanitem abouttheteams dismalperformancef theradiowill briefly con-
structaunit which helpshim understandhatthereis ateamsportwhich peoplecall socceythat
Germany hasa nationalteam,andthatthis teamhashada few problemswith winning matches
in a Europe-widetournamentecentlythat they call “EuropeanChampionship”. As soonas
theradioitem is over, the soccerignorantwill forgetaboutit. On the contrary for a German
soccerfanatic,mary experience@areassociateavith the soccerteam:goodgamespadgames,
coachesplayers,or feelingsof joy whenthe teamwon its threeWorld ChampionshipsThis
personinstantlyconnectavhathe hearsto his experiencesespeciallyto his recentexperiences
of pain and his memoriesof dismalplayers. A unit suchas“Germannationalsoccerteam”
hasno sharpboundarieslt is connectedo the systemof your experiencesDependingon the
directionfrom which you accesst, dependingon the experiencesgou have madeimmediately
before,dependingon the experiencesvhich you have recalledor beenvaguelyremindedof,
differentaspectwill bemoreor lessreadilyaccessibleo you.

How spealer and hearerdeal with the differencesan their respectre PETs,how they ne-
gotiatethe commongroundon which they canbuild their corversationandwhetherthey can
build suchacommongroundatall, thathasbeenthefocusof mary experimentaktudiesn psy-
cholinguistics.Thesestudiesare usuallydesignedarounda heavily constrainedask: describe
tangramfigures(Clark and Wilk es-Gibbs1990), guide eachotherarounda map (Andersonet
al. 1991), describevideofilms, andsoon. For anin-depthdiscussiorof this methodologysee
(Brown 1995).

Clark and Haviland (1977) proposedthat thereis a given—n& contract betweenspealer
andhearer The spealer presentghe giveninformationfirst, sothatit is easierfor the hearer
to embedthe new informationinto his discoursemodel. In otherwords, if spealer wantsto
malke it easyfor her hearerto interpretwhat shehasjust heardin termsof her PET, shewill
try to make theseconnectiongxplicit, andshewill verbalisetheseconnectionssearlyin the
messageas possible,sincethey will help her hearerprocesswhat follows. But whatis this
giveninformation?Clark andMarshall(1981)rephrasehis questionas: Which knowledgedo
spealer andhearemeedto share,andhow canthey discover they shareit? If the spealer not
only wantsto know what the hearerknows aboutthe subjectthey aretalking about,but also
what he assumesbouther, and what he assumeghat sheassumesbouthim, andwhat he
assumeshat sheassumeshat he assumeshat sheassumesbouthim, we aresoonstuckin a
nice infinite loop. Ungeheuemwould have probablycalleda halt right after the first recursion,
becausd&earguesthatit is perseimpossibleto know anothempersons PET. ClarkandMarshall
(1981)suggesthatin ordinarycorversation,spealkersandhearersopewith this problemby
a setof heuristics.Whenprocessing definitedescription,spealkrsandhearersassessvhere
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Knowledgesource Exampleandexplanation

COMMUNITY Theluggage(known to Discworld cognoscenti)

MEMBERSHIP htt p://ww. | space. or g/ books/ whos-
who/ | uggage. ht n

CO-PRESENCE

physical Theluggages in ahotelroom. Rincavind asksTwoflower:
“And theluggagereally washesandirons?”

immediate botharelooking attheluggage

potential bothareaboutto enterthe hotelroomandseetheluggage

prior both have just left the hotelroomandseenthe luggage

linguistic

potential WhenRincevind pacled|it] ;,, [the luggage] grunted.
(cataphoriq

prior WhenRincevind leaveswithout[the luggage], [it] ;, is up-
set.
(anaphoriq

Table 2.1. Sourcesof mutual knowledge. In caseyou wondered,Discworld Luggagesare
woodenchestonlegs.

they might know the discourseentity that the descriptionaccessefrom. Clark and Marshall

(1981) namefour sourcesof mutualknowledge,which communitymembershipphysicalco-

presencelinguistic co-presenceand indirect co-presencewhich is a mixture of community
membershipand physicalor linguistic co-presence.Thesesourcesare evaluatedby a set of

heuristics.Table2.1 givesexamplesfor thefirst threesourcesf mutualknowledge® Fromthe

communicatiortheoreticstandpointhatwe have taken, we shouldnot be surprisedhat Clark

andMarshall(1981) managedot morethanjust that, a setof heuristics. Sincespealerscan

never really know the PET of their hearersthey areby the very natureof the communication
processonfinedto assumptionandheuristics.

Whenthe spealer wantsto make surethat the heareraccesseshe right discourseentity,
shehasmary differentstratgiesat herdisposal.But not all spealersareequallycooperatie,
or adeptat finding the right strategyies. Whensuchfailuresoccut thenthatis too badfor the
corversationput excellentfor the analystwho cannow getto work andunearththereasorfor
thesefailures(Brown 1995). Theresultsof Bard, Anderson Sotillo, Aylett, Doherty-Sneddon
andNewlands(2000)on Map Taskdataindicatethatin fact,spealkersaremoreegocentricthan
researcthasassumedofar. Whetherthe referringexpressionspealersproducedwveremore
or lessintelligible notonly depende@n whetherthe discourseentity wasnew to the heareybut
alsoonwhetheiit wasnew to thespealer. Keysar(1997)amguesthatanalystshouldbecautious
with notionssuchascommongroundor mutualknowledge,which aredifficult to model,and
only assumeghemwherethey are neededio explain certainkinds of cooperatre behaiour.
But differencesn referentialstratgjies neednot only be dueto differencesn cooperatiity.
Otherfactorsareage(Light, Capps,SinghandAlbertsonOwens1994,Clang/ 1992,Vion and

5We will meetsimilar taxonomiesof knowledgesourcesagainin Chapter4.3, whenwe discusshow linguists
have classifiedreferringexpressions.
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Colas1999),socialclass(e.g.Hemphill 1989,andthereferencesherein),andlanguage/culture
(Clangy 1980,Pu1995).

2.2.2 Methodological Consequences

We have seenthat from a communicatre point of view, discourseentitiesare dynamically
changingmnentalunitswhicharemoreor lessfixed,dependingpn how deeplythey areanchored
in apersons systenof experiencesherPET We have alsoseerthatit is in principleimpossible
to modelthe PET of somebodyelse exhaustively. Hence,all categoriesthatrely largely on

the PET, or, to putit in alessphilosophicalway, on the mentalstatesof spealer andhearey
are problematic. Theseproblemssurface sharplywhenthesecateyoriesneedto be usedfor

annotatingcorpora.ln suchsituationswe find two maintypesof problems:

1. The annotator lacks knowledgeabout the communication situation. Often,sheknows
little aboutthe particularcontext in which a discoursevasproducedandof course shecannot
peekinto the minds of spealer and heareras they produceand processthe linguistic signs
sheis annotating Although psycholinguistichasdevelopedsophisticate@xperimentaketups
in orderto addresghis problem,thesetime-intensve techniquesare usually not available to
corpusannotatorsyho needto rely ontheir own intuition aslanguageusersandon theirworld
knowledge. As a consequencehe catagjoriesto be annotatedshouldbe asindependentrom
the communicatiorsituationas possible. Recallthat we are dealingwith obsered language,
andthatwe wantto find anddescribepatternsn theseobsenations. The morewe canreduce
thecommunicatiorsituationto afew parametersandthe morecontext we canexclude,theless
do we have to infer andto guessandthe morecanwe reliably obsere. For discourseentities,
somethingthat canbe readily obsened is co-specification.If an annotatorcannotdetermine
co-specificatiorsequencesorrectly it is likely thatshedoesnot understandhe discourse.ln
our work on the BROWN-CoOsPEC-corpus,documentedn Appendix C, we encounteredhis
problema few timeswith argumentatre scholarlytexts which differentiatede.g. betweerthe
“conceptof nationalism”and“nationalism”. Anotherproblemoccursin literary texts whenan
authordeliberatelyleavesthe identity of somepeopleor thingsunclearor whena protagonist
doesnot know thattwo personsareidentical. To solve theseproblemswe would needto index
co-specificatiommelationswith the contexts in which they hold (Wiebe1991). Still, correctco-
specificationrelationsare so fundamentato building an adequatenentalrepresentationf a
text, thatwe cansafely expectannotatorghat know enoughaboutthe subjectmatterto mark
suchsequencereliably.

2. The annotator canonly assignthe annotation categorieson the basisof her PET. This
trivial statemenaccountdor afew interestingobsenations.For example,Teufel(1999)reports
thatalthoughherfirstannotatiorschemdor researclarticleswasstablej.e. sheachiezedahigh
degreeof agreementvith herselfwhenshelabelledthetexts againafterfour weeks thescheme
wasnot reliable: two otherannotatorsvho were not specialisedn discourseanalysisdid not
matchherannotationsvell. Themoreanannotatiorschemamakesuseof cateyoriesthatallow
for awide rangeof slightly differentinterpretationsthelessreliableit is boundto be.

In the context of discourseanalysis,Mann, Matthiesserand Thompson(1992) note that
inter-annotatoagreementor text annotationdasedn RhetoricalStructureTheoryis low. It is
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interestinghatbothschemesTeufel'soriginal schemaandRST, heavily operatawith cateyories
thatdescribehow readersnterpreta partof discoursewhatthey constructhatpartof discourse
to be. Thefollowing quotenicely illustratesthis with categyoriesfrom a setdefinedin (Teufel

1998):

To give anexample we werenotsureabouttheright annotatiorfor thefollowing sentence:
We then showhow different classesof pragmatic inferencescan be captued using this
formalism,andhowour algorithmcomputeshe expectedesultsfor a representativelass
of pragmaticinferences(S-29,9504017)

Is the sentencdo be countedas TopriC, becausé pragmatic inference$ arethe ToriC
of the paper?Or is it the casethat “capturing different classesof pragmaticinference’
is the PROBLEM/PURPOSE? Or shouldthis sentencébe classifiedas SOLUTION, asthe
phrase‘our algorithm computeshe expectedresults could be interpretedasa high level
descriptionof theapproactused?  (italicsin theoriginal, Teufel1999,pagel08)

Is it badif annotatorcannotagreeon annotationsNot really. If the annotatiorstrateies
of theannotatorsanbe provedto be consistentthenthe annotationseflectreasonablystable
categoriesof the annotatorsPET. Hence their annotationsctuallyprovide two kinds of data:
dataabouthow linguistic forms canbe categyorised,anddataaboutinter-individual differences
in the boundarie®f thesecateyories. But stability is a necessarypreconditionfor this type of
analysis.

| donotdery thatreliableannotatiorschemesreveryvaluablefor linguisticresearchOnce
ascheméiasprovedto bereliable,mary annotatorgancollaboratén annotatingargeamounts
of text, which canthenbe collectedinto a large, homogeneousorpus. Reliability is alsocru-
cial if we wantto establish‘gold standarddatasetsfor certaincomputationalinguistic tasks,
suchasWord SenseDisambiguatior(Kilgariff 1998),co-referencannotationHirschmanand
Chinchor1997,Hirschman Robinson BurgerandVilain 1998),anddocumensummarisation
(Teufel, Carlettaand Moens 1999). But that shouldnot leadto cheappolemicagainstthose
researchera/ho analysadiscoursesn depth,trying to guessat the motivationsof spealkersand
hearers.As Brown (1995) haspointedout, suchguessesreinvariably colouredby the ana-
lyst’'s PET (althoughshedid not usethis term). However, this neednot be detrimental aslong
asthe analystis acutelyaware and scrupulouslyhonestaboutthesenecessaryimitations. In
mary sociolinguisticallyorientedstudiessuchas(Tannenl1979,Selting1988),theresearchers
interview the peoplewho wererecordedcarefullyin orderto checktheir intuitions.

2.3 Summary

Along with mary scholarsfrom the humanitiesand somefrom the sciences| assumdhatit
is not possibleto developa comprehensie, mathematicallyrigorousformal modelof commu-
nication. But | alsoassumehatformal methodsare necessaryor describingthe patternsand
structureghat canbe obsened in communicationin a preciseandsuccinctway. Sincemost
of the resultsthat| will presentin the later chaptersof this thesisare quantitatve, statistical
modelsand statisticalanalysef obsered data,l needa perspectie that shavs very clearly
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thelimits of sucha computationabpproachanapproachhathighlightswhatwe losewhenwe
startcountingandstopinterpreting.

Thisis why | took a somavhatunusualperspectie in this chapterthe perspectie of semi-
oticsandcommunicatiortheory Fromthe point of view of Peircearsemiotics,it is perfectly
naturalto distinguishbetweena refeentthat links a sign (here: a referringexpression}o an
objectin theworld, anda discourseentity that connectghat signto othersignsin the process
of semiosis.In Peircearterms,a discourseentity is nothingbut the interpretantof a referring
expression.This is aninterestingsemiotictwist on the usualexplanationof discourseentities
asmentalrepresentationsf whatanaphoricexpressionganreferbackto (Sidner1983).

From a communicatve point of view, discourseentities are an “extra-communicatie”
(Ungeheuerl970/1972b)ormalisationof unitsin the flow of experienceghat spealers and
hearershave in discourse.The boundarief theseunits arefuzzy, andthey areenmeshedn
a web of experiencesvhich constituteseachperson$ personalkexperiencetheory (PET). The
units aredynamic: eachtime they areusedin understandingliscoursethe netof experiences
of whichthey consistchangesver soslightly.

The statusof a discourseentity canbe definedalongtwo dimensions:

the structur e dimension, which stateswhich role anentity playsin the stretchof discoursat
occursin, and

the managementdimension, which providesinformationthatis neededvhenadiscourseen-
tity is initialised,accessedandupdated.

Both dimensionverlap:themorecentralanentityis in thediscoursethe easieiit is to access
thatentity. And both dimensionscanbe labelledwith the term “givenness”:an entity which
is centralto the discourseandwhich canbe accesseavithout any problemsis “given” to both
spealer and hearer and an entity which hasyet to be integratedinto the discoursemodel is
“new”. In Chapter3, | focuson the structuraldimension—Iwill relatethe conceptof entity
statusto othermodelsandconceptghat areusedfor analysingdiscourse:discoursestructure,
topic, andrelevance.The next Chapter 4, relatesthe managemendimensionto previous con-
ceptsin theliterature.
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In this chapterwe will discoverwhatlies behindthe“structuredimension’of entity statusthat
wasintroducedin Chapter2. The structuralstatusof a discourseentity covershow important
thatentity is for the discourse—botlfior its contentandits structure.In thefirst section,3.1, |
describewhatatheoryof structuralentity statusneedgo explicate. Thefollowing sectionge-
lateprevioustheoreticalwork ondiscoursdo structuralentity status.l beginin Section3.2with
the mostfundamentahotion, coherence.Then,| move on to the key theoriesfor explicating
structuralentity statustheoriesof text anddiscoursestructurg(Section3.3). Fromthewealthof
proposals] selectthreethatareimportantin psycholinguisticsand computationalinguistics,
RhetoricalStructureTheory(Mannet al. 1992),GroszandSidners theory(GroszandSidner
1986),andvan Dijk’ s theory(vanDijk 1980). For eachof thesetheories| explain how struc-
tural entity statuscouldbe explicatedin its framework. Finally, | moveto aphenomenothatis
intimately connectedvith therole of adiscourseentity in thediscourseat occursin: topicality
(Section3.4). Section3.5 summariseghe mainconclusions.

3.1 What is Structural Entity Status?

Justasthe conceptof entity statusitself, structuralentity statusis a corvenientconceptual
shortcutfor awhole bagof relatedinformation:

1. In which discoursesegmentsdoesthe entity occur?
2. How is theentity linkedto otherentitiesin thediscourse?
3. How closelyis the entity connectedo the spealer's communicatre intentions?

Therelationbetweerthesethreequestionsthe overarchingquestionjs simply: Whatrole does
thediscourseentity playin thediscoursavhereit is mentionedontraryto establishegbractice
in computationalinguistics,thesequestionsarenot phrasedn termsof mentalor algorithmic
representationdnsteadthe questiongeferto the discoursatself andto the situationin which
thatdiscoursevasproduced.Their wording only assumeshatthe discourseve areanalyzing
canbedescribedat somearbitrarylevel of structure,andthatwe arelooking at aninstanceof
communicatiort. Let usnow considereachof thesequestionsn moredetail.

IRemembethat, contra(Watzlawick, Beavin andJacksorl967),andwith Ungeheuerl do not think thatit is
impossiblenotto communicateFor aresolutionof this triple negation,seeAppendixD.
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Position of the Entity: The simplestway to answerthis questionis to protocolwherethe
entity is mentionedn thetext, in otherwords,to establishco-specificatiorsequencesAs | will
arguein Chapters.4,thisis in factthe bestcorpus-basedperationalisationf entity statusthat
we canget,if we wantreliableresultsthatcanbe processedby statisticalmethodsof analysis.

Quite a few researcherfave aguedthat the threadsthat co-specificatiorsequenceand
similar sequencesf substitutionsveare throughdiscoursearewhat keepsdiscoursetogether
A classicexampleis (Harweg 1979). Harweg went as far as claiming that the syntagmatic
relationshipsbetweenpronominalforms and the expressionghat they substitutesufficiently
characterisawell-formedtext. True, hisinterpretatiorof theterm“pronominalforms” is very
wide; he usedthe termto cover mary kinds of anaphoricaelationships.But his approachcan
be criticisedfrom a morefundamentapoint of view: Why shouldtext linguisticsdefinewell-
formedtexts structurally?More recently Klein andvon Stutterheim(1992) have presentedn
approachto text structurethatis basedon refeential movement If coherencas in the mind
of the readey if it crucially dependson his abilities to make semanticand pragmaticsense
of the locutionaryandillocutionary actsthat arerealisedin a giventext, ase.g. Brandtand
Rosengrer(1992) or Nussbaume(1991) argue, thentexts cannotbe definedpurely via their
structure.This referentialmovement however, is concevedof very broadly It coversnotonly
relationsbetweenanaphorsandtheir sponsorsput alsothe movementthroughtemporaland
spatialcoordinatespacesin thisapproachanaphoriagelationshipsrestill central,but theterm
“anaphora’is givenavery broadinterpretation.

Althoughreferringexpressionshemselesarenotascrucialasstructuralisproposalsnight
imply, they arestill populartoys for researchers discoursepecausehey provide both good
examplesandgooddiagnosticdor localandglobalcoherenceThis attitudeis expresseadicely
in thefollowing quotes:

Justaslinguistic devicesaffect structure sothediscoursesegmentatioraffectstheinterpre-
tation of linguistic expressionsn a discourse.Referringexpressiongprovide the primary
exampleof this effect. (GroszandSidner1986,pagel738)

Eventually understandinghe structuringof discourseshouldallow usto accountor refer

encephenomenan texts.
(Polaryi 1988)

Experimentsandtheoryboth point to a closeconnectiorbetweerreferringexpressionand
discoursestructure.Theresultsof e.g. Marslen-Wison, Levy andKomisarjersky Tyler (1982)
or Vonk, Hustinxand Simons(1992)demonstratéhat spealersandhearergegarddefinitede-
scriptionsas cuesto episodeboundariesvhenthey occurinsteadof pronouns. The mental
representationf narratvesis orientedtowardsthe centralcharactershatoccurin the narratve
(c.f. theoverview in SanfordandGarrod1994).But verifying thatconnectioron a corpusis an
oneroudask. Seggmentingadiscoursanto its partsanddetermininghehierarchicaktructureof
thesepartsis nottrivial (PassonneaandLitman 1993). Althoughtherearea numberof impor-
tantsurfacecuesotherthanreferringexpressionssuchasintonation(Thorsenl985,Hirschbeg
andGrosz1992)or cuephrasegPassonneaandLitman 1997),segmentatiorstill dependgo a
large degreeon theinterpretatiorof theannotatorsThisis well documentedby studiessuchas
(Passonnea998).
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Links to other entities: Suchlinks canbe establisheadn mary levels. The mosttraditional
levelis surelycollocationanalysis.But oncewe have atheoryof thedomainthatourtextscome
from, we candefineschematandscenariosandon the basisof this knowledge,andwe can
predictwhich discourseentitieswill co-occurandwhich bridgeslistenerswill beableto build.

Suchlinks arevery importantfor the managementf discourseentities,aswe will seelaterin

Chapter4. Discourseentitiesthatareconnectedightly to a persons world knowledgeactivate
aweb of relatedknowledgewhenthey getanchoredo the discoursanodel. The moreentities
from a commonsemantidield or scenaricareevoked, the more otherconceptdrom thatfield

areactivated,andtheeasieit becomesor theheareito accomodat@ew discourseentitiesfrom

thesametopic area.

Connectionto Communicative Intentions and “Gist”.  Wheneer linguistsdiscusswhata
discoursecanbe saidto be about,they useoneor both of the termsthemeandtopic. Clearly,

whenwe wantto ascertairhow importantdiscourseentitiesarefor describingthe gist of a dis-
coursewe needto determinevhetherthey have beentopical. Both termshave beenfilled with

contentin a bewildering variety of ways,andbothtermshave tendedto be restrictedto noun
phrases.Giventhat discourseentitiescanbe not only thingsand personsput alsosituations,
actionsconceptspr evenwholescripts,thisform-basedixation seemslittle strangealthough
it is practicalin alanguagesuchasEnglish,wheremostdiscourseentitiesareindeedrealised
asNPs.In Section3.4,1 will attemptto shedsomelight ontheissue.

Outlook: In sum, a theory of structuralentity status,thatis, a theory that explains which
role discourseentitiesplay in structuringand processingdiscourse nheedsto integratethree
contentiousonceptsthatof topic, thatof coherenceandthatof discoursestructurejn asingle
framework. As yet, | have not comeacrosssucha framework. Therefore aspectof structural
entity statuswill be consideredrom the point of view of several differenttheorieshere,all of
which have provedto be usefulfor partsof the (computational)inguisticcommunity

In Section 3.2, | will surwey critically the connection between coherenceand co-
specification.The conclusionwill bethatsincecoherencés constructedargelyin the mindsof
spealer andheareyit relieson a multitude of cues,of which co-specifications but one,albeit
animportantone.

Similarly, discoursestructureis to alarge extentnot obsenable. Despitethesedifficulties,
variousmodelsof it have beenproposed.In Section3.3, | will relatestructuralentity status
to threeof the mostinfluential ones: van Dijk’ s (1980) theory which hasgreatly influenced
psycholinguistiapproacheto discourseGroszandSidners (1986)theory which is the basis
for CenteringTheory (Grosz,Joshiand Weinstein1995), RhetoricalStructureTheory (Mann
andThompsonl988,Mannet al. 1992),which emegedfrom SystemicFunctionalGrammar
(Halliday 1994).

Finally, the morecentralanentity is to the discoursethe morejustified it is to saythatthe
discourses in somesense€‘about” that entity—which leadsus straightto the time-honoured
messof a conceptthatlinguistscall “topic”. Its relationto structuralentity statusis discussed
in Section3.4. We will seethat structuralentity statusprovides an interestinglink between
sentence-kel anddiscourse-leel topics. The main resultsof this chapterare summarisedn
Section3.5.
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3.2 Coherence

Every time a discourseentity is mentionedn a discoursejt shouldberealisedoy anadequate
referringexpression;else,the resultingdiscoursewill be incoherent.This is a centraltenetof
mary scholarswho work on the form of referring expressionsn discourse. But is this role
thatcoherences supposedo play justified?Is coherencenorethanjustreferentialcontinuity?
Whatis coherencearyway?Is it justanemptyfolk-linguistic term(Reboul1997),or canit be
usefulin linguistic research”o me, thesequestionsaresoimportantthatthey warranta small
detourthroughlinguistic (Section3.2.1)andpsycholinguistiqSection3.2.2)theoriesof texture
andcoherenceAn executive summaryis givenin Section3.2.3.

3.2.1 Linguistic Approachesto Coherence

Almost all researcheragreethat coherencas what makesan utteranceor a sequencef ut-
terancesnto atext. Althoughgrammay morphology lexicon, and prosodyprovide meangor
signallingcoherencelinguistsagreethatnonsenseexts which show all necessargurfacecues
to coherencesimply do not cohere—oiif they do, they coherevery loosely Therefore coher
encehasto do somethingwith the meaningof a text. But what coherencexactly is remains
elusie. In scholars'theoriesthis conceptwields considerablénfluence especiallyin theories
of anaphoriaeferencejustificationenoughto take a peekbehindthe veil of thatfundamental
yetfuzzy concept.

Someresearcherappearto make coherenceéhe main criterionfor textuality (Halliday and
Hasanl1976,Schadel.anger Rutzand SichelschmidtL991). But sucha perspectie obscures
morethanit illuminates. No definition of textuality shavs this more clearly thanthe seven
criteriapositedby de BeaugrandendDressler(1981):

cohesion: The surface elementsof a text shouldbe connectedby linguistic means,suchas
anaphorasentenc&onnectes,andsoon.

coherence: The conceptsandrelationsbetweenconceptghat occurin a text shouldbe con-
nectedo eachotherandthey shouldberelevantfor eachothersinterpretation.

intentionality: A text shouldbe producedby the communicatomwith a certainintentionin
mind.

acceptability: A text shouldberelevantto the addresseelf the addresseeannotprocesshe
text adequatelythenthattext is notacceptable.

informativity: A textis supposedo beinformative. De BeaugrandendDresslers concepiof
informatuity relieson probabilitiesandclassicainformationtheory(CoverandThomas
1991): the moreinformative, the lessknown or expected the lesslikely to occurin the
presentontet.

situationality: A text shouldberelevantto the situationit occursin. For example,traffic sign
messageneedto be highly elliptical, lacking cohesionput sincethis is completelyade-
guategiventhatthey needto be processedjuickly, they canstill bereadastexts. If the
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communicatouseshetext to make aspect®f theparticipantsmodelof the communica-
tion situationexplicit, sheis monitoringthe situation,if sheusest to changehesituation
in acertainway, sheis manayingit.

intertextuality: A text is interpretedrelative to othertexts. This resultsin clustersof texts
whichadhereo similartextual corventions text types Thesecorventionsmanifesthem-
selvesin normsandexpectationsabouthow to produceandprocesgexts.

Although that catalogueof seven criteria can be criticised on sereral counts(Heinemann
and Viehweger 1991, Brinker 1997), it makes an extremely useful point: that an addressee
hasmanagedo find connectiondetweenthe meaningof the sentencesf a text, that he has
managedo discover coherenceelationsthatconnecipartsof thetext to others,doesnotimply
thathe hassuccessfullyjunderstoodhattext. Take for examplethe utterance

(3.1) Thewindow is open.
(3.2) It is freezingoutside,

(3.3) andthe cold beginsto seepinto thisroom.

Thetext is perfectlycoherent. The sentencdormedby (3.2) and(3.3) specifiesthe effect
of (3.1),and(3.2) givesthereasorfor (3.3). But if theaddresseef thatwell-formed,coherent
discoursas sitting smuglyin his armchairin front of the blazingfire, while the communicator
standsby the window shivering, he obviously hasnot understoodhe messageat all. Another
good examplewhere pragmaticcorventionsallow us to establishcoherences the following
roadsignexamplefrom (de BeaugrandandDresslerl981,page9, examplel):

(3.4) Slow
Children
At Play

For Halliday and Hasan(1976), coherencas the main criterion of textuality. That a text
coheresis signalledlinguistically by variousmeans. Halliday and Hasan(1976) call those
meanscohesivewhich connectpartsof the text to eachother: referencewhich subsumesur
co-specificationsubstitution ellipsis, conjunction,andlexical cohesionwhich includesrepe-
titions and collocations. More generally cohesionis a relationbetweentwo passagesf text
A, B, whereA is necessaryor theinterpretationof B. In thetext itself, cohesions a process,
becausehe cohesve relationsin atext areinterpretedvhile the addressemterpretshetext.

Since Halliday and Hasanaim to explore languagein use,they cannotdefinecoherence
solelyin termsof theco-text, they alsoneedo takeinto accounthecontet in whichadiscourse
is producedandprocessed.

The conceptof COHESION canthereforebe usefully supplementedby that of REGISTER,
sincethe two togethereffectively definea TEXT: A text is a passag®f discoursewhich
is coherentin thesetwo regards: it is coherentwith respectto the context of situation,
andthereforeconsistenin register; andit is coherentwith respecto itself, andtherefore
cohesie. Neitherof thesetwo conditionsis suficient without the other nor doesthe one
by necessityentailthe other

(Halliday andHasan1976,page23; emphasisn the original)
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A registeris a setof linguistic featureswhich tendsto be usedin certaincommunication
situations. Thesesituationsare not only characterisedby the participants the socialrelations
betweenthe participants,the intention that the communicatorpursueswith the text and the
eventsin which the productionof thetext is embeddedhut alsoby the context of culture (Firth
1950, Malinowski 1923). It is interestingthat most scholarswho quoteHalliday and Hasan
on coheencedo not even mentionregister (andthencriticise themfor failing to explain why
cohesve nonsensgexts fail to cohere).But it is easyto understandvhy. Registerhasa quite
specificmeaninghere. The term is definedusing three basic,complex notionsof systemic
functionaltheory field, mode,andtenor The definition of theseconceptsis in turn rather
abstracandmetaphoricalywhich is not unusuain systemic-functionalinguistics. No wonder
Halliday is difficult to understandvithout somegroundingin systemic-functionalinguistics
andits philosophy The main problemwith the approachasoutlinedin (Halliday and Hasan
1976)is thefocusonlocal coherencgphenomenaBut thenagain,mary systemidunctionalists
areworking on text structure,andat leastone majortheoryof discoursestructure,Rhetorical
StructureTheory (RST, Mannet al. 1992)is rootedin SFL. Thus, if we put the work of
Halliday andHasanin its context, the criticismis againgroundless.

In the systemic-functionahpproachgco-specifications partof oneof five factorscontribut-
ing to cohesionandcohesions oneof the two aspectf coherence Although Halliday and
Hasandiffer from de BeaugrandeandDresslerin thatthey definecoherenceastheir main cri-
terion for textuality, a closercomparisorof the criteria of both shavs thatthe two definitions
actually overlapto a large degree. Intentionality informativity, intertextuality, situationality
andacceptabilityaretaken careof by register The cohesionof Halliday andHasansubsumes
cohesionand,to a certaindegree,the coherencef de Beaugrandend Dresslerif the con-
ceptsthat a text evokescannotbe relatedin any way, it is not possibleto relatesomepartsof
thetext to otherssemantically

Thediscussiorof both(de BeaugrandendDresslerl981)and(Halliday andHasan1976)
pointsto the conclusiornthatcoherencés really a pragmationotion: A text is coherentf thead-
dresseeanconstructa connectiorbetweents parts,andthe easierthatconnections to build,
the more coherenta text is. Fritz (1982) pursueshis ideaonestepfurther He views coher
encerelationsasconnectiondetweenverbalactions(“*sprachlicheHandlungen”).In orderto
establishitheseconnectionsye needlinguistic cues,anunderstandingf the meaningof these
sentencesgndknowledgeof socialcorventionsthatgovernsequencesf verbalactions.Essen-
tially, this view of coherenceloesnot differ greatlyfrom (Halliday andHasan1976),but there
aretwo importantdistinctions:Firstly, Fritz doesnot needthe apparatusf systemic-functional
grammarto statehis conclusionsand secondly his reformulationin termsof verbal actions
shiftsthe mainattentionfrom the analysisof written text to the analysisof spolenlanguagelt
alsoprovidesa morecornvenientinterfaceto sociolinguistics.

Hobbs(1979) describecoherencdrom the perspectre of planningandgoals. This per
spectve is very valuablefor discoursegenerationsinceit helpsdescribewvhy the communica-
tor chosewhich coherenceelationsbetweenext passageddobbsdistinguisheghreelevelsof
planning:the deepestevel, wheregoalsfor communicatioraresetanddividedinto subgoals,
the level of coherencewherethe communicatosstructuresher messageothatit will achieve
the desiredeffects,andthe sentencédevel, wherethe communicatofinally verbalisesvhatshe
intendsto say Thislastlevel alsoincludes‘the appropriatedescriptionf entitiesandevents”
(Hobbs1979,page88). In this framework, entity statuswould be computedon the coherence



28 3 The Dimensionof Structure

level, sothatit is availableto the sentence-kel algorithmfor generatingeferringexpression.
Whatis sointerestingaboutHobbs’ approachs not this three-layerschemehowever, but the
strongrole thatplanning,andwith planning,intentionality playsin determiningcoherence.

3.2.2 PsycholinguisticPerspectveson Coherence

Hobbs’ accountfocuseson producingcoherentdiscourse. Most of psycholinguisticspn the
otherhand,hasconcentratedn how coherentliscourseas processedSchadeet al. 1991).The
basicheuristichereis: themoredifficult atext is to procesgor anaddresseg¢hemoreproblems
he hasin establishingconnectiondetweerthetext’s parts,andthelesscoherenthetext.

Whatthebasisfor theseconnectionsnight beis not quiteclear(Harley 1995,Schadeet al.
1991). Two approacheappearo beratherpopular Mental Models(Johnson-Lairdt983)and
the Construction-Intgrationmodelof Kintsch (1988).In the MentalModelsapproachthe ad-
dresseeontinouslyupdatesa discoursemodelasnew linguistic signscomein. This discourse
modelis a dynamicrepresentatiorof the entitiesand eventsthat are mentionedin the text.
On the basisof their previous knowledgeabouttheseentitiesand events,addresseesaninfer
informationwhich is not explicitly presentn thetext. Cognitively, both explicit andinferred
informationis closelyintegrated,so that after a while, addresseelave trouble distinguishing
betweennferenceghey have dravn andwhatthey have actuallyreadin atext (Hormannl1979).
This shawvs just how firmly addresseesanintegratetheir interpretatiorof a text into their sys-
temof experiencestheir personakxperienceheory asungeheuewould call it (c.f. Appendix
D). Therearetwo waysof dealingwith incoherence Either a new discoursemodelis con-
structedpr theinformationis merelyrepresente@ropositionally withoutintegratingit into the
model.

In the approachof van Dijk andKintsch (1983)(seealsovanDijk 1980,Kintschandvan
Dijk 1978),which wasthe basisfor the morerecentConstruction/Intgrationmodel (Kintsch
1988),propositionsarenot integratedinto modelswhosestructurerepresenthat of real-world
events.Instead KintschandvanDijk positafar moreabstracstructure which wasdeveloped
by van Dijk (1972)for the analysisof texts in termsof a generatre grammar This structure
consistsof four levels of representation Atomic propositionspopulatethe first level. These
arein turn hierarchicallyembeddednto complex propositionswhich form the secondevel.
Thesecomple propositionsare linked on the level of local coheencein a graph. Taken to-
getherall propositionghatarecontainedn atext form thetext-base The propositionghatare
explicitly statedin thetext aretheimplicit partof thattext base.They arecompletedby addi-
tional propositionsgnferredfrom world knowledgeto form the final explicit text base(explicit
= explicated).

Onthethird level, the level of maciostructue, all propositionsof a text areintegratedinto
acoherenwhole. Macrostructuresepresenhow the meaningof a completetext is structured.
Indeed for vanDijk (1980,Section2.3.1),textsaredefinedasonly thosesequencesf sentences
thathave a macrostructure Macrostructuremeednot be restrictedto the semantidevel; (van
Dijk 1980,Section3.4.12)explicitly extendstheconcepto structuredsequencesf speeclacts.
Onthefourth andfinal level, we have supestructuies While (semanticmacrostructuresene
to describewvhatatext is about,superstructuredescribehow thattext is organisedIn thisway,
they representhe highestievel on which coherenceanbe established.
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The currentversionof the Construction-Intgrationmodelimplementsa connectionisap-
proachto coherenceKintsch(1988)assumethatknowledgeis notorganisedria fixedschemas
or scripts,but asa connectionishetwork. Theunitsof thatnetwork correspondo storedpropo-
sitions.Incomingdiscoursas analyzedasfollows:

1. representhetext by propositionsThis translations mandatory

2. elaborateon the propositions For eachof the propositionsit is checledfor which nodes
from the generaknowledgenetit senesasaretrieval cue. This processs undirected.

3. generatadditionalinferencesin this step,macropropositionareretrievedthatform part
of themacrostructuresf the original model;thisis alsowherebridgingis saidto occur

4. assignconnectionveightsto the new connectiongrom the new propositionunitsto the
text base.

Thisis theconstructiorphaseln theintegration phasethesenew unitsarethenintegratedinto
theknowledgenetwork by repeatedyclesof spreadingctivationandrenormalisatioralongthe
connectionsn the net. If the netdoesnot manageo stabilise,we go backto the construction
phaseandinsertadditionalpropositions.

Both Construction-Intgrationtheory and Mental Models provide us with a view of both
localandglobalcoherenceWhenatext is locally coherentthe addresseeanintegrateincom-
ing linguistic signsmore quickly into the analogicaldiscoursemodel/ complex hierarchical
structurethat he usesto procesghe currentdiscourse.While the Mental Model approachis
computationoriented,giving a proceduralaccountof how meaningis constructedthe struc-
tural approachprovidesan interestingbridge betweensemioticandliterary theoriesof text on
theonehand,andpsycholinguistitheoriesof processingnthe other

Both approacheemphasisehat somethinglik e referentialcontinuity is crucial for coher
ence. In the original (Kintsch and van Dijk 1978) paperthatis the earliestcommonlycited
referenceon the Construction-Intgrationmodel,referentialcoherenceneanghatoneandthe
sameargumentrepeatedlyappearsn the propositionsthat are constructedduring processing.
Although they make it very clearthat referentialcoherences not the only way to establisha
coherentext, it is the mostimportantof the criteriathey define.In that paperthey defineref-
erentialcoherencasmereargumentoverlap:two propositionsoheref they shareatleastone
argument.For Johnson-Laird1983,page250),referringexpressionareoneof thethreekinds
of inputfor procedureshatoperateon mentaldiscoursemodels the othertwo are“the context
asrepresenteth the currentmentalmodel,andthe backgrouncknowledgethatis triggeredby
thesentencé.

Schadeet al. (1991)have gonea stepfurtherand proposeda system-theoretiaccountof
coherence Both communicatoandaddresseéelongto onelarge communicatingsystem. If
atext is to be coherentpoth subsystemghat of the communicatoandthat of the addressee,
mustbein a stablestate. The stateof all subsystemvolvedin communicatiorchangesly-
namicallyasa discoursds processedby the addresseandproducedoy the communicatar A
text is saidto be coherentf andonly if it doesnot causeary of the subsystemshat produce
or processt to enteraninstable,incoherentstate. Coherencesa propertyof texts is termed
“Objektkoharenz’(objectcoherence)goherencesa propertyof text receptionandproduction
is termed‘Prozel3loharenz”(procesoherence)Applicationsof this conceptcanbefoundin
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(Rickheit1991). The mainadwantageof this view is thatit relatescoherencdothto how texts
areproducedandto how texts areinterpreted. The basicassumptiorbehindthis approacho
coherences thathumancommunicatiorcanbe modelledusingthe apparatu®f mathematical
systemsheory and non-lineardynamics. In principle, thereis nothingwrong with that; the
approachhasprovedto be very usefulin understanding—anih shaving the limits of under
standing— large-scalecomplex systemsHowever, | seebotha mathematicahndaconceptual
problemhere.The mathematicaproblemcomesnto play whenthevariableghatenterinto the
modelcannotbe definedin termsof realnumbersary more. Therelationbetweendiscretecat-
egoriesandcontinuousvariablesn non-lineardynamicsdoesnot appeato bewell-understood
(Leopold1998). The conceptuaprobleml seeis thatthe communicatiorsystemis reducedo
that of the communicatorandthat of the addresseeAs far as| cansee,the socialsystemsof
which botharepartcanonly enterinto the currentmodelin theform of parametesettings Al-
thoughthe systemtheoreticabpproactcanbe extendedo socialsystemsaswell, theresulting
setsof equationsvould be monstruouslycomplex. Therefore gvenif we do manageo derive
a setof mathematicaéquationdor describingthe processesf coherencesolvingthemmight
still be sodifficult thatwe needto resortto simulationsandshortcuts.

3.2.3 Summary

For thepurpose®f thisthesis] will thereforenotadoptasystems-theoretigerspectie. Rather
| will returnto themodelof communicatiordescribedn AppendixD. If weaccepthatcommu-
nicationis anaction,thenthe bestwayto describehow adiscoursecoheress via theintentions
of spealer andhearer This high-level pragmaticapproachreminiscenof the solutionof (Fritz
1982)

e coverscoherencean written aswell asin spoken language asthe speechact theoretic
analyse®f vanDijk (1980)andtheresultsof Fritz (1982)showv

e takesboththecommunicators andtheaddresseeperspectieinto account.Thecommu-
nicatorstructureghe sequencef signsthatshewill produceaccordingto theintentions
shepursuesn communicationandthe addresse@terpretsthe signsthat the commu-
nicatorhasproducedon the basisof the working hypothesighatall signscontribute in
someway or anotherto the intentionbehindthe communicatoss action,andthat these
signscanthereforeberelatedto oneanotherin someway.

e emphasisethatcoherenceés aprocessThisis implicit in ourdynamicmodelof commu-
nication.Eachproductionandeachinterpretatiorof asignis highly individual,adynamic
procesghat cannever be repeatedxactly, becauset changedhe individual systemof
experience®f eachparticipantin subtleyetindelibleways.

To sumup, we have seenthat classicaltext linguistic approacheso coherenceand cohesion
shawvs thatcoherencas itself multi-faceted andthat co-specificatiorsequenceareoneof the
meansof establishingcohesionsurfaceindicatorsof coherencePsycholinguisticdesearchas
shawvn that althoughco-specificationis one cue to coherenceamongmary, it is often very
importantfor easeof processing.Correctly specifieddiscourseentitieswhich communicators
keepcomingbackto duringa discoursegreatlyhelpaddressee® stringmoreor lessdisparate
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setsof utterancegogether A moredetailedlook at how coherences establishedshaows that

much dependn the communicatiorsituationand on the systemof experiencesof spealers
andhearers.Structuralentity statusis thusa matterof how centralspealkersandhearergudge

an entity to be, anda matterof the intentionswith which they produceandprocesdanguage.
Entity statusclearly contributesto cohesiorbecausét influenceshow expressionghatspecify
adiscourseentity arecodedinguistically. Butit is nottheuniversalkey to coherenceNow that

we have clarifiedthis point, let usreturnto structuralentity statusproper:how canwe describe
therole thata givendiscourseentity playsin adiscourse?

3.3 DiscourseStructur e

In thissectionwe will examinetherelationbetweerentity statusanddiscoursestructure.l have
claimedin Chapter2 thatentity statusdescribesn atheory-independentay whattheoriesneed
to explicate. Thefollowing pagessubstantiat¢hatclaim: For threemajortheoriesof discourse
structure,the theory of (van Dijk 1980) (Section3.3.1), RhetoricalStructureTheory (Mann
et al. 1992)(Section3.3.2),andthetheoryof (GroszandSidner1986)(Section3.3.3), shav
how to definestructuralentity statusin termsof thattheory?

3.3.1 VanDijk: Micro-, Macro-, Superstructure

We have alreadyencounteredran Dijk’ s theoryin section3.2.2whenwe discussedhe way it
modelledcoherencelt appearut of dateto discusssucha venerablegheoryhere,especially
sincemoderncomputationalinguisticslargely ignoresit. But modernpsycholinguisticsloes
not: In its 1983applicationto discoursecomprehension(vanDijk andKintsch1983),it is one
of the undisputectlassicsof thefield, and,judging from morerecentwork by Walter Kintsch
(1988,1993,1994,1995),still very muchalive.

In thestructuralframevork of vanDijk, discourseentitiescanbe concevedof asaguments
of propositions both atomicandcomplex. This explainsthe large ontologicalvariety of dis-
courseentities: the agumentsof complex propositionscan be propositionsthemseles, and
they can—in principle—bearbitrarily complex. To definestructuralentity statusin termsof
van Dijk’ s theoryis straightforward. Let me give the definition guidedby the questiongrom
Section3.1:

1. In which discousesggmentsdoesthe entityoccur?
Theentity is realised eitherimplicitly or explicitly, everytime it occursasthe agument
of a proposition. If we assigneachpropositiona uniqueidentifier, this propertywould
reduceto thelist of theidentifiersof all propositionghattheentity occurredn. Whenwe
wantto determinehow the segmentsin which the entity occursarelinked, we just need

2Sincetherearemary competingapproacheso discoursestructurejt would be beyondthe scopeof this thesis
to compareandevaluatethemall. If | wereto formalisestructuralentity statusin termsof dynamicsemantics|
would needto considerothermodels,suchasthe QuestionsunderDiscussionof (Ginzhburg 1996)for dialogue,
therhetoricalrelationsbetweendiscoursaepresentatiostructuresof (Asher1993),or the tree-based.inguistic
DiscourseModel of Polaryi (1988).
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to determinethe placeof the propositionsn which the entity occursin the macro-andin
the superstructure.

2. How s theentitylinkedto otherentitiesin thediscouse?
Entitiesarelinkedby the propositionghey have occurredn together This canbetracked
by lists which statefor eachentity e; thathasco-occurredvith anentity e; how oftenthe
two have beenagumentsof the sameproposition.If oneassumeshatthe agumentsof
thepropositionsaresorted onecouldalsoaddinformationaboutthe respectie sortof e;
ande,.

3. How closelyis the entity connectedo the spealer's communicativententions? Is it
part of the gist of the discousse of whatthe discourseis all about? Sincethe theory
doesnot explicitly model spealer intentions,exceptin pragmaticmacrostructureshe
first questionis difficult to answer The second,n contrast,is easy:sincethe semantic
macrostructureepresentshe gist of the text, a discourseentity is partof thegistiff it is
partof thatmacrostructure.

In practice,this analysisis not aseasyasit seems.Although methodsfor text analysishave
beendevelopedthatrely on Kintsch/van Dijk-style propositions(Friih 1998),analysinga text
into its constituenfpropositionsand determiningthe appropriatemacro-and superstructures
anarduougask.

3.3.2 Rhetorical Structure Theory

RSTmodelstext structureby coherenceelationsbetweerpartsof atext. Thesepartsarecalled
text spans After the analysis the completeweb of relationsshouldprovide a functionalview
of the hierarchicalbrganisatiorof thetext. Thestructureshouldcoverall clausef thetext. At
its top, thereshouldbe onemainrelationthatcoversthe completetext. A detailedexamplefor
aRSTanalysigs providedin (Mannet al. 1992).

Rhetoricalrelationsaredescribedy schemataTheseschematdist the text spanghatare
connectedy the relationandthe way in which they arerelated. All schemataare function-
oriented they describethe work they [= text spansM.W.] doin achierzing the goalsfor which
the text waswritten” (Mann and Thompsonl1987,page82). In otherwords, RST intendsto
describehow a writer hasstructuredhertext in orderto achieve a communicatre goal, how
theinformationin atext is organised.Rhetoricsandargumentatiortheorypursuesimilar aims
(Ungeheuerl974/1987bToulmin 1958), hencethe termsrhetorical relationsand Rhetorical
StructureTheory Typically, a schemainvolvestwo text spans:a nucleusanda satellite. A
readerneedsthe nucleusin orderto determinewhy the satellite occursin the text, but not
the otherway around. Othertypesof schematayhich may also involve multiple nuclei, are
discussedn (Mannand Thompsonl988,Mannet al. 1992). A sampleanalysisis presented
in Figure3.1, takenfrom (MoserandMoore 1996, Figure3). For a moreformal definition of
theunderlyingrelations,see(Mannet al. 1992). Whatthe smallestunit of analysisshouldbe
dependsargely ontheanalyst.

Fox (1987)investigatechow rhetoricalstructureinfluencespronominalisationgoncentrat-
ing on singularthird-persorreferenceso persons Shefoundthatseveralconspicuoupatterns
in herdata,which consistsof both multi-party corversationsandwritten expositoryprose,can
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a-b a-b
a b a b
Intentional Perspective Informational Perspective

‘ Discourse{a) Comehomeby five o’clock.(b) Thenwe cango to the storebeforeit closes+

Figure 3.1. Two RST Analysesof the SameDiscourse. Source: (Moserand Moore 1996,
Figure3)

bestbe explainedin termsof discoursestructure.Incidentally sheusedthe fine-grainedRST
analysisonly for written languagefor speechsheappliedcornversationanalysis becausehis
methodis more suitablefor the analysisof dialogues® As of (Mannet al. 1992),the appli-
cationof RST, which hasbeendevelopedmainly on shortwritten texts, to dialogueis still an
openresearchproblem. Although Fox’ versionof RSTis basedon an earlierversionof RST,
herresultssubstantiallystill hold. Fox consistentlyusespropositionsasunits of analysis.For
written expositoryprose shefound:

A pronouncanbeusedto referto a personf thereis apreviousmentionof thatpersonin a
propositionthatis active or controlling; otherwisea full NP is used.
(Fox 1987,pagel39)

An activepropositionis a propositionwhosepartnerin arhetoricalrelationis currentlybe-
ing processed.This merely meansthat the antecedentf the pronounoccursin the previous
proposition,a resultwhich confirmsdistance-baseteuristicssuchasthat of (Givon 1983a).
Propositionsarecontrolling aslong astheir partnerin arhetoricalstructureis active. In partic-
ular, this meanghatthe propositionwhich containsthe antecedentot necessarilyneedso be
adjacento the propositionthat containsthe anaphorigoronoun. A specialcaseof controlling
propositionsarecreatedoy returnpops Returnpopscloseoff anembeddedliscoursesegment
andreturnto a higherlevel segment.Fox foundthatin written prose pronounswvereonly used
in returnpopsif the embeddedementwaseithervery smallor if the entity thatthe pronoun
specifiesvasmentionedn the embeddedegment,aswell. A purelydistance-basetheoryof
pronominalisatiorcanonly accountfor the seconcdcase put not for thefirst.

Fox’ resultsshov which aspect®f rhetoricalrelationsshouldgo into adescriptiorof struc-
tural entity status. As in the StructureTheoryof (van Dijk andKintsch 1983),the structural
statusof an entity dependsn the role of the propositionsit occursin. On this basis,we can
now explicatestructuralentity statusin termsof RST.

1. In which discousesggmentgdoesthe entity occur?
Locatethe propositionsvherethe entity occursin the treeformedby therhetoricalrela-
tions. The seggmentsn which the entity occursareconnectedy rhetoricalrelations.

3How RSTcanbeextendedo speechin particulardialoguesis still anopenquestion.
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2. How s the entitylinkedto otherentitiesin thediscouse?
Explicit links areonly specifiedbetweerpropositions Without a moredetailedmodelof
therole of entitiesin propositionssuchasconceptuastructure(Jaclkendof 1992),all we
canstateis which entitiesco-occurwith which, both within a propositionandwithin a
rhetoricalrelation.

3. Howcloselyis the entity connectedo the spealer’'s communicativéntentions?
Modelling the intentions of a spealer is a problem for RST (Moore and Pollack
1993,MoserandMoore 1996). RST relationscancorrespondo bothinformationaland
intentionalfunctions.For example,the MOTIVATION relationin Figure3.1is intentional:
the communicatomwantsto motivatethe addresse#& do something.On the otherhand,
sentencéa) is aconditionfor (b) to happen.Therelationis clearlyinformational.Moore
andPollack(1993)amguethatinformationalandintentionalrelationsshouldnot be con-
flated on the samelevel of structuraldescriptiont As a potentialremedy Moser and
Moore(1996)suggesthattheintentionalstructureof GroszandSidner(1986),discussed
below, shouldbe usedfor representinghe intentionallevel, while RST shouldbe con-
finedto theinformationalone.

Is it part of the gist of the discourse of whatthediscousseis all about?

This questions easyto answer We just needto determineéhow the propositionsn which
the entity occursarerelatedto the highest-l@el rhetoricalrelationsin thetext. Theidea
is thatthe rhetoricalrelationswhich connectthe largesttext spansprovide a brief sum-
mary of the main aim and contentof the text. Marcu (1999) proposesa summarisation
algorithmthatexploits the nucleus-satelliteelationshipsf RST.

Recently CristeaandIde (Cristea,lde and Romary1998,Ide and Cristea2000, Cristea,lde,
Marcu and Tablan2000) have proposeda new theoryfor derving co-specificatiorsequences
from text, Veins Theory The ideabehindthis theoryis to restrictthe searchspacefor the
antecedentsf anaphoricexpressionsbe they pronounsor full NPs, on the basisof discourse
structuremoreprecisely RST. The domainwhich containsall permittedantecedents called
the domainof accessibility This domainis describedby veins A formal definition of this
notionis givenin (Cristeaet al. 1998). Informally, discourseentitiesthatwerementionedn a
nucleusremainaccessibleaintil thatnucleusbecomegpartof a unit thatfunctionsasa satellite.
Theintuition behindthis, alreadyexploited by Marcu(1999),is thattheinformationin nuclear
unitsis morecentratthanthatin satellites Nuclearunitsalsohave accesso their left siblings.In
themodelof (GroszandSidner1986),onthecontrary sibling discoursesegmentshave distinct
focusspacesvhich arenot visible to eachother Therefore,ananaphoraesolutionalgorithm
thatonly looksfor antecedent availablefocusspacesvould beatalosswhentheantecedent
of ananaphoiis in suchasibling. Veins Theoryallows to overcomethat restriction(lde and
Cristea2000).VeinsTheoryis essentiallya formalisationof whatl have calledstructuralentity
statusin RSTterms;it exploits the constraintghatRST placeson discoursestructure(orderof
siblingsin tree,distinctionbetweemuclei andsatellites)asfar aspossible.However, | doubt
whetherit is alsoan adequatenodelof how discourseentitiesare managed for thatpurpose,

4Incidentally becausenostRST relationsareinformationalandnot intentional,it hasbeensuggestedy sys-
temic funcionaliststhat the theory be renamedogical structuretheory (Hasanand Fries 1995a). In systemic
functionaltheory thelevel of semanticshatinformationalrelationsaredefinedonis calledthelogical level.
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cachemechanismsuchasthoseproposedy Walker (2000) may alsobe necessaryAnother
problemwith VeinsTheoryis thatsinceRST allows multiple analysef the samediscourse,
ary implementatiorof thetheoryneedsadditionalwell-formednesgonstraint®nthediscourse
treesproducedMarcu1997).

Summary and Evaluation: In spiteof its analyticalpower and extensve empiricaltesting,
RSTis by no meansa perfectanalysistool. Two problemshave alreadybeenmentionedn the
precedingparagraphesits limited applicability to dialogue,andthe conflationof informational
andintentionalstructure. But thereare two even more fundamentaproblemswith the rela-
tions andtheir definitions: Firstly, the namedor the rhetoricalrelationsare sometimesighly
metaphoricalasthefollowing quoteshows:

Theelaboratiorrelationis particularlyversatile.An informal characterisatiors:
Elaboration:asatellitetext spansupplementthenucleartext sparwith oneof thefollowing
kindsof detail:

set: member

abstraction instance

whole: part

process step

object: attribute

generalisation specific

o g ks wbd P

(MannandThompsornl987,page86)

No wonderthat mary researchergeel the needfor more specificrelationswith morere-
stricteddefinitions. Due to a tendeng to tailor rhetoricalrelationsto the needsof the system
wherethey areused(mostly for text generation)the numberof RSTtyperelationhadalready
grown to morethan 400 in 1993 (Maier and Hovy 1993). Mann and Thompsonrepeatedly
stresghatthefundamentasetof relationsis small(MannandThompson(1987)count25 basic
schemes}hey statethatthenumberof relationss in principleopen-endedandthattheir defini-
tionsareculture-specificSandersSpoorerandNoordman(1992)arguethatthis proliferation
of coherenceelationsis psychologicallyunrealistic.They proposeo modelthesetof relations
thatpeoplerecognisan texts by alimited numberof features Knott andSanderg1998)found
thattherelationsuncoveredby this methodologyargely overlapwith relationsthatwerefound
by arigorouscorpusanalysisof connectves(Knott 1996).

The secondmain problemis thatseveralrhethoricalrelationscanapplyto a stretchof text
dependingon how the annotatorinterpretsit (Marcu1997). Thus,it is perfectly possiblethat
oneannotatolanalyzeghediscoursan Figure3.1usingMOTIVATION, andanotherusingCoN-
DITION, aslong asbothannotatordeel thatthe labelis bestsuitedto their readingof thetext.

To sumup, althoughFox (1987)hasshownn that patternsof rhetoricalrelationscanexplain
somepronominalisatiorpatterngyuitewell, thereareenoughproblemswith RST asit standgo
castdoubtson whetherRST is indeedan adequate@pproactto analyzingcoherenceelations.
Moreover, asFox’ resultson conversationshaw, thefine level of detailthatRST offersmay not
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alwaysbe necessarySometimesit is sufficient to have anideaof wherediscoursesegments
begin andend,andhow they are nested.We will discover a theorythatis mainly concerned
with therelationsbetweerdiscoursesggmentsn the following section.

3.3.3 Grosz& Sidner: Attention and Intention

Groszand Sidner(1986) proposea theory of discoursestructurewith threelevels: linguistic
structure,intentionalstructure and attentionalstate. Their startingquestionis: whatmakesa
discoursehangtogether?n their paper they integrateGrosz’ work on task-orientedlialogues
with Sidnerswork onfocusingto yield atheorythatis intendedto cover awide rangeof types
of discourse With regardto coverage ,GroszandSidneraremoreambitiousthanRST, which
startedsmallwith shorteditedtexts (MannandThompsoril987),but whenit comego defining
structuresaandrelationsbetweerthem,their framewvork is muchmoresparse.

The linguistic structureis the basis. It consistsof utteranceswhich in turn are structured
into discoursesegments.Groszand Sidner(1986) assumehat discoursesegmentscanbe de-
terminedreliably: subjectghatsegmentthe samediscoursewill placethe boundariedetween
roughly the sameutterance. Passonneaand Litman (1993) confirm that intuition, although
roughis indeedthe correcttermfor thelevel of agreementhatthey found. Many boundariesn
their datawereonly markedby oneor two subjectsput therewerealsoa numberof boundaries
on which mostsubjectsagreed. Overall, the level of agreemenbn a boundarytendedto be
eithervery high (mostof the subjectshad detectedt), or very low (only oneor two subjects
sav a boundarythere). This shavs that someboundariesandhencesomesegmentsare more
easyto recognisghanothers.

But whatmakesa string of utterancegoherent®GroszandSidners answelis: Becausdhe
communicatompursuesa — preferablysingle—intentionwith that segment. They argue that
only intentionsprovide a sufficiently rich basisfor explainingwhy a discourses structuredas
it is. It is not possibleto describediscoursewith a fixed numberof semantiaelations. Each
discoursesegment(DS) is characterisethy onemainintention,the discousesegmentpurpose
(DSP).To determinea DSPis to specifywhat exactly is beingintendedoy whom. The DSPs
areconnectedy two structuralrelations,dominanceandsatisfiction-precedencé discourse
seggmentpurposeDSP1of a discoursesggmentDS1 dominateghe discourseseggmentpurpose
DSP2of anothesggmentDS2,if DSP2contributesto achiering DSP1.Satishction-precedence
is motivatedby the analysisof task-orientedlialogue.If DSP1mustbe achieved (or, in Grosz
andSidnersterms,satisfiedbeforeDSP2 thenDSP1satisfaction-pecedeSP2.

The attentionalstateis the componenbf the modelwhich hasperhapseceved the most
attentionin the literature,not leastbecausat is the basisof CenteringTheory (Groszet al.
1995). The attentionalstatemodelsthe participants’focusof attention.lt is dynamic;it keeps
changingas the discourseprogresses.Attentional stateis modelledby a sequencef focus
spaces which, togethey form the focusingstructure. A focus spacecontainsall properties,
objects,andrelationsin a discoursesegment. To put it the otherway around,eachdiscourse
seggmenthasits own focus spacewhich is continuouslyfilled while the segmentis produced
or processed.After a discoursesggmenthasbeenfinished, its focus spaceis removed from
the focusingstructure. That structureis realisedasa stack: lastin, first out. Accordingly, the
operationthatremovesa focusspacefrom the stackafterit hasbeencompleteds calledpop,
andthe operationthat createsa new focusspaceon the stackasa segmentis openeds called
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push If anew sggmentsS, is openedwithin anotheriscoursesggmentsS,, thenthefocusspace
of S; is not poppedfrom the focus stack. Instead,the focus spaceof S, is poppedonto that
of S,. Whenthefocusspaceof S, is poppedoff, becauses, hasbeenclosed,the spaceof S;
movesto thetop again.Thisis calledareturnpop.

Attentional structureis the level at which entity statuscomesinto play. Let usreconsider
ourthreequestionsagain:

1. In which discousesggmentddoesthe entity occur? How often?Whee exactly?
An entity occursin a discoursesegmentif it appearsn the focusspaceof thatsegment.
Its statuswithin that segmentchangeslynamically;theselocal changesare tracked by
the centerlist. Roughly a centercorresponds$o a discourseentity thata pronounin the
currentutterancecanspecify

2. How s theentitylinkedto otherentitiesin thediscouse?
The GStheoryprovidesdataaboutthe segmentsin which the entitiesco-occur andhow
oftenthey have beenin thefocusspacetogether Otherfactorssuchasthethematicrole
or thegrammaticafunctionof the expressionsghatspecifythe entitiesarealsoavailable,
becausehey areneededo computethe orderof the list of forward-lookingcentersfor
Centeringtheassociatetheoryof local coherence.

3. How closelyis the entity connectedo the spealer’'s communicativéntentions?
Sincethewholedescriptionof discoursestructurethatGS provide is intention-basedhe
answeris straightforvard: analyzethe DSPsof the segmentsin which the entity occurs
andtheirrelationsbothto eachotherandto DP, the purposeof the completediscourse.
Is it part of the gist of thediscoursg of whatthediscousseis all about?
GroszandSidneroffer avery interestingtake on the old notion of “topic™:

It appearghatmary of the descriptionof sentenceopic correspondthoughnot al-
ways)to centerswhile discoursdopic correspondso the DSPof a sggmentor of the
discourse. (GroszandSidner1986,pagel92)

Accordingto this quote,discourseentitiescanonly be sentenceopics. However, if they
occurin the DS whoseDSPrepresentshe discourseopic, andif they aretopicalin that
DS, they really areimportantfor describingthe gist of the discourse.As we will see
below (Section3.4), this distinction makes more sensethan frantically looking for NP
discoursdopicswheretherearenone.

The GS model hasbeenvery influential. In the literature on referring expressionsit is
almostalwaysmerelyintroducedasthe backdropof CenteringTheory which is discussedn
more detail in Section4.3.2. But Centeringis just concernedwith local coherencanside a
discoursesegment. The aspecbf global coherencénasbeenratherneglected. Oneof therare
exceptionsare (Hitzemanand Poesiol1998). They examinehow the focus stack(not just the
currentfocus space)canbe usedto resole long-distancepronouns. Walker (1998) proposes
to replacethe hierarchicafocusstackstructurewith a cache which storesthe lastsevenor so
discourseentities. Shemotivatesthis additionaldatastructureby analyseof returnpopsand
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pronominalcoreferenceacrossdiscoursesggmentboundaries. Although she may be correct
in thatthe additionalmachineryof discoursesegmentsandtheir focus stackis not neededn
orderto explain pronominalisationthis argumentis not sufficient to discardthe whole theory
of discoursesggmentsandfocusspacesAfter all, theremustbe othertestbedsfor theoriesof
discoursestructurethanthe well-worn stapleof pronounresolution.

3.3.4 Summary

UndoubtedlyGroszandSidnerhave developedavery powerful theory albeitdifficult to imple-
mentandannotateThisis notsurprising:recognizingntentionsin discourses hard.However,
asSection3.2hasshawn, intentionalstructureas extremelyimportantfor establishingandmain-
tainingcoherenceTherefore asaformal approacho globalcoherencethe GSmodelappears
to be on the right track. The discussionof RST in Section3.3.2 hasshavn that Groszand
Sidnersresenesagainstafixedsetof discourseelationsandindeedagainstary purelyseman-
tically motivatedrelationsarejustified. Still, for the purpose®f text analysistext generationa
moredetailedtaxonomyof coherenceelationsis indispensable.

RST providesa tried andtestedframenork for analyzingdiscoursen termsof coherence
relations.However, mereinformationalcoherenceelationsarenot sufficient; we do needsome
information aboutintentional structureif we are to analysemore than short prosetexts. A
crucial problemwith RST is that the relationsare highly metaphorical,and thereforemary
definitionsarejust notclear A goodtheoryshouldbeeasyto extendto discourseandit should
alsobeeasyto relateto the schematahatmary analystshave foundusefulin cognitive science
(Schank1977). As to the numberof relations,| doubtwhetherpsycholinguisticevidencecan
uncover a fixed, small setof relationswhich governthe way humansinterpretcoherenttext.
From a communicationtheoreticpoint of view, it appearsighly plausiblethat connections
which establishcoherenceare madeup and adaptedon the fly. Althoughthereare common
schematawhich are slightly modified eachtime they are usedto processtexts, peopleare
flexible enoughto createnew relationsonthefly if theseschematahouldfail them.

Structuralentity statusneededo be explicatedslightly differentlyfor eachof the theories.
Sinceboth Fox-styleRST andvan Dijk assumehatthe smallestunit is the proposition,it fol-
lows thatstructuralentity statusmustbe computedrom the placeof anentity in the hierarchy
of propositionsdefinedby the discoursestructure. Groszand Sidner on the otherhand,con-
centrateon discoursesegments.Structuralentity statuss largely takencareof by aspecialdata
structure the focus stack. The position of an entity on this stackandits relative salienceare
the main parametershatneedto be stored.But in fact,whatwe needis a meger of thosetwo
kindsof information.We needto know boththerole of the proposition(or the utterance)n the
discourseandthe positionof the entity on thefocusstack.We getbothkinds of informationin
thememgeddiscourseheorythatMoserandMoore (1996)describe Ultimately, anintegration
of coherenceelationswith theintentionalmodelof GroszandSidneralthoughthis mightlead
to amuchmoreconcisenotion of structuralentity status.

Finally, it may well be that even the besttheory of discoursestructurecannotexplain the
form of certainreferenceso entitieswhich have lastbeenmentioneddozensf pagesago. Let
me cite a prototypicalexample:



3.4 ThemeandTopic 39

How long doesdefinitenesdast? On pagel3 of Arthur Koestlers The caseof the mid-
wife toad thereis the sentenceOne of his [Paul Kammeer’'s] podets containeda letter
addressedto the personwhofindsmybody’. Theletteris not mentionedagainuntil page
118,wherewe find a sentencéeginning Asfar aswe know he wrote four farewell letters
(apart from the note ‘to the personwhowill find mybody’) ... Thus,with the aid of the
qguotefrom the letter, the readeris assumedo be ableto identify what letter this is, and
we cansaythatthe statusof definitefor this referenthasbeenpresered over 105 pages.

(Chafel1976,paged0; underlinedwordsin original replacedoy italics)

Chafegoesonto speculat@aboutthe connectiorbetweerthetwo passageghetwo of them
framea flashbackto the “eventswhich led to Kammerers suicide” (op. cit.). We will returnto
suchexamplesin chapterd on the managemendf discourseentities. But until we canturn to
the managementimensionwe needto discussonemorewell-known conceptof analysisthat
canberelatedto structuralentity status:the notionsof “theme” and“topic”.

3.4 Themeand Topic

Of thethreequestionsboutpropertiesof structuralentity statushatl askedatthe beginningof
this chapterthefirst two areclearlyrelatedto discoursestructure. Thelastone,however, points
in the direction of anotherpopularconceptin linguistics, the notion of themeor topic. The
literatureis repletewith differentdefinitionsof theseterms.Themeandtopic have beenusedas
analyticaltools by researcherfom all linguistic traditionsandspecialisationsTherefore ary
overview of usesmustbe biasedby thetraditionsthatthe authorsof thatovervien arefamiliar
with. My biasis generabndcomputationalinguistics,andevenin thatfield | donotstrivefor a
completeoverview. Instead] aimto shav how somethindik e entity statusmight beintegrated
into somepopulardirectionsof research.

This sectionis structuredn a similar way asSection3.3. Insteadof developinganall-new
improved notion of themefor the new millenium thatincidentallycorresponds$o what!| have
called structuralentity status,| will surwey several definitionsof topic/themeandrelatethem
to structuralentity status. The discussionwill be guidedby the questiondisted on page24:
How closelyis the entity connectedo the spealer’'s communicativententions? Is it part of
the gist of the discoussg of whatthe discouseis all about? Clearly, structuralentity statusis
influencedby the discourseasa whole, so, ultimately; it will have moreto do with discourse
theme.But this discourse-leel notionwill needto berelatedto sentence-kel themesaswell.
Thereforejn section3.4.1,1 will review approache® sentenc¢heme.lf we seethemesaslinks
to the co-text, the connectiorbetweenthemeand structuralentity statusis clear: entity status
protocolshow often an entity hassened aslink, andwhen. Usually, the dichotomybetween
psychologicabubjectandpredicatds alsodiscussedhn the context of sentenceheme.But this
proceduradoesnot do the scholarsvho developedthesenotionsjustice. To arguethis pointin
moredetailwould leadustoo far afield here;detailscanbe foundin (Woltersin preparation).
Section3.4.2links thediscussiorof themeto Section3.3—it is aboutdiscourseopicsandhow
thesetopicsrelateto structuralentity statuswhich depend®f coursegreatlyon how discourse
structureis modelled.Finally, in Section3.4.3,1 summariséhow discourseopic andsentence
themecanberelatedto structuralentity status.
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A Noteon Terminology: Whendiscussingheresearclof others,| will alwaysusetheterm
thatis favouredby the researcher$ am citing. When summarizingdifferentresearchradi-
tions, | will use“theme” whentalking aboutsentence-kel themeor topic, and“topic” when
talking aboutthe discourselevel. For the sentence-kgel, | favour “theme” for two reasons:
first, its counterpart,rheme”, is lesspolysemoughanoneof the two counterpart®f “topic”,
“focus”, secondjt is mainly usedby researchers/ho seethemesascontetual links. For the
discourse-leel, | will usetheterm“topic”. Thisisthecommonlyusedtermin Englishlanguage
publications(Brown and Yule 1983). CommonEnglishusageis the only reasonwhy | chose
“topic” over“theme” here—Ilwould not hesitateto translatamy “discoursetopic” into German
as“Diskursthema”.

3.4.1 Sentencelheme

Almost all recentpaperson themedistinguisha sentence-kel versionfrom a discourse-leel
version® The sentence-leel themeis frequentlydefinedfrom a pragmaticpoint of view. It
is something‘given”, “old”, which the sentencas “about” or which canbe taken to be the
pointof departurdor interpretingthe sentenceSentencesot necessarihave to have themes.
They canalsoconsistof all-new information,shoving no directlink to the previous discourse
contet. In sentencesvith a theme,the communicatorarrangeshe information so that the
rhemeis predicatedof a theme. Sentencesvithout a thememerely presenta stateof affairs.
Thefirst kind of sentenceare commonlycalled categorical, the secondkind thetic (for more
onthisdistinction,c.f. Sassel 987).

Someresearcherbave amuedthatbothterms,topic andtheme,canandshouldcoexist on
the sentencdevel, so thatthey cansharethe workload of meaningswhich hasbeenattached
commonlyto justoneof thepair. For example Halliday explicitly characterisesnly onepartof
histheme thatpartwhich hasanexperientialmetafunctionastruly topical. Molnar (1993)goes
astepfurther BasedonBuhler's(1934)Organonmodel,shedefineghreerelevantdichotomies:

Topic-Comment:  topicis whatcomments about. (pragmaticaboutness,
Darstellungseberje
Theme-Rheme: themeknown to the heareyrhemenot (givenness,
Appellebeng
Focus-Background: focusis what spealer judgesto be rele- (relevance,
vant
Ausdruksebeng

The focus-backgroundlichotomyis very popularin formal semanticgprominentrecent
examplesarevon Heusingerl999,Dekker 1998, Krifka 1992,Birring 1996). Theclassicaref-
erenceon this dichotomyis (Jaclendof 1972). ResearcherkBave usedit mainly for describing
the meaningof intonationalfocus: Thefocusis the part of the sentencehatis in the scopeof
a focusoperatoy while the restof the sentenceonstituteghe background.l will not explore
the relation of focus/backgroundo entity statushere,becausehat would leadtoo far afield.

SThedistinctionis sometimesttributedto (Reinhart1981),sometimeso (vanDijk 1977),but thebasicinsight
that sentencehemesare not what a completediscourses aboutis mucholder, andit would be foolhardyto try
andtraceit to onesinglepioneer—notleastbecause¢his insightis obvious. However, it is certainlycorrectto say
thatReinhartandvanDijk popularisedthedistinctionamonggeneratie grammariansindformal semanticists.
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Instead, preferto concentrate@n moretraditionalapproacheso informationstructure which
have beendevelopedirom metaphorsuchascontextual boundednessr pointof departureFor
analyzingdiscoursewe needmary perspectres;focus/backgrounds but oneof them. In the
following example,Rincewind is bothintonationallyfocusedandfunctionsasa contectual link:

(3.5) Every child on Discworld knows that Rincewind is a shoddymagicianwith a strong
instinctfor self-preserationthatsomewould call cowardice.
Why on earthdid the City Councilthenchoos€g RINCEWIND] ¢, of all people,for a
reconnaissanamissionto the CounterweighContinent?
Whena messengecameto bring him the goodnews, Rincevind wasshocled. His
first thoughtwasto fleethecity.

Whatis thetopic of the secondsentencehe only seriouscandidateor thatjob is the candi-
datefor the reconnaissancmnission,Rincevind, who is incidentallyalsoin the focusof both
intontationandthe City Councilof Ankh Morpork.

Linguistic correlatesof sentenceahemesuchasword order syntactictopic markers, most
notoriouslyJapaneséwa” (Kuno 1972), and specialtopicalisationconstructiongLambrecht
1994) have beendiscussedxtensvely in the literature. For thesesentence-kel studies,re-
searchersieeded notionthat helpedthemexplain whatthe constituentghatappearedn that
placein the sentencehadbeendislocatedor with a certainparticle,hadin common,andhow
their commonpropertycould be relatedto communication. Basedon their interpretationof
thelanguagesampleghey studied frequentlyisolatedsentenceghey found paraphrasesf the
term “theme” that allowed themto capturethat commonproperty andto formalisesyntactic
propertiesof topical constituentsFor exampleMolnar (1993)modelssyntactictopicsin Hun-
garianasadjunctsof focusphrases Sinceshedefinestopicsin termsof pragmaticaboutness,
topic-commenstructureis thereforeright at the interfacebetweenhe syntacticandpragmatic
modulesof a generatre grammarnMotsch,ReisandRosengreri990).

Anothermotivationfor the notion of sentence-kel themeis theoretical. Scholarssuchas
Paul (1920) or Wegener(1885), ponderinghow andwhy peoplecanunderstandexts, found
ananswelin thedichotomybetweerpsydtological subjectandpsydological predicate where
the psychologicakubjectsenesassomesortof basisfor interpretingthe psychologicabredi-
cate. Thetwo motivationsalsodiffer in therole which they assignto notionssuchas“theme”.
Thosewho are mainly interestedn powerful conceptuatools for describingcertainaspects
of languagewill beinclined eitherto jettisonthe term completely becausat is not sharpand
conciseenough(e.g. Schlobinskiand Schitze-Coloirn 1992) or to dissole the terminto a set
of featureswhich describethe functionsthat have beenattributedto them (e.g. Jacobsl999,
seeespeciallyhistypologyof researclattitudeso thetopic-commentlistinction). Ontheother
hand,thoseresearchera/ho believe thatthereis a stratumof linguistic systemswvhichis called
informationstructure andthatthis level of structurespecifieshow the contentof message&=
theinformationthesemessagesarry)is adaptedo the currentdiscoursecontext, will facethe
chaosandmodify the terminologyto suit their needsandthe linguistic theorythatformstheir
background.Of course both currentscannotbe separatedsneatlyas! have suggestedThe
frequentcitationsof (Paul 1920)shav that mostlinguistswho have worked more extensiely
on themeare aware of his conceptsandresearchersay believe in somethinglik e informa-
tion structureevenif they refuseto talk aboutit in termsof topics,themescommentsfoci, or
backgrounds.
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Theviciouscircle of conceptuapolysemywassetin motionwhenresearcherstartecciting
eachothers conceptsof “theme” with little regard of the paraphraseand metaphorsehind
theseconcepts Schlobinskiand Schitze-Coloirn (1992)andVallduvi andEngdahl(1996)pro-
vide good overviews of the conflicting and complementarywiews and traditions,and Hasan
and Fries (1995a)shav how Halliday’s conceptof themehasbeenmisinterpretedby those
researchera/ho neglectedits functionalunderpinnings.

In this section,l cannotstrive for a completecoverage. Instead,l will focuson four ap-
proachedo “theme”: point of departureaboutnessc¢ontextual links, andcommunicatre dy-
namism. As in the sectionon discoursestructure,l will leave formal semanticapproache$o
themeandits mothernotion, informationstructure aside. For importantrecentwork, seee.g.
(Buring 1996,Jacobsl 999,Roberts1997,Steedmar2000a).

Aboutness: In recentyears,Reinhart(1981) hasundoubtedlybeenthe mostinfluential ad-
vocateof definingthemesasthat which a sentencecanbe interpretedto be about. Of all the
approachesve will examinein this section,the aboutnessipproachasthe mostdirectlink to
entity status becausesentencearetypically analysedasbeingaboutdiscouseentities(Davi-
son1984,Lambrechtl994,Gundel1985,Gundel1988). Most researcherms the “aboutness”
traditionusethetermstopic/commento expresshepartitionthey aredescribing.A majormo-
tivationfor this strandof researclarethe“topicalisation”constructionssuchasleft-dislocation
of constituentsn English. A typical definitionis thefollowing:

Definition 3.1(Topic) An entity, E, is the topic of a sentenceS, iff in using S the spealer
intendsto increasethe addressees knowledg about,requesinformationabout,or otherwise
gettheaddressedo actwith respecto E. (Gundel1988,page 210)

Definition 3.2(Comment) A predication,P, is thecommenbf a sentenceS, iff, in usingSthe
spealer intendsP to beassessedelativeto thetopic of S.(Gundel1988,page 210)

Thedefinitionof topic makesthenotionof “aboutnessmoreexplicit. It alsoimpliesthattopics
areparticularlyimportantfor processingentenceéDavison 1984). Thedefinitionof comment,
on the other hand, alludesto the scene-settingunction of topic. Both definitionsfocus on
languageasa mediumfor exchangingnformationbetweerrationalagents.

Aboutnesss notto be confusedwith givennessFor avery detaileddiscussiorof this point,
see(Lambrechtl994). Thereis overlap: Topicsareusuallyfamiliar to bothspealer andhearey
andhearersanusuallyuniquelyidentify the discourseentitiesthataretopical (Gundel1988).
But thetwo dimensionsarenot parallel,becausdamiliar entitiescanbe part of the comment.
Theclassicexampleis basedn reflexive anaphora:

(3.6) Who did Rincewnind hurtwhenhe castthe spell?
He hurt[himselflcomment

8Incidentally Vallduvi, who usedto adwcatea tripartition of information structureinto link, tail andfocus,
wherelink andtail correspondo the backgroundijs now mainly working with the notionsof “rheme” and“kon-
trast” (Vallduvi andVilkuna 1998).
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In termsof entity statustopicality belongsclearlyto the structuraldimension.If wetrackhow
often an entity hasbelongedo the topic, andif we addinformationaboutthe distanceof the
sentencem which the entity hasoccurredastopic aswell asinformationaboutthe syntactic
constructiorby which thatentity is realised then,we geta very detailedpictureabouttherole
that the entity playsin the informationalstructureof the discourse.Givennesspn the other
hand,belongsfirmly to the managemerdimension:it characterisebow quickly the entity can
beretrieved,if atall.

Sentenceopicsarebasedn arelationbetweempropositionsanddiscourseentities:

A referentis interpretedasthe topic of a propositioniN A GIVEN DISCOURSE the propo-

sition is construedasbeing ABoOUT this referent,i.e. asexpressingnformationwhich is

RELEVANT TO andwhichincreasesheaddressee’ K NOWLEDGE OF thisreferent.
(Lambrechtl994,pagel27)

The importantdifferencebetweenthe two superficially similar definitions of Lambrecht
and Gundellies in the threewords“is construedas”. For Lambrecht,the easiera discourse
entity is to accessnentally the easierit is to interpreta propositionasbeingaboutthat entity.
Lambrechts notionof accessibilitywill bediscussedurtherin Sectior4.3.1.

Lambrechts definition containsanotherimportantinsight: topicsare construedy hearers
whenthey interpretsentencesl et us take this statemenbne stepfurther: If thetopic is not
markedeithersyntacticallyor morphologicallythehearelis—in principle—freeto interpretthe
propositionto be aboutwhaterer he choosesprovidedthatthis interpretatiordoesnot conflict
with the context of the discourse. Unsurprisingly it turnsout to be ratherdifficult to apply
the aboutnessriterionto naturallyoccurringdiscoursewhenthe questiontestis not available
arymore.To remedythis problem,formal semanticistsuchas(van Kupperelt 1996,Ginzlurg
1996)have suggestedo representliscoursesn form of question-answepairs. Klein andvon
Stutterheim(1992) and Lotscher(1987) have shavn that the question-answeparadigmcan
evenbeextendedo determineadiscoursdopic. For them,thetopic of adiscoursas thedesire
for informationto which it is supposedo satisfy thekind of informationthataddresseesope
to getout of thetext. | am ratherskepticalaboutsuchtests. Althoughit may be possibleto
artificially constructquestiondor task-orientedlialogueor expositorytext, an approachsuch
asthatof GroszandSidner whereintentionalstructureplaysacentralrole,is bothmoregeneral
andmorefruitful.

Komegata(1999)pointsout thatthe problemwith the questiontestis only atheory-specific
instanceof amoregeneraproblem theidentificationproblem: How canwe determinghetopic
of an arbitrary sentenceon the basisof a given definition of topic? Fromthe communication
theoreticperspectie describedn AppendixD, we needto answerthis negatively: it is not
possibleto give a sucha generalprocedurepecauseachinstanceof usediffers subtly from
all others. Sucha position canbe derived plausibly from the nineteenthcentury conceptsof
psydological subject/ psydological object whichwe cannotgointo furtherhere(c.f. Wolters
in preparation).

Point of Departure: With eachsentencehey utter, spealersfollow a specificgoal with re-
spectto the discourseln their sentenceghey relatethis goalto a point of departurewhichis
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sharedby bothspealer andhearer This interpretatiorof the underlyingstructureof sentences,
proposedby Weil (1844/1978) providesthe literal point of departurefor mary currenttheo-
ries of themeandrheme. This metaphoris alsocentralto the distinction betweenthemeand
rhemethat Halliday makesin his seminal(1967) paper He definesthe themeas a category
thatstructuresthe clauseasa message”Halliday’s notion of themeis influencedboth by the
“psychologicalsubjects”of nineteenttcenturygrammariang@ndby PragueSchoolwork such
as(Mathesiusl929).Halliday definespsychologicabubjectsasfollows:

PsychologicaBubjectmeantthat whichis the concerrnof themessage’lt wascalled'psy-
chological'becausé waswhatthe speakr hadin his mind to startwith, whenembarking
ontheproductionof theclause. (Halliday 1994,page31)

Thesecondsentencef this quotecontainan nucethe“point of departure’of thefollowing
definitionof theme:

The Themefunctionsin the structureof the CLAUSE AS A MESSAGE. A clausehasmean-

ing asa messagea quantumof information; the Themeis the point of departurefor the

messagelt is theelementhe spealer selectdor ‘grounding’ whatheis goingto say
(Halliday 1994,page34)

Whenwe comparethe two quotes,we alreadyseethe vicious circle at work. What the
spealer hasin mind whenshestartsto producea clauseneednot be the theme;this definition
could alsoapply to the goal the spealer pursueswith her utterance the point sheintendsto
make. In contrastHalliday’s definition of themerefersto how the messagés structured.The
pointthatthe spealer wantsto make is underlinedoy thethematicstructureshechooseswhich
constituentsheusedo setthe scengor whatcomesnext.

In English,this scene-settingunctionis accomplishedy word order Thethemeof aclause
consistof the constituent(syvhich come(s)irst in the clause.Many researcherbave criticised
thatHalliday choseto associat@ functionaldefinitionwith afixedpositionin the clause But if
onelooksmorecloselyatthemetaphomwhich hechoseor paraphrasinghefunctionof themes,
thisassociatiomakesperfectsenseWhatcomedirstin aclauses thatwhichis processefirst,
andindeed,it setsthe scenefor the processingf whatis to follow. Figure3.2illustrateshow
comple themescanbe. Single themesbelongto the experientiallevel. Unmarked themes
correspondo standardword order marked themesto non-standardavord order in particular
left displacements.

The exactdefinition of Themein SFL is hotly debated.For a summaryof the debate see
(HasanandFries1995a),andfor attemptsto link the notion of themeto text structure(Fries
1995,Ravelli 1995). Sincethe definition of themeis a metaphorandsincethis metaphothas
beenrephrasedrequentlyin SFL, the mosturgenttaskaccordingto (HasanandFries1995a)
is to reacha broaderconsensusboutwhatthe cross-linguistidunction of themeis. | find the
metaphorof “scenesetting” easierto apply thanthat of “aboutness”. Moreover, the concept
canbe linked directly to psychologicaltheoriesof incrementalprocessing.What comesfirst
influenceshow the restis interpreted;this intuition is coveredsuperblyby the way themeis
realisedin English. Finally, Halliday’s definition of themeis not restrictedto content,he also
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Metafunction Definition clauseas...  component®f theme
textual creatingrelevance message continuatve
to context structural(conjunctionor WH-relative)
conjunctive
interpersonal enactingsocial exchange vocatve
relationships modal(adjunct)

finite (operator)
WH- (interrogatve)
experiential  constructingamodel representation topical

of experience (participant,circumstanceprocess)
Example:
| well | but | then | Ann | surely | wouldnt | thebestidea | beto join thegroup |
continuatve | structural| conjunctve | vocative | modal | finite topical
textual interpersonal experiential
Theme Rheme

Figure 3.2. The structureof athemewith multiple parts,basedon (Halliday 1994, Table2(4),
page36, Table3(7),page54,andFigure3-13,page55). Metafunctionsarelevelsonwhichlan-
guagecanbedescribedunctionally. Thetextual metafunctiordescribesiow atext is organised.
The interpersonalmetafunctionis concernedvith how the interactionbetweencommunicator
andaddressees organised.Finally, the experientialmetafunctionfocuseson how languages
usedto structureanddescribereality.

takesinto accounthow the currentsentencdits into the text asa whole (textual level) andinto
the currentinteractionbetweercommunicatoendaddressee.

Discourseentitiescanonly occurastopical themes. The structuralentity statusvariable
recordshow oftenanentity occursasatopicalthemein thetextsaswell asthedistancebetween
theseoccurrencesln SFL, topicalthemesareusedto chartthe thematicprogressiorof a text
(c.f. alsothe sampleanalysisin Halliday 1994). However, it is not possibleto deducefrom
the thematicprogressiorthe points that the communicatomwishesto make; it merely offers
a skeletonof how thesepoints are strungtogethey and structuralentity statusdescribeghe
role of discourseentitiesin that skeleton. For example,in Halliday’s analysis,the isolated
sequencef themesnakeit clearthatin thefirst two paragraphsRobertis themainprotagonist,
while the third to fifth are organisedaroundGeoge, Roberts father It is not clearto what
extent this effect is presered in languagesith zeroanaphorasuchas ChineseandKorean,
or in languagesherethe surfaceword orderis not SVO, suchasWelshor Gaelic. In such
languagesthematicprogressiorthainswould needto be analyzedrom a differentperspeciie.
Although we cancircumwenttheseproblemsto a certainextentif we asssumehat structural
entity statusis mainly determinedy the cohesve relationof Referenceasdefinedin (Halliday
andHasanl976),thedegreeto which anentity cansene as“point of departure’is nevertheless
animportantparametewhich any accountof structuralentity statusshouldcover.

To sumup, althoughHalliday’s approachs intuitively appealingthe definition of theme
is too vagueto be a really usefultool for analysis,and mostof the examplesl have seenso
far comefrom SVO languagesvith (almostno) zeroanaphora.Hasanand Fries(1995a)are
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remarkablyfrank aboutthe reason:Conceptdor linguistic analysisare alwaysalsodescribed
with respectto at leasta few formal properties,andthesepropertiescan differ slightly from
languagdo language Hence,eachlanguagehasto beinvestigatedn its own terms,andeach
researcheneedsto evaluatecritically how the abstracthighly metaphoricabescriptionghat
SFtheoryoffersshouldbe appliedto herdata.

Link to the Context: One of the oldestapproacheso themeand rhemeis basedon the
metaphorof “contextual link” or “contextual boundedness”Before somethingcanbe a con-
textual link, it hasto be givenor known by the context. For this reasonmary definitionsof
themearephrasedn termsof givenness suchasthedefinitiongivenby Ammann(1928),who
is commonlycreditedwith inventingthe theme/rhemealichotomy For Ammann,the themeis
thatwhich is alreadyknown, while the rhemeis thatwhich is new, the informationwhich the
communicatocangive to theaddresseaboutthetheme.

Nowadaystheview of themesascontetuallinks is closelyassociatetb the PragueSchool
of functionalism. Contraryto what mostbrief discussion®f the PragueSchoolsuggestthis
researchraditionis neithermonolithicnor doesit pursuearadicalfunctionalismascaricatured
in (Givon 1995b).1t is firmly anchoredn traditionalstructuralanalysis.Sgall,oneof the main
protagonist®f the ModernPragueSchool,putsit this way:

Oneof thesubstantiahspect®f thefunctionalapproactihusconsistsn identifyingtheem-
pirically establishedinits of the systemof languagepppositiongresentn thelanguageas
asystem.Theseunitsandoppositionsareestablishean the basisof operationaltestable)
criteria, i.e. it hasto be shavn that eachof the postulatedppositionsplaysarole (hasa
function)in therelevant positionof the patterningof language Only suchunitscanbe es-
tablishedasarereally neededandwhosepresencés usefulfor the descriptionasawhole.

(Sgall1987,pagel69f.)

Theclassicapproaclthatresearchertendto cite whendiscussinghe PragueSchoolis the
FunctionalSentencd’erspectie (FSP)(Firbas1974,Firbas1992). FSPwasfirst discussedy
Mathesiug1929),whosework wasin turninspiredby (Weil 1844/1978).

Theoriginalaim of FSPanalysigs to shav how theflow of ideasin adiscourses expressed
by grammar In (Firbas1974),FSPis oneof threeperspectiesunderwhich a sentenceanbe
describedthe othertwo being semanticand grammaticalstructure. In Mathesius’work, the
themecanbeboththatwhichis spokenaboutandwhatis alreadyknown. Firbasredefinesheme
andrhemeonthebasisof Communicativd®ynamisnm(CD). CD is agradientotion. Thedegree
of CD carriedby a constituenis “the extentto which[it] contritutestowardsthe development
of the communication”(Firbas1974,pagel9). The themeproperis the constituentwith the
lowestdegreeof CD, the rhemeproperhasthe highest. The constituentbetweenthemeand
rhemeform the transition CD is reflectedin word ordet but only asfar aslanguage-specific
grammaticalulespermit. For example,in Czech,alanguagewith arelatively freeword ordes
thesurfaceword ordermirrors CD quitewell. In English,ontheotherhand,surfaceword order
andCD correspondar lesscloselybecaus®f therigid SVO schemgMathesiusl929).

Thereis a closerelationbetweenCD andcontetual boundnessThis relationis exploited
heavily by the ModernPragueSchool. Although CD still playsarole in their take on infor-
mationstructure Sgall,Hajicova andPanerova (1986)preferto describeinformationstructure
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with respecto Contetual Boundednessln the FunctionalGeneratie Description(FGD) ap-
proachof (Sgallet al. 1986),informationstructureis describedy the Topic-FocusArticulation
(TFA).” TFA is definedin termsof tectogrammaticalepresentation€TR), adependengbased
descriptionof the structureof a sentence Discourseentitiesthat arerealisedby referringex-
pressiongorrespondo anargumentnodein TR. Communicatre dynamismdescribeghelin-
earorderof theagumentnodes.This ordercandiffer from surfaceorderif the sentenceccent
is not placedon the rightmostconstituent,or if shallov movementrules have moved an ele-
mentto a differentpositionin orderto satisfylanguage-specificonstraint©onword order This
definition of CD mirrors the operationalisatiorthat Firbasoriginally definedin Weil's terms.
For eachsetof agumentsthereis an unmarled systemicordering (SO), which is definedin
termsof thematicroles. A constituentis contectually boundif it comesearlierin CD thanit
wouldin SO.Again, thetopic properis the leastcommunicatrely dynamic,andthe focusthe
mostdynamicitem. Sincethedefinitionof TFA reliesheavily onafull tectogrammaticgbarse,
empiricalanalyse®f TFA in naturally-occurringliscoursearerathertime-consuming.

Like aboutnessboth TFA and the more traditional theme-transition-rhempartition can
be relatedeasily to structuralentity status,becauseboth partitions are definedon syntactic
representationsThis permitsusto derive the topicality of a discourseentity directly from the
syntacticpropertiesof the correspondingeferring expression. Contextually bounddiscourse
entities provide links to the precedingdiscourse. To make the link betweensentence-hel
themeand structuralentity statuscomplete we needsomekind of bookkeepingwhich tracks
whenwhich entitiesarethematic.

Sucha bookkeepingis mademucheasierby an adequatdypology of sentencdransitions
like thatdevelopedby (Dane 1974a).He analyzeghe sequencef themesn the sentencesf
adiscoursen termsof thematicprogressionof atext. Therearethreemaintypesof transitions
betweertwo sentence§;, S, with themesr, T, andrhemesR;, Ry:

1. simplelinearthematicprogressionT; = R;.
2. thematicprogressiorwith aconstantheme:T, =T,

3. thematicprogressionvith derivedthemesT, # T; andT, # R;. In thiscasesubsequent
themewftenrelateto partsof R,.

Apartfrom theseransitionsfwo moreconstructareneededjumps,whichresultwhenthemes
areomitted,andinsertedmaterial,which distortsthe original form. Dane’ approachs system-
atic, but asDressler(1974)remarks,it is only thefirst stepto incorporatingFSPin discourse
structure,and at the time of writing, it appearghat mostof the remainingstepsstill needto
be done. Researchertendto useDanes’ categyoriesmoreasa substitutefor a moreelaborate
discoursestructure thanasalink betweersentencetructureandtext structure.
The*“contextuallink” metaphohasalsobeenusedn thecontext of formal pragmaticgVall-
duvi 1990) and computationalinguistics (Komegatal1999). In his thesis,Komegatapresents
a fully formalisedconceptof conceptuallink. This formalisationis basedon Combinatory
Catggorical Grammar(CCG). Steedmar{2000b)hasshavn that CCGis powerful enoughfor
anintegratedaccountof the interactionbetweensyntax,semanticsandinformationstructure.

"Thefollowing summaryis largely basedn (Sgallet al. 1986,Kruijf f-K orbayawa1998).
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Komegatas approacthasbeenimplementedn asystenthatanalyzegheinformationstructure
of Englishsentenceandtranslatesheminto Japaneseayhich hasovert markersof information
structure the particles-wa and-ga. Komegatadefinesthemeandrhemeon the level of propo-
sitions. The partitionis strictly binary; propositiongesultfrom the semanticcompositionof a
themeanda rheme. Themesare necessarilycontectually linked, but neednot be contrastve,
while rhemesarenecessarilgontrastve, but neednot be contextually linked. Contextual links
aredefinedonthelevel of discourseentities.They relateentitiesin thecurrentutterancdo enti-
tiesthatareeitherpresentn thecommunicatiorsituationor have alreadybeenmentionedn the
text. Theinferenceshataddresseeaseedto draw in orderto establishthatlink areboundedput
theseboundsdependon variousfactorswhich arenot partof theinferenceogic itself: linguis-
tic marking,accessibility(the managemerdimensiornof entity status) anddomainknowledge.
Like LambrechtKomegatathustiesthematicitycloselyto givennessSinceherestrictshis link
definition to discourseentities, structuralentity statuscanbe derived asusual: protocolhow
oftenanentity actsasthe anchorpoint for a contextual link, andwhich relationexists between
themeandanchor

Summary: We have seenthat modernapproacheso sentenceéhemevary greatly Mostre-
searchersgspeciallythe formalists,preferto defineonly referringexpressionsasthemes.But
aswe will seebelov and aswe have seenin Section3.3, this restrictionquickly runsinto
problemswhenthe information structureof a sentencéhasto be tied to the informationalor
intentionalstructureof a discourse pecauseéboth are organisedin termsof propositions,not
in termsof discourseentities. Whatis a sentenceabout?Whatis a discourseabout?Clearly,
both questionshave to be answeredn the level of semantics.How do we determinewhata
sentenceor a discoursds about? Theseare questiondor pragmatics—hw is languageused
to mark thoseconstituentghat play a specialrole in structuringthe contentof a discourse?
| think that one questioncannotbe answeredvithout the other andthat sentencehemeand
discourseopic cannotbe definedindependentlyOncewe know the positionandthe function
of a sentencen its contect, we candeterminehow it is linkedto what precedegandwhatfol-
lowsit, how it is embeddedn the currentcommunicatiorsitutation,whatit is supposedo be
about.If thislink is missing,we caneitherfollow the inductive strateyy of (Jacobsl999),who
splits the topic/commendistinctioninto a setof four featureswhich describethe contets in
which certainsyntacticconstructionganappearor we cantake our refugein thosepartsof a
sentencavhich canbelinkedto context moreeasilythanpropositions:discourseentities. The
first stratey certainlyhasits merits,if theaim s to developinductive, well-foundedcategories
for syntacticanalysis.But the original functionalmotivationfor somethindik e themess lost.
The secondstratay is alsopromising,andcanbeformalisedreasonablyvell. But it opensthe
doorswide to peoplewho aretemptedo confusegivennessvith thematicity

| find the ideaof topicsascontectual links very promising. It answersseveral questionsn
aneleggantway:

1. Doesevery sentencédave to have anexplicit topic?
No. If thehearercaninfer the necessargonnectiongrom the context, thereis no need.

2. Do topicshave to bereferringexpressions?
No, but they shouldbe discourseentities,becausd¢opicsareanchorpoints,andtherefore
hearershouldbe ableto referbackto them.
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3. Doesit make sensdo assumelegreesof thematicity?
Yes. It doesnot make sensethatonly a certainpart of a sentencedinks that sentenceo
the context. All constituentsansene aslinks. The moredifficult it is to find ananchor
pointfor a contetual link, thelessthematicis thatlink. Thethemeproperof a sentence
is the constituentvith the clearestink.

From this short overview, it becomesclear how themecan be integratedinto structural
entity status:the moreoftenan entity providesthe anchorpoint of atheme(a contectual link),
themorecentralit is for linking the discoursdogetheythe morepivotal to discoursestructure,
andthemorelik ely to be partof the gist of thediscourse.

3.4.2 DiscourseTopic

In Section3.4.1,1 have arguedthaton the sentencéevel, thematicconstituentdink sentences
to the precedingco-text. But aswe have seenin Section3.3, thereis moreto discoursethan
just cohesve, grammaticakequencesf words. The main criterionfor calling an utteranceor
asequencef utterances discoursas thatthey sene acommondiscoursgurpose How does
thisdiscourseurposeelateto sentencéhemes And whataboutdiscourse-leel topics?These
arethetwo questionsve will discussn thefollowing pages.

Discourseopicsarewhata pieceof discoursas about. Thisintuition hasbeenexploredin
several differentways. Scholarswho wantto link sentenceanddiscourse-leel topicstightly
would probablywant to expressthe topic of a discourseby a noun phrase. The discourse
topic (or discoursesegmenttopic) would be a specialdiscourseentity amongothers,maybe
with a flag setin the setof structuralstatusvariables. A goodexamplefor sucha stratay is
(Dik 1989,Section13.3)8 Discourseopicsare“thoseentitiesaboutwhich a certaindiscourse
impartsinformation” (Dik 1989, page267). Discoursetopics may be moreor lesscentralto
thediscourse They arehierarchicallyorganised.For example,thetopic of the presensection,
“discoursetopic”, is but a subtopicof thetopic of Section3.4,“themeandtopic”. Onceatopic
hasbeenintroducedi,it is given. Levy (1982) proposedo measurevhethera discourseentity
is in fact discoursetopic on the basisof its co-specificatiorsequence.Her main resultsare
reproducedn Table3.1. This proposalcomesvery closein spirit to what! will arguefor in
Chapters.5, but | would not go asfar asto claim thatwhat| am measurings topicality. She
found that topical discourseentitiestend to be introducedin non-subjecipositionby a long,
very explicit NP, while subsequenmentionsof that entity shav exactly the reversepattern:
attenuatedorms, suchaspronounsanda preferencdor the subjectposition.

A notion of discourseopic restrictedto NPswould of coursefit in perfectlywell with our
structuralentity status. But thereis moreto the intuition that discoursesre aboutsomething
thanspecialdiscourseentities. Whatthe addressepercevesto be the main content,the main
intentionof a discoursewill influencehow he processegt. Thetopicsof mary texts arenever
verbalisedn the text itself, muchlessin NP form. Of course,in Englishand German,every
comple propositioncan be transformednto an even more complex noun phrase—although
criticsm of the oft-usedand oft-misused(mostly by politicians) possibility of the transforma-
tion of preposteroupropositionalcomplexesinto nonsensicahoun phrasemonstergarsable

8Anotherexcellentexample,(Givon 1992),will bediscussedater, in Section4.3.5.
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criterion less more

likely to bediscourseopicif
lengthof co-specificatiorsequence shorter longer
meandistance greater smaller
firstmention
position subject predicate
form underdetermined overdetermined
subsequenmnentions
position predicate subject
form overdetermined underdetermined

Table 3.1. Criteriafor Determiningthe Topicality of a DiscourseEntity. Adaptedfrom (Levy
1982, Table2, page301)

only by trainedlinguistswith considerablexperiencen the constructiorof complex unstarred
materialfor researctpurposedy elderly guardianf the languages frequent. So, if we still
wantto introducea discourseentity for the discourseopic, we cannotpresumethatthis entity
will be mentionedn thediscoursatself, but thatit hasto be reconstructedrom the discourse
by rules. Thisis thereasorwhy topicality cannotbe establishedjuantitatvely. Discourseopics
canonly be establishindoy interpretingthetext athand.

But this leadsusto anothemproblem:eachtext hasseveralpossibletopics,andseveral pos-
sible summaries.The problempersistswhenwe switch to an intentionaltheory of discourse
structure.In orderto determinehow a spealer choseto structurea discoursdn orderto reach
the goal of his plansof speakingwe needto interpretthat discourse sometimesn consider
abledetail, andin the end, everythingwill be merelyguesswrk. van Dijk (1985a,page77)
summariseshe problemasfollows: “Thus, we may needcomplex socialandpolitical knowl-
edgeschemataor scriptsto understandvhat this text is about(Schank1977,Schank1982)!
| will discussthreeproposedsolutionshere,onewhich waslargely developedon written lan-
guaggvanDijk), onewhichrelieson generapragmatigrinciples(Wilson) andonewhichwas
developedusingspolenlanguaggChafe).

Deriving Topics Structurally:  Van Dijk definesdiscoursetopic on the level of semantic
macrostructuresn which the propositionsthat codethe contentof a text are organised(c.f.
page28f.) Suchmacrostructureare motivatedby the obsenation that peoplecanusuallytell
whatadiscourseor adiscoursesegmentis about,andthatthey cangive asummaryof themain
points. van Dijk (1980)wantsto modelthis ability by a setof macio rules. Ideally, analysts
shouldbe ableto derive thetopic of atext directly from its propositionalcoding. Thetoolsfor
this derivationarea setof four macrorules,which aresummarisedn Table3.2.

It follows from van Dijk’ s procedurehatthetopic of a discoursedoesnot needto be men-
tioned explicitly in the text, especiallyif it is derived by generalisatiorand integration. He
makesthis point very explicit in (vanDijk 1981),wherehe discussesentenceanddiscourse
topicsandcomesto conclusionsvhich arevery closeto thosel arguefor in this section.

Although van Dijk’ s approachcan be appliedto text analysis,Gilich and Raible (1977,
page272 ff.) obsenre several problemswith it. Firstly, it is difficult to derive propositions
from texts, and van Dijk is not very explicit abouthow this shouldbe done. Despitethese
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OMIT: omitall unnecessarynformation,all informationthatwill notberelevantlater
in thetext
SELECT: omit all propositionghatareincludedin, presupposety, implied by, or con-

ditionsfor, otherpropositions
GENERALISE: abstractway from certainpropertieof referents
INTEGRATE:  summarise sequencef propositions

Table 3.2. VanDijk’ s macroruledor topic extraction(vanDijk 1980,vanDijk 1985a)

problems,Friih (1992a)developeda contentanalysismethodcalled “SemantischeStruktur
und Inhaltsanalyse’{SemanticStructureand ContentAnalysis, SSI) which takes a detailed
propositionalcoding of sourcetexts asinput. Second,Gulich and Raible point out thatit is
not at all clearwhenwhich macrorulesshouldbe used. Van Dijk himselfacknavledgesthat
problem.He admitsthatsummariesanbe very subjectve (vanDijk 1985a).But this doesnot
leadhimto rejecttheideaof macrorulesHis solutionis different:In hislaterwork, heinterprets
his macrostructuressuperstructureand macrorulesnot as fixed schemata.Macrostructures
are constructeddynamically Superstructuresyhich codetext-type specificschematamove
towardsflexible scriptswhich helpthe addressegredicthow the discoursewill develop. Van
Dijk’ sconceptof discoursdopic alsochanges:

[...] themesor topicsarecognitive units. They represenhow thetext is understoodyhat
is foundimportant,andhow relevanciesarestoredin memory [...] Finally, the cognitive
natureof macro-interpretatioralso requiresa more process-orientedpproachto the as-
signmentof topicsto atext. Whereasabstracimacrorulesierive topicsfrom a giventext,
or ratherfrom its underlyingsequencef propositions this is not what a readeractually
does.[...] readerauseexpedientmaciostrategies for the derivation of topicsfrom a text.

(vanDijk 1985apage76f., italicsin theoriginal)

It is clearthatproceduresuchasthoseof vanDijk, which operateonly on propositionscan
fail to capturewhata text, especiallya literary text, is really about(Gulich andRaible 1977).
But for mostpurposesespeciallyfor the analysisof primary contentasdefinedby Ungeheuer
(1967/1972a)his approachs certainly sufficient. Sucha semanticanalysisalso satisfiesthe
intuition that whenwe ask the question“what wasthis text about”, we do not wantto hear
speculationgboutthe writer’s intentions. The Gemayelext, reproducedn Appendix6.4.3,is
aboutthe reactionsto the assassinationf Lebaneseresident-elecBashir Gemayelin 1982.
An intentionalanalysiswould cut deeperto the levels of Ungeheues secondarandtertiary
content.Whatis the intentionof the paragraphs®hatotherintentions(or discoursesegment
purposesgapartfrom informing aboutfactsarethere?

Oncewe have acceptedhe limits of a structuralapproactsuchasvanDijk’ s, oncewe do
not expectthe macrorulesto operateautomaticallyarymore,but canusethemto describehow
we would summarisehe gist of a text, thenStructureTheoryis still a valuableresearchool,
especiallysinceit offersanicevocalulary for formal descriptions.

Topics and Activation: Becausevan Dijk focusedon the analysisof written discourse,it
wasrelatively easyto positsomethindik e structuralrulesfor deriving discourseopics. If his
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primary datahad beenspolen languageandin particularcorversation,his taskwould have
beenfar more difficult. Researcherfm the field of corversationanalysisoften do not care
aboutformal definitionsof discoursetopic. For determiningwhat a discourses about,they
rely ontheir intuitions. Instead corversationanalystsconcentraten waysin which topicsare
negotiated maintainedandshifted(Bergmann2000). Primeexampledor thiscanbefounde.g.
in (Sacksl995).To give acompleteoverview of the notionof “topic” in theanalysisof spolen
languagevould leadtoo far afield, especiallysincespokenlanguagedatawill notbediscussed
furtherin thisthesis.In orderto illustratethekind of approachhatappears$o beappropriatdor
speech] will discusswo activation-base@pproacheso topic: thetopic framework of Brown
andYule (1983)andtheaggreatetopicsof Chafe(1994).

For Brown and Yule, the topic, that which a discourses about,is animportantcateyory
of analysis. If we canidentify the topic of a discoursejt meansthat this discoursecoheres
enoughto bemorethanjustanarbitrarycollectionof utterancesSincetherearemary possible
paraphrasesf adiscoursetheanalystshouldnotsingleoutoneof themas“the” topic. Instead,
sheshouldprovide enoughinformationfor derwing all of therelevantparaphrasesrhis leads
Brown andYule to replacethe notion of topic by thatof topic framevork

Thoseaspectf the context which are directly reflectedin the text, and which needto
be calleduponto interpretthe text, we shall referto asactivatedfeatues of contet and
suggesthatthey constitutethe contextual framework within which thetopicis constituted,
thatis, thetopic frameawvork. (Brown andYule 1983,page75)

This definitionis muchcloserin spirit to the psychologicakubjectof Wegener(1885)than
to vanDijk. Basically whatBrown andYule proposeo do hereis to describethe expositionof
a completediscoursdragment thatwhich needso be activatedin the hearers mind sothathe
caninterpretthediscourse.

Chafe (1994) also describegopicsin termsof activation, but he takes a ratherdifferent
approach His perspectie is not that of the heareror analyst,but thatof the spealer. For him,
topicsareaggreatesof

... coherentlyrelatedevents, states andreferentsthat are held togetherin someform in
the spealkr’s semiactve consciousnessA topic is available for scanningby the focus
of consciousnessyhich canplay acrossthe semiactve material,activation first one part
andthenanotheruntil the spealer decidesthat the topic hasbeenadequatelycoveredfor
whatever purposethe spealer hasin mind. (Chafel994,pagel?1)

Like van Dijk, Chafedefinesdiscoursetopicson the level of content,not on the level of
intentions.Chafes discoursdopicsarecomplex structuresNotably, thespealer decidesvhich
events,statesandreferentssheneedsto aggretate.Discoursetopicsarein turn embeddedn
morecomple hierarchicaktructuresTherecanbe supertopic&ndsubtopics.

3.4.3 Summary

In this section,| have drawvn a sharpdistinctionbetweernsentenceéhemesanddiscoursdopics.
Many functionshave beenproposedor sentencéghemesthe mostfruitful onefor our purposes
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is thatof contetual link: if a sentencénasa (marked or unmarled) theme,the thematiccon-
stituentshavstheaddressebow to link thatsentenceo the precedingliscourseThisis easyif
thethemeis adiscourseentity which hasalreadybeenestablishedandeveneasielif thatentity
is salient.

No wonderthatgivennesplayssuchalargerole in determiningpossiblethemesBut these
thematicdiscourseentitiesneednot be establishedxplicitly by referringexpressions.f they
standfor propositionsjt may be sufficient to just mentionthat propositiononce.

In the following example,the themeis an event, the explosionof thelaboratoryof Unseen
University.

(3.7) Suddenlythelaboratoryburstinto flames.The windows splinteredeverybodyin the
courtyardranto seekshelter The coloursof fire paintedhideouspicturesof demons
againsthe pitchblacksky.

If communicatoandaddresseknow eachotherverywell, thediscourseentity neednotevenbe
explicitly mentionedln thefollowing example two very niceanddiscreetcolleaguesA andB,

arediscussinghe behaiour of anothey completelydisgustingcolleagueC, in a meeting.The
first exchangeds aboutC’s habitof picking herteeth,while the secondadjacenyg pair is about
the proposalshemadeduringa meeting,andtheway shedeliveredoneof them.

A: Doyouagreemy dearB, thatpeoplewho pick theirteethin meetings ..
B: ...arenotverywell educated¥es,| do.
| mean,someof the proposalsverequite startling
A: Any proposakhatis madethroughclenchedeethshouldberejectedoutright.

(3.8)

Discoursetopic, on the otherhand,cannotbe reducedo singlediscourseentitiesaseasily
assentenceéhemes.Following Chafeand Brown/Yule, the topic of a discoursesegmentis not
only whatthatsegmentis intendedo be about—italsoconsistf closelyrelatedconceptsand
contectual featuresthat are easilyaccessibléecausef their closeconnectionwith the topic.
Thesediscourse-leel topicsinfluencehow a discourséds organisedhow discoursanodelsare
constructedthey activateexpectationsThey evoke semanticscripts(whatwill betalkedabout
in the context of this topic?) and pragmaticscripts(how shouldwe talk aboutit?). The topic
of adiscoursecanalwaysbeidentifiedon a metalinguistidevel, andspontaneoudialoguesare
full of instancesvheretopicsarenegotiated;sometimesit is in thesenggotiationsubdialogues
thattopicsaremadeexplicit for thefirst time.

To sumup, while sentencéghemesshouldbediscourseentities,discoursdopicscanbecome
discourseentities. Hence,in structuralentity status,we shouldprotocolhow often andwhen
adiscourseentity hassened astheme,anddescribethe connectiorbetweena discourseentity
andthediscoursdopic, if it canbeestablished.

3.5 Summary

Whatis structuralentity status?How canwe describethe role thata discourseentity playsin
a givendiscourse?This hasbeenthe guiding questionof the extensie discussionpresented
in this chapter The shortansweiis: It dependsThelong answelris: Structuralentity statusis
explicatedby theanswerdo threequestions:
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1. In which discousesggmentgdoesthe entity occur?
Differenttheoriescover differentaspectof the answer For example,RST providesa
very detaileddescriptionof the structuralrelationsbetweendiscoursesggment,asdoes
thetheoryof vanDijk. Thetheoryof GroszandSidner(1986)is morespecificabouthow
the mentionsof discourseentitiesin a segmentareprotocolled. Recently Cristeaet al.
(1998)have alsoextendedRSTin this directionwith their VeinsTheory

2. How s theentitylinkedto otherentitiesin thediscouse?
Mosttheoriesaresilentaboutthisaspect.Theonly goodway of dealingwith thatquestion
arethetopicframavork in thestyleof Brown andYule (1983)or Chafes(1994)discourse
topics,which shav wherepotentialbridging links to otherentitiescanstemfrom.

3. How closelyis the entity connectedo the spealer’'s communicativéntentions?
This questioncanonly be answeredy a theory of intentionalstructure suchasthat of
GroszandSidner(1986).

Thediscussionn Section3.4,hasshovn thatwe cannotexpectthatthetopic of adiscourse
will be verbalisedexplicitly by a referringexpressionsometime during speaking—especially
not whenwe adoptthe definitionsof Chafe(1994)or Brown and Yule (1983). Althoughthe
topic of a discoursemay be available for the occasionalliscoursedeictic referenceasin the
classicflashenlightenmengfter broodinglong hoursover a difficult paper‘So that waswhat
it wasall about!”, we cannottake that for granted. What we can determineis whetherthe
discourseentity is a centralreferentin oneof the discoursesegments maybecalculatedalong
thelines of Levy (1982),andwhenit hasactedas contectual link betweentwo sentencesin
otherwords, whenit hasbeenthe themeof a sentence.The more often a discourseentity
occurredin a stretchof discourseandthe moreoftenit senedasa contectual link, the more
fundamentait will beto thediscoursenodelof thatpassage.

But thematicityis not the properlevel on which structuralentity statusshouldbe defined.
Althoughthemeis usefulin describingthe role an entity playsin discoursejt is not quite the
fundamentwve want. Rathey the conceptneedgo be explicatedby a theoryof discoursestruc-
ture. In our review of severaltheoriesof discoursestructurein Section3.3, we found thatal-
thoughstructuralentity statuscanbeexplicatedin all of them,neitheris comprehensie enough
to provide a properfoundation. The theory of Groszand Sidner(1986)involvesa dedicated
level of intentionalstructure but it doesnot provide descriptiongor the semantianacrostruc-
ture of atext. Thetheoryof vanDijk, on the otherhand,bridgespsycholinguistictheoriesof
discoursecomprehensioandlinguistic approacheo discourse With his superstructuresjan
Dijk providesa formalismfor describinggenre-specifi@spectof discoursestructure.Which
theoryyou chooseultimately depend®ontheresearctyou areaimingfor. Becauset requiresa
very fine-grainedoropositionainput, vanDijk’ stheoryis completelyunsuitablefor all compu-
tationallinguisticsapplicationswhich strive to cover large amountsof data. But togetherwith
Kintsch’s Construction/Intgrationmodel,it canbe usedto specifytheinputtextsto psycholin-
guisticexperimentor runningsmall-scalesimulationson toy discourses.

No matterhow we explicate structuralentity status,we shouldnot make it into a pillar of
textual coherence Moderntext linguistics (Nussbaumef991) and modernpsycholinguistics
(Sanfordand Garrod1994) agreethat coherences constructedn the mind of the addressee.
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Referentialcontinuity surelyhelpsin constructinga coherentrepresentationf thediscourse—
afterall, discoursenodelsaresupposedo be organisedarounddiscourseentities—hut, ase.g.
Givon (1995a)notes,thereare mary otherlevels on which coherencean be establishednot
leastspatiallyandtemporally
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Thestatusof adiscourseentity notonly reflectstherole thatit playsin adiscourseEntity status
alsoprovidesinformationthatis necessaryo managea discourseentity. Thesetersestatements
suscitea numberof questionavhich | will try to addressn this chapter:

e Whatsortof managemerinformationshouldentity statusprovide? (Section4.1)

e How doesthatinformationrelateto the proceduregpeopleuseto constructaccessand
updatediscourseentities?(Section4.2)

e How have previousresearchermodelledthe managemenif discourseentities?(Section
4.3)

In contrastto Chapter3, wherel strived to be ascomprehensie as possible,this chapterfo-
cusenoneparticularperspectie of looking atdiscoursgrocessingthecognitive perspectie,
whichis invoked over andover againin theliterature.

4.1 What is the ManagementDimension?

In this section,l surney the mainissuesinvolvedin managingdiscourseentities. We cantalk
aboutthe managementf discourseentitiesin termsof algorithmsand datastructuresor in
termsof cognitive models. | have chosenthe more neutrallanguageof algorithmshere. The
sectionis dividedinto two parts. We begin with a brief overview of the empiricalphenomena
thatthe managemenf discourseentitieshasto dealwith (Section4.1.1).On this basis,| then
definein Section4.1.2the managemenbperationghatentity statusneedgo support.

Noteon Terminology: Theterminologyin thefield of researchhatwe areaboutto enteris as
muddledasin all fieldswith alongenoughresearcthistory. Unsurprisinglytheterm“anaphor”
hasthreevery distinct meaninggHoffmann2000). In rhetorics,it is afigure of repetition,in
GovernmentandBinding theory it designatesertaintypesof pronounssuchasreflexivesand
reciprocalsandfinally, in discoursestudies,it meansa device for pointing backin a text; the
favourite suchdevice studiedin thefield is the commonpronoun.

Here,we focusonthethird meaning:anaphoriexpressionsreexpressionghatpointback
to somethinghathasbeenmentionedalreadyin theprecedingo-text. Someresearcherdistin-
guishbetweeranaphori@anddeicticexpressionsanaphoriexpressionsnaintaintheactivation
of adiscourseentity, while deicticexpressiongefocustheattentionof anaddresseen anentity
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(Bosch1983,Ehlich 1982).1 will usetheterm“anaphors’for bothtypesof expressionsMore
preciselyanaphos (singular:anaphorjreall expressionghat

1. pointto a stretchof discoursan the precedingco-text. The stretchof discoursethatan
anaphompointsbackto is calledits sponsor

2. that standin somesortof relationto its sponsor If the sponsoris an NP andboth the
anaphorandthe sponsorco-specifythe samediscourseentity, thenthe sponsoiis called
theantecedenof thatanaphar

Sequencesf co-specifyingexpressiongorm co-specificatiorsequences? In orderto distin-
guish betweendiscourseentitiesthat are only mentionedonceand entitiesthat are part of a
properco-specificatiorsequencel, will call the former deadendandthe latter tradking, using
the picturesquaermsof Biber (1992).

4.1.1 The Linguistic Domain

Fromal linguistic point of view, thereferringexpressiongshata communicatousesshouldhelp
theaddressee

e establisithecorrectreferentsandassigrthe sentencethe correcttruth-conditionainter-
pretation(to the extentthatit is relevantto successfutommunication).

This aspechasbeeninvestigatedn greatdetail by semanticistsin particularthosewho
work in theframewnork of dynamicsemantic§KampandReyle 1993,Heim 1983).For a
recentintroductionsee(Heim andKratzer1998,esp. Chapter9). Bosch(1983)suneys
somerelevantdata.

e constructhetext asa coherentvholeandidentify all relevantcommunicatre acts.

Ontheneo-Gricearside,Levinson(1987,1991)andHuang(1993)have probedwhether
syntactic Binding Theory can at least partly be replacedby conversationalimplica-
tures. Dale and Reiter (1995) basetheir algorithmfor generatingeferring expressions
on the Griceanmaxims. In the framavork of Relevance Theory (Sperberand Wil-
son 1995), an early paperis (Kempson1988); more recentwork includes (Brehery
1997,FiguerasSolanillal1998).

To dwell onthesetwo tasksfurtherwould leadustoo far afield here.Instead)et usdiscuss
someof theproblemghatcanoccurwhenpeopleneedo performthemonthebasisof linguistic
datageneratedby others.l donotaimto surwy thesolutionsthathave beenproposedaswell—
thiswouldleadustoofarafieldhere.l focusontwo aspectsconstraintontheform of referring
expressiontherthanentity status,andthe relationbetweenthe anaphorandthe co-text that
sponsorst.

1This definitionowesa lot to discussionsvith DonnaByron.

2Since expressionghat specify discourseentitiesdo not necessarilyefer (c.f. Chapter2), | could have re-
namedeferringexpressionsspecifyingexpressions”| refrainedfrom thatstepbecausé regardit asunnecessary
terminologyoverload.
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Constraints other than Entity Status

The mostbasicconstraintis exertedby the linguistic optionsof a given language:whetherit
distinguishesdbetweerstressedndunstressegronounswhetherit hasarticles,whetherit al-
lowsto droppronounswhetherit distinguishegrammaticabenderwhetherit indicatesswitch
referenceandso forth. For a typological overvienv of pronominalsystemsseeWiesemann
(1986). This meanghatalgorithmswhich maplinguistic formsontoinstructionsfor managing
discourseentitieswill differ dependingon the languagethey have beendevelopedfor. How
large that differencewill have to be, if it amountsto a mereflick of a parametesetting,as
generatristswould have it, or whetherit requiresdeep-seatedhangesis anopenquestion;it
canonly be answereddy dedicatedunctional comparatie researc. To make matterseven
morecomplicatedthe linguistic meandor referringbackto somethingarenot limited to pro-
nouns,noun phrasesand nouns. Suchexpressionscan also be adwerbsor verb phrasesas
Braunnmuller's (1977,Sectionsl.1.1-1.1.6axonomyof pro-formsshows.

In orderto determinewhich principlesunderliethe bewildering variety of forms and sys-
tems,we would needto delve deepinto typologicalstudies which shav how pronominalsys-
temscanbe organised,andinto diachronicstudies,which shov how they evolve over time.
From a functionalistpoint of view, it is temptingto searchfor theseprinciplesin the mecha-
nismsof referring. This is what Ariel (1988)hasdone. Shearguesthat systemsof referring
expressionareorganisedaccordingo avery simpleprinciple: thelessaccessibléhediscourse
entity, the more phonologicalmaterialthe form of the referring expressionneedsto contain.
Pronounswhich containvery little semantiomaterial(often just genderandnumber),tendto
be very short, while nounsand noun phrasesare longer The longera NP is andthe more
modifiersit contains,the more informationit can potentially corvey. Ariel countsstressas
additionalphonologicalmaterial. By this move, shecanaccountfor the finding that the an-
tecedentsf stresseghronounsareusuallyfartherbackin the discoursehanthoseof unstressed
oneswhichis corroboratedy (Givon 1983b).Wewill comebackto Ariel’ s proposaldateron,
whenwe discussheraccessibilitytheoryon pages80f.. To evaluateherclaimsaboutthe archi-
tectureof pronominalsystemgroperlywould leadustoo far afield here.Althoughthe amount
of linguistic materialwhich needso be presentedo the addresseeertainlydetermineshich
referringexpressiorcanbe usedwhen,accessibilityalonecannotaccountor the variationthat
we see.

Syntax: Avid functionalistsvividly dery that someconstraintson the form of anaphorsan
only be expressedvia syntax. But exactly that is the centraltenetof the Binding Theory of
generatre grammar(Chomsk 1981, Fanselov andFelix 1987, Sternefeldl993). The central

3In this respectmuchresearchin particularin formal semanticsis extremelylimited, becauset adherego
thetime-honouredgrincipleto take ary languagesay English(or Dutch or German to befair, but thatdoesnot
malke too much of a difference). In principle, the resultingformalismsshouldnot be affectedtoo much by the
choiceof languagebut it is temptingto justify certainconstructdy claimingthatthey explain theuseof thebare
NP or the definitedetermineiin English,arguablyoneof the mostwidely spolenlanguage®f theworld, but still
only oneamongthousandsOf coursethevery samedeplorabldimitationsapplyto the studiesthat! will present
in Chapters6—7;thedatarepreseneducateddmericanEnglishandStandardHigh Germanhardly languageshat
suffer from lack of attentionby researchersTo conducta typologically more satisfying study was beyond the

scopeof this thesis,not leastbecausany comparatie functionalresearcHacesmary methodologicaproblems
(Chestermari998).
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obsenation is that sometypesof pronouns,suchasreflexives, needto be boundby an an-
tecedentin theirimmediatesyntacticvicinity. To give anideaof the machinerythatis needed
to formalisethis obsenration, | will presenta shortsummaryof the classicalGovernmentand
Binding (GB) binding theoryasdescribedoy Haggeman(1994, Chapterd). First, we needa
specialstructuralrelationon syntaxtrees,c-commangdwhichis usedheaily in GB theory

Definition 4.1 (c-command) A nodeA c-commandsa nodeB iff

(i) Ais nota daughterof B in the syntactictree

(i) Bis nota daughterof A

(i) thefirstbranching nodethatis a motherof A is alsoa motherof B

Reflexivesandreciprocalsarebound In generatre theory only thesetwo typesof pronouns
arecalledanaphorsBinding is definedasfollows:

Definition 4.2 Binding A binds B iff A c-command®3 and A and B are co-indeed, that is,
shae thesamerefeent.

Now, we canformulatethethreeprinciplesof Binding Theory:

Principle A (anaphora): An anaphorX mustbe boundin the smallestdomainthat contains
X, the governorof X and either a subjector an abstractagreementlementspecified
for numberandgenderthat occursin subjectpositionwhich is co-indexedwith X. This
domainis alsocalledthe governing category.

Principle B (pronouns): A pronounmustbe freein its governingcateory. Freemeansnot
bound'.

Principle C (other referring expressions): All other referring expressionamust be free ev-
erywhere.

In Example4.1, the subject‘The Lecturerin RecentRunes”is co-indexed with the transitve
objectof theverb“to shave”. It is thesubjeciof themajorclauseto whichtheverbis associated.
Thatclauseis the domainin which the transitve objectmustbe bound,andthe only available
subjectis theLecturer If theobjectof “to shave” is ananaphoyrsuchasareflexive, Principle A
stipulatesthatit mustbe co-indexed with our specialistin RecentRunes becausehe anaphor
mustbe boundin thatclause.If, onthe otherhand,the objectis a pronoun,thenthat pronoun
mustbefreein thatclause andhencejt maynotbeco-indexedwith the Lecturer

(4.2) [The Lecturerin RecentRunes] shaves[himself];.

Thesethreeprinciplesare of coursenot the last word on Binding Theory and the extent to
whichthey applyis still debated For example,Levinson(1991)arguesthatalthoughPrinciple
A maybetruly syntacticPrinciplesB andC canbe motivatedpragmaticallyusinggenerakon-
versationalmplicaturegGCI). TheseGClspositstrongbut defeasibledefaultsfor interpreting
referringexpressions.
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SocialConstraints: Finally, let me mentionsomeconstraintghatarediametricallyopposed
to the Binding Theorywe have just discussed—socialonventions. As the following example
demonstratesocialandstylistic conventionscanbe so strongthatthey preventthe uninitiated
from resolvingpronoungo the correctdiscourseentity:

JuliusCaesar: NachdemVercingetorixvon den Galliern geschlagenwar,
legte er seineWaffen dem ruhmreichenFihrer zu FuRen

[.]

Romanl (to Roman2): Vonwemredeter?

4.2) Roman2: Vonsich. Er sprichtvon sichhaufigin derdrittenPerson.
' Romanl (to Caesar):  EristgrofRartig!
Caesar: Wer?
Romanl: Nalhr!
Caesar: Ach, Er!

from (Goscinty andUderzo1971/1974)

Pronounsare usedto draw lines between“us” and “them” (Brown and Gilman 1960,
MuhlhauslerandHarré 1990). NorbertElias putsit thisway:

Der Satzderper$nlichenFurworterrepiasentierdenelementarsteKoordinatensatajen
mananalle menschlicherisruppierungenanalle Gesellschafteanlegenkann. Alle Men-
schengruppierensichin ihrendirektenundindirektenKommunikationemiteinanderals
Menschendiein bezugaufsichselbst‘ich” oder*Wir” sagengdie “Du”, “Sie” oder“lhr”

in bezugaufdiejenigersagenmit denersiehierundjetztkommuniziererund“Er”, “ Sie”,
“Es” oder im Plural,“Sie”, in bezugauf Dritte, die momentaroderdauerndaul3erhallnler
hier undjetzt miteinandekommunizierendefersonestehen. (Elias1970,pagel33)

Although the first- and second-persopronounsthat Elias mentionsare not regardedas
anaphorian mostof theliterature they neverthelesspecifydiscourseentities,andtheirusehas
socialimpact. Not only do socialstructuresnfluencewho getsreferredto by which referring
expressionsthereare also class-specifistratgiesfor structuringco-specificatiorsequences.
For example,Hemphill (1989)found thatworking classgirls tendedto maintainthe discourse
topic by pronominalanaphorandellipsesacrosspealerturns. Middle-clasgyirls, ontheother
hand,tendto restatethetopic with afull NP whenthey mentionit for thefirst timein aturn.

RelationsbetweenReferring Expressionand Co-Text

Therearethreebasictypesof relationsbetweera referringexpressiorandits co-text:
1. it accesseadiscourseentity thathasalreadybeenestablishedn the discoursemodel,
2. itislinkedsomehav to otherdiscourseentitiesin theco-text, suchaspart-wholerelations,
3. it mentionsa completelynew discourseentity.

Onthefollowing pageswe will discusseachof themin moredetail.
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The BaseCase: Identity. The relation betweenanaphorand antecedenbr sponsoris not
always straightforvard. Evenif both accesghe samediscourseentity, their linguistic forms
canberelatedin threefundamentallydifferentways: morpho-syntacticallysemanticallyand
pragmaticallyBraunnuller 1977,Cornish1986).We have syntacticrelationswhenthe seman-
tics of the anaphoricexpressionis largely determinedoy the semanticsof the antecedentln
Example4.3,expressior standsn sucha syntacticrelationto expressiornl. Cornishexplicitly
restrictsthis relationto grammaticamorphemesvhich functionasanaphorasuchaspersonal
andpossessie pronouns.Semantiaelationsrely on lexical semantiaelationsbetweerrefer
ring expressionssuchashyporymy, hyperorymy, andsynorymy. For example,“book” (re-
ferring expressio) is a hyperorym of “grimoire” (expressior2). Cornishfiles anaphoréahat
repeatheheadnounof theantecedengxpressionpr full NPsthattake up anearlierverb,under
the cateyory “other anaphora”but if we allow for a richer setof possiblesemanticrelations,
onethatalsocoversrepetitionsandmorphologicalderivations,we canalsoclassifythesecases
undertheheading‘semanticrelation”.

Finally, therearethoserelationsthat canonly be establishedy world knowledge. If you
have notreadAppendixA.2 already or if you arenot familiar with the works of Terry Pratch-
ett, you shouldhave problemsin establishinghe link betweenexpression8 (“the ape”) and
expressior3, which accessethe entity correspondingo the Librarianof UnseerlJniversity.

(4.3) [The Librarian of UnseenUniversity]; gently dusted[the old grimoirel,. [He]; put
[the book], backon [the shelf;. [The cover]s had beenreally dirty, but now [it] ;
gleamedbeautifully. [The ape} waspleasedwith [[his]y work],.

Suddenly [the Librarian};; heard[footsteps];. [A student]; emeged from [the
darkness), to ask[him]5 a question.[They]¢ talked for a while, then[he];; went
backto work, polishinganddusting.

In fact,writersoftenusedefinitesin orderto recallpragmatianformationabouta discourse
entity. Definite descriptionscanbe analysedasa functionthatis appliedto a discourseentity
(Lobner1985, Fraurud1990); this function can predicatepropertiesof that entity which the
addressedid not know yet, but hasto infer from cornventions.Whetherthat attemptsucceeds
dependdargely on whetherthe requiredpragmaticrelationsare known to the addresseelFor
example,if youdid notknow Anguaasawerenolf, only asamembeiof the Ankh Morpork City
Watch,andif | wereto sayto you: “Oh, | sav our little werewolf lastnight. It wasfull moon
again’, youwould be completelypuzzled.The following exampleis anothemiceillustration,
with ascholarlycommentby an(initially) puzzledlinguist:

Example:

... Mr Hart's campaignin Washingtonhaseffectively acknavledgedthat if the senator
is to gainthe nomination,it will not be in the primariesand caucusesying ahead.(The
Guardian21.4.84 page8)

Comment:

Indeed whenl originally readthe article from which (30)a,for example,is taken,| imme-
diatelytook the senatorto referto someotherindividual thanMr Hart, but quickly revised
this interpretationon finding that therewasno othernamedor inferableindividual within
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thediscoursecontext whichit mightcoherentlydescribelt is importantto remembernow-

ever, thatanaphor®ftenindirectly inform theaddresseef somepropertyof their referent,

of whichthey may previously have beenunaware.
(Cornish1986,Example30(a),page24; Footnote9, page33)

In general the expressionghat peopleuseto specifydiscourseentitiesdependvery much
on their currentsituationmodelandin particularon the setof beliefsthatthey hold. These
problemshave alsobeendiscussedindertheheading'point of view”. Whenresolvingreferring
expressionsn astretchof discourseit is importantto know the “psychologicalpoint of view”
of the personfrom whoseperspeciie the discourseas written; analgorithmfor resolvingsuch
referenceganbefoundin (Wiebel1994).

Bridging: It becomesaven more difficult to establisha connectionto the co-text whenthe
anaphoiis associativein otherwords,whenthe anaphorevokesa new discourseentity which
is linkedto otherdiscourseentitiesin the precedingco-text (Clark 1977,AsherandLascarides
1998,Charolles1999).For example theNP “the cover” (expressioré in example4.3)standgor
“the coverof thebook”. It canonly beresolhedby somebodyvhoknowsthatbookstendto have
covers. Similarly “the shelf’ (expressionb): Bookstendto be storedon sheles. Suchcases
have alsobeencalledbridging or textual ellipsesin the literature. The term “textual ellipsis”
points out the fact that the communicatorhas ‘elided’ a term that explicitly establisheghe
relationbetweeranaphoandco-text. In theremaindenf thisthesis| will usethetermbridging
for the phenomenoiitself becauset is thetermthatis mostoften usedin the psycholinguistic
literature,andassociativeanaphorfor theanaphoriexpressionshatneedto beresolhedusing
bridginginferences.

Many scholarshave attemptedo classify bridging relationsinto typesaccordingthe con-
nectionbetweernhe anaphomndits sponsor Exampledor sometypical bridgingrelationscan
befoundon pagel02f.. Clark (1977)arguesthat suchclassificatiormay be pointlessbecause
they cannever hopeto be exhaustve. Whatis importantfor resolvingan associatre anaphor
is that a bridge betweenanaphoranda sponsotin the co-text canbe found at all, not thatthe
bridgeis of a specifictype. Sometypesof bridging relationshave receved particularattention
in the literature, eitherbecausdhey touch on interestingsemanticproblems,or becausehey
can be modelledusingrelationssuchas merorymy or hyporymy that are a stapleof lexical
semantics.

Plurals: Formal semanticisthiave long beeninterestedn the resolutionof plural pronouns.
(Kamp andReyle 1993, Chapter5) discusssomeof the problemswith pluralsin the light of
DiscourseRepresentatiomheory For example,expressiornl6 in Exampled.3refersto boththe
Librarianandthe student A relatedquestionis: Underwhich conditionscanwe usea pronoun
in orderto referbackto oneof the constituentof a coordination?The pronounin expression
17 eventuallyresolesto theLibrarian,but only aftertherestof thesentencéasdisambiguated
thereference.

Evolving Entities:  Sofar, we have beendiscussindhow discourseentitiesareinitialised (first
mentions)andaccessedHowever, onecrucial operationis still missing: updates A discourse
entity canchangeduring a discourseup to the point thatit ceasedo exist asa separatentity.
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The examplesfor suchevolving anaphos typically revolve aroundtwo question:How do we
referto trans\estiteg Example4.4),andhow longis achickenstill achicken(Example4.5)?In

thefirst example,we canreferbackto JuliusMaria N. aftertherevelationthatheis femaleby
two pronouns:malesingularandfemalesingular The malepronounwould point to theinitial

descriptionthefemalepronounis licensedoy therecentdiscovery of his/her(?) truesex. In the
seconexample thechickenis still availableasadiscourseentity, eventhoughit haslong since
ceasedo beacoherenentity in reallife. Recentresearcttentreson the degreeof ontological
change(or, in the caseof the unfortunatechicken,decompositionjhata discourseentity must
undego beforeit cannotbereferredto by a pronounarymore(Kleiber 1997).

(4.4) Durchdie Belastigungunsere€hemieassistenteluliusMariaN. wurdevon unserer
Verwaltung festgestellt,daf3es sich bei ihm um eine Assistentinhandelt. (Wittich
1976/1986page52)*

(4.5) Kill anactive, plumpchicken. Preparet for theoven,cutit into four piecesandroast
it with thymefor 1 hour. (Brown andYule 1983,Examplel6, page202)

First Mentions: At first sight, it appearsntuitively clearwhich referringexpressionsount
asfirst mentionsandwhich do not. But whenwe setoutto determindirst mentionsn data,the
picturesuddenlybecomedlurred. Whataboutcoordinationsvhereall of the coordinatedNPs
have never beenmentionedn the discoursebefore?Do they establistnew discourseentities?
What aboutNP modifiers,suchas*“Firth” in “the Firth School"? WhataboutNPsthatoccur
in idioms, suchas“a stroll” in “to take a stroll”, or “a few more pages”in “to write a few
morepages”?Theseopenquestionded BehrensaandSass€1999)to concentrat®nly onthose
referringexpressionghatreferbackto an alreadyestablishedliscourseentity, discardingfirst
mentionsalmostentirely. | call this problemtheinitialisation problem:Whendoesa discourse
entity becomeavailablefor anaphoriceference?In dialogueresearchthis problemhasalso
beenanalysedinderthelabelof “grounding” (c.f. e.g. Traum1994,Poesicand Traum1997).

A particularlyinterestingnstanceof theinitialisationproblemareanaphoricislands(Postal
1969, Ward, SproatandMcKoon 1991). Originally, Postal(1969) claimedthatanaphorsan-
not have antecedentthataresomehav partof lexical items. He calledtheseitemsanaphoric
islands. In particulay this would imply thatit is not possible(or at leastextremely difficult)
to refer backto a part of a compoundor the sourceof a derved word. But thereare plenty
of exceptionsto this rule. In the following example,the first exampleis clearly out, while the
othershave all beenclaimedto be acceptableat leastidiolectally (Douloureux1971,Corum
1973):

(4.6) * Theblondegotit caughtin thefan. vs.
Thegirl with theblondehair gotit caughtin thefan. (Postall969,Example8)
(Germanrequwalent: Der Blondinehatessichim Fon verhakt.
DemMadchemit demblondenHaarhatessichim Fon verhakt.)

4.7) McCarthyitesarenow puzzledby his intentions.(Postall969,Example4?2)
(Germarequvalent: Kantianersind mittlerweile von seinenSchriftenverwirrt.)

4Becaus®f theharassmerf our chemistryassistanguliusMaria N., it wasdiscoveredby our administration
thatheis in factafemaleassistant.
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(4.8) Whenlittle Johnry threw up, wasthereary pencil-erasem it? (Douloureux1971,
Example7d)
(In Germanequvalent,adwerbinsteadof pronoun: Als HanscherKlein kotzte,war
daRadiegummidrin?)

Oakhill and Garnham(1992) had subjectsjudge the acceptabilityof somedoubtful casesof
anaphoricreference which included anaphoricislands. They reportthat subjectstendedto
rejectthemaspoorstyle. This resultpartially validatesPostals (1969)initial intuition.

After this excursionontoremoteanaphoridslands et usnow returnto normalgy—or what
researcherBave arguednormalg to be. The prototypicalfirst mentioncomeswith anindefinite
article (Heim 1983, Kamp 1981). Weinrich (1976, page168f.) postulateghatthe indefinite
article directsthe attentionof the addresse& what follows, while the definite article directs
his attentionto whathascomebefore. This receved wisdomhasbeenshatteredepeatedlyby
corpusstudiesoneof thebest-knavn of theses probably(Fraurud1990). Shefoundthatmost
of thedefinitedescriptionsn hercorpusof newspapearticleswerefirst mentions Furthermore,
definitestendto be preferredasfirst mentionsif the discourseentity is the beginning of a co-
specificatiorsequenceThesefindingsarecorroboratedy the corpusstudiesin Chapter6 and
AppendixC. Whatcouldcommunicatorsntendwith this pattern?

To get anideaof the possibleanswey we needto go backto semanticresearchnto the
meaningof definites.Thereis along-standingontrorersybetweersemanticisteboutwhether
a definitedescriptioncanonly be usedfelicitously whenits referentis unique,or whetherthat
referentneeddo beidentifiable(Lyons1999). Theuniguenessypothesiswhich canbetraced
backto (Russell1919/1993)stateshatthereis oneandonly onereferentto which the definite
descriptionrefers. The familiarity (or identifiability) tradition, on the otherhand,assumeshat
thedefinitedescriptioncontainsenoughinformationfor theaddresset identify thereferent.l
will notattemptto arguefor oneof the positionshere.Let mejust spellout whatthey meanfor
first-mentiondefinites. On the identifiability hypothesisthesedefinitesprovide the addressee
with enoughinformationto immediatelyidentify the referentof the expressionto constructa
new discourseentity with stronglinks to the precedingco-text or the larger situation(c.f. also
thetypology of definitereferringexpressiongliscussedn Hawkins 1978). On the uniqueness
hypothesisthereferringexpressiomprovidessufiicientinformationsothattheaddresseeannot
confusethe discourseentity it evokeswith other alreadyexisting ones. Thus,no matterwhat
hypothesisyou subscribeto, it intuitively makes sensethat mary co-specificatiorsequences
startwith adefiniteNP—whenegerthatis possible of course.

It is commonfor definitedescriptiondo occurasfirst mentionsof a discourseentity (Frau-
rud 1990), but not for pronouns. Suchfirst-mentionpronounshave receved much attention
from psycholinguistgOakhill, GarnhamGernsbacheandCain 1992,Gernsbachet991,Car
reirasandGernsbachet992),who dubbedthemconceptuabnaphoa. Table4.1 summarises
thethreetypesidentifiedby Gernsbache1991). Thesefirst-mentionpronounsaresocommon
that native spealers hardly judge them ungrammaticabnymore, althoughprocessings more
difficult for thoseconceptualnaphorshatdo notreferto collective sets.
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Type Example
multiply occurringitemor | needaplate.
frequentlyoccurringevent Wheredo you keepthem?

generictype | wasreally frightenedby a Dobermann.
They aredangeroudeasts.
collectivesets Lastnightwe wentto hearanew jazzband.

They playedfor nearlyfive hours.

Table 4.1. Typesof conceptuabhnaphoraafter (Gernsbachet991); examplesfrom (Oakhill
et al. 1992, Tablel, page261)

4.1.2 The Processingbomain

In the precedingsection we discovereda veritablebestiariumof referringexpressiongandtheir
uses.We saw thattherearemary otherconstraintontheform of referringexpressionsghanen-
tity statusandwe foundabewilderingnumberof relationshetweeranaphorandtheirsponsors
andantecedentskFromthe overview, threemain operationson discourseentitiesemenge: ini-
tialise,accessandupdate Eachparticipantn thediscourséhasherown discoursenodelbased
on herPersonaExperienceTheory;this is the sourceof the point-of-view problemsdiscussed
earlier

Whennew discourseentitiesareinitialised, the entity is created andaninitial description
is constructean the basisof thereferringexpressiorandadditionalknowledgefrom memory
Webber(1981) emphasiseshat it is importantto constructcogentinitial descriptions. The
reasonfor this is simple: the morean addresse&nows abouta discourseentity, the betterhe
canidentify it whenit returnsin the discourse.Whatkind of informationdo we needfor this
initialisationprocedure?

1. We needto know how muchinformationthereis in the referring expressionitself and
whetherwe needto retrieve additionalinformationandwherewe might look for it. Pro-
nounsvery likely requirespecialstratgyies,anddefinitedescriptionshouldsendthe al-
gorithm scurryingfor afitting placein the currentmentalmodel (Johnson-Lairdl983),
especiallyif they areshort. In AccessibilityTheory theform of thereferringexpression
would determingheradiusin which potentialantecedentaresearched.

2. We needto know whereand how the new entity is supposedo fit into the discourse
model. Doesit fill aslotin anactivatedschema?Doesit triggerinferencedo establish
coherenceMow is it linkedto other existing, entities?

The necessarynformation for the secondpart, the integrationinto the discoursemodel,
shouldcomefirst and foremostfrom the discoursemodelitself; the structuralentity statusof
alreadyestablishecentitiesis a secondarysourceof relevantdata. The first part, determining
how muchinformationthereferringexpressioryieldsanddecidingonthe processingtrataies
to try—thatis puremanagement.

Whena discourseentity is accessedwve needthefollowing information:
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e knowled@g aboutthe entity Underthat heading,l subsumeall that we know aboutthe
discourseentity, in particular all thathasbeenpredicatedaboutit in thediscourse.

e co-text: relateddiscouseentities. Sincediscourseentitiesarelinked via co-occurrence
relationsandbackgroundknowledge,oneentity cansene asthe accessouteto another
Suchconnectionsare necessarywheneer anaphoricand antecedenéexpressionare re-
latedneithersyntacticallynor semanticallyasin the following example.

(4.9) GerdandMaria, two researcherat the sameinstitute,go for a swim together
every now andthen. [Gerd]; swimsslowly, but steadily That's why [Maria’s
colleague}; prefersto go swimmingwhenthe poolis lessfull.

The secondexpressionthat refersto Gerdis not a pronoun,althoughthat would be al-
lowedhere;insteadthereaderasto activatethe appropriateconnectiorvia Maria.

e cont«t: relateditemsor knowledg schematain a long-termstore. For otherpragmatic
andall semantiaelations,suchashyporymy or merorymy, we needto acces&nowledge
thatis keptin along-termstore.In Example4.9,thereadercouldalsohave identifiedthe
referencao Gerdcorrectlyif hehadassumedhatslow swimmersdon't like full pools.

e salience Thisvariableis computedoy mary resolutionalgorithms(for a classicexample,
seelLappin and Leass1994). It forms an importantpart of almostall theorieswith a
cognitive basis. Sincethereare potentiallyinfinitely mary links to co- andcontext, and
sincemuchinformationcanbe storedabouta discourseentity in the courseof along text
or conversationwe shouldhave somekind of salienceorderingon thosethreekinds of
informationaswell.

Finally, we needto updateour discourseentities,addingnew information,new connections
to other entities,and changingthe actiation of both the entity itself and the threekinds of
accessnformationthatwe have identified. The caseof evolving anaphordiasshovn thatnew,
contradictoryinformationaboutan entity shouldnot necessarilyoverrideold information. In
otherwords,we needto tracehow andwhenthe entity changesluringthediscourse.

What!| have presentean the precedingpagess not a theoryof how discourseentitiesare
managedRather it describesvhatsuchatheoryshouldbeableto explain—atthevery least.

4.2 How do PeopleProcesslexts?

Justas| have evaluatedseveral theoriesof discoursestructurewith respectto what they say
aboutstructuralentity statusin Section3.3, | will now review a few psycholinguistidheories
of discoursgrocessingo seewhatthey cantell usabouthow discourseentitiesaremanaged.
Why this focus on cognitive theoriesinsteadof on semanticor pragmatics?First, asl have
alreadymentioned,mary theoriesof entity status(or “givenness”)usetermsfrom cognitive
psychology suchaslong- or short-termmemory Suchtheoriescan only profit (and some
have alreadyprofited)from looking behindthefolk-psychologicalinterpretatiorof theseterms.
Secondpsycholinguisticss an experimentalscience.Onceatheoryof entity statushasbeen
couchedn termsof apsycholinguistidheory awholenew arrayof methodsdecomeswvailable
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to testit. Finally, in the partof the computationalinguisticsliteraturethat speak®f discourse
entities,researchertendto assumehat somethingik e discourseentitiesare not only needed
for the computationarepresentatiomf a discourse.They arealsoneededior modellingthe
mentalrepresentationf a discourse.

The remainderof this sectionis structuredinto threeparts. First, in Section4.2.1,1 very
briefly review the cognitive foundationsof discoursecomprehensionthe structureof mem-
ory andthe inferencegpeopledraw in processingliscourse.l thenreview two approacheso
the processesf referringexpressiongSection4.2.2): the Mental Modelsperspectie, andthe
ScenarioMapping and Focus (SMF) perspectie. In Section4.2.3,1 comparewhat the two
perspectiescantell usaboutthe managemendf discourseentities.

4.2.1 Cognitive Foundations: Memory and Infer encing

Let usstartwith themostbasicquestion:Whatis it thatwe aresupposedo retrieve knowledge
from and storeknowledgein? Whatis memory? In fact, nobodyknows for sure(Glenbeg
1997),but therearesomefairly standardvorking hypothesesvhich aresurweyedin greatdetail
by Baddelg (1998).His work will be my mainsourcefor thefollowing paragraphs.

Thereareat leasttwo component®f memory:a short-termstorageg(STS)anda long-term
storage(LTS). The contentof the LTS is oftenreferredto collectively asworld knowledg in
discoursecomprehensionesearchandshort-termstorages referredto asshort-termmemory
althoughBaddelg arguesthat this term shouldbe resened for a certainsetof experimental
techniques.

Working Memory: The STSactsassomekind of working memory it storesa very small
amountof informationthat helpsperformthe cognitive tasksat hand,suchasdiscoursepro-
cessingBaddelg (1998)proposeshatthis workingmemoryis modular It consistof acentral
executive, whichin turn controlsa numberof subordinatedystemssuchasa visuo-imaginary
scratchpaar thephonologicaloop. This multitudeof subsystemappearsecessarginceses-
eraltaskscanrunin parallelin working memory Whentasksare similar enoughto interfere,
or whentherearetoo mary tasksat the sametime, performancejn particularreactiontimes,
onthesetasksfalls. The centralexecutive controlsandcoordinategsheseconcurrentasks.Fol-
lowing NormanandShallice(1986),Baddelg assumethatthe availablecapacityis distributed
amongthesetasksby two mechanismsan automaticcontentionscheduleranda supervisory
attentionalsystem(SAS) that can modify or interruptbehaiour “at will’.  The phonological
loop is subdvidedinto anarticulatorycontrol processanda phonologicalstore. The articula-
tory controldoesnot dependon peripheraimusclesthereforeit hasbeensaidto control“inner
speech” speechat a stadiumwheremotorcommandsarestill merelyplanned.It is alsoactive
in readingcomprehensiorfeedingreadmaterialinto the phonologicalstore.

Whenthe working memoryof a personis small, it will be difficult for herto procesdis-
course(Danemarand Carpenterl983, Justand Carpenterl992). The reasonis givenin the
following citation, which at the sametime providesa bird’s eye view of the compleities of
mentaldiscourseprocessing:
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Theworking memorysystemis supposedo beimplicatedin text comprehensiobecause
of its capacityfor simultaneoustorageand processingf information. During text com-
prehensiorthesesimultaneousapabilitieswill be neededbecausef the requiremento
recognisevords, retrieve their meaningsandparsesentencesyhile simultaneouslynte-
gratingthe currentsentencevith whathasgonebefore,andderving anintegratedmodel
of thetext asawhole. (Oaknhill 1996,page79)

The capacityof working memorydiffersfrom personto person(JustandCarpenter1992),
sothatany simulationof thatpartof memorywill needto includecapacityasa parameterex-
amplesof sucha simulationin the context of computationalinguisticscanbefoundin (Walker
1993,Cahn1998).

Fromthisbrief review, we canderive severalconsequencdsr themanagemeruf discourse
entities. Firstly, a terminologicalquibble—it might be betterto stoptalking aboutshort-term
memoryandstarttalkingaboutworkingmemory keepingn mindthecomple structurgustde-
scribed.Secondjt doesnot make senseo go througha text andstatethatthis or thatdiscourse
entity will surelybein workingmemory Working memorywill bestrainedoy mary otherpro-
cesseshanresolvinganaphoriaeferenceln orderto predictwhatwill bein working memory
when,we needto modelthesecomprehensioprocesses moredetail,andwe needto statethe
capacitythatour simulatedaddressess supposedo have. The Construction-Intgrationmodel
of Kintsch (1988) makes quite detailedpredictionsabouttheseaspectswhich have alsobeen
incorporatednto a simulation. The main downsideof this modelis, however, that codingis
very elaborateandtime-consumingastheworked examplein (Kintsch 1985)shaows.

World Knowledge: The short passageuotedfrom (Oakhill 1996) highlights two further
problemsin text comprehensionwhich inferencesneedto be madeat what point, and how
doestext comprehensiomteractwith thelong-termstore(LTS)?We will discusseachof these
two issuesn turn, beginningwith LTS.

Justlike working memory the long-termstoreis by no meansa monolithic unit. There
appeardo be a semanticmemory whereknowledgeis stored,episodicmemoryfor events,
and proceduralmemoryfor sequencesf actionsand skills. This tripartite division roughly
correspondso that proposedby Tulving (1985). Neuropsychologicaévidencesuggestghat
thereis a separateautobiographianemoryfor the eventsof one's own life (De Renzi, Liotti
andNichelli 1987). How knowledgeis organiseds anothercontentiousarea.A conceptfrom
Artificial Intelligenceresearchhatis still popularwith psycholinguistss the schema(Schank
1977,Schankl982,Minsky 1975,NormanandRumelhartl978). Schemasanbecharacterised
asfollows:

1. they have variableghatcanbefilled dependingon the context in whichthey areapplied,
2. they canbeembeddednto oneanothey
3. they represenexperiencesnotrules,

4. they areactively usedin processingncomingperceptuatiata,notonly in discoursecom-
prehensionbut alsoin facerecognition etc.
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Whenan addresse&nows the relevant schematdor a particulardiscoursehe canprocess
it fasterandrecallit better(Bartlett1932,Bransford BarclayandFranks1972).Schank(1982)
distinguishedbetweerplans,scenesmemoryorganisatiorpackets(MOP), andthematicorgan-
isationpoints(TOP). TOPsencodehigh-level structuralanalogiedbetweenwo situations.An
examplefor a TOPis the analogybetweenwriting athesisandhaving a child. Both processes
cantake a long time and be very painful. Planscouplesequencesf actionsto motivations
andgoals. Scenesssociatgoalsandactionswith typical settings. Scenesanbe hierarchi-
cally organisedinto sub-scenesthey canbe very specificor very general. Batchesof scenes
that keepco-occurringare organisedinto MOPs, which might againbe organisedinto meta-
MOPs. Kellerman,BroetzmannLim andKitao (1989)apply the conceptto discourseanaly-
sis. Using recordeddialoguesthey identify the sceneghat contribute to the MOP of “getting
acquainted”.Someof the sceneshey identifiedwere’greeting’, ’health’, ’introduction’, ’edu-
cation’, or ’hometovn’. Whetherwe shouldassumehattherearefixedMOPsandschemasor
whetherthesestructuresshouldratherbe viewed asemepent,is still hotly debatedBaddelg
1998,EysenckandKeanel995).

Inferences: How addresseasseworld knowledgein understandingdiscourseas awide open
researclyuestion(Singerl994).GraesseandKreuz(1993)identify eleventypesof inferences,
which arereproducedn Table4.2. Referentialinferenceis the first and mostbasicinference
readerscanmalke. It is right at the top of the table,andyet, aswe have seenon page62, the
connectiondbetweeranaphorandtheir antecedentaresorich thatresearcherdespairof ever
developinganadequateéaxonomyof them.

Graesserand Kreuz (1993) subscribeto a constructionistview on discoursecomprehen-
sion. Whenaddresseeprocessa discoursethey constructa modelof it (a situationmodelin
the tradition of (van Dijk andKintsch 1983, Kintsch 1988),a mentalmodelin the schoolof
(Johnson-Lairdl983)),andin orderto constructthat model,they needinferencesrom world
knowledge,bothon-line,while they reador hearthe discourseandoff-line.

But theseinferencesarenot dravn automatically Addresseesometo texts with a specific
purposen mind, andthatthis purposedeterminesow they will readthe text andwhich infer-
enceghey will chooseo drav. Whataddressedsnow aboutgenrecorventionsor specifictext
typessuchasnarratvesor expositorytext comesinto play here,becausdhat determinesow
they will expectthetext to be structured Work onthe comprehensionf narratveshasshaowvn,
for example,thatthe deedsandmisdeed®f primary characterpersistiongerin memorythan
thoseof secondarycharactergc.f. the reviews of Sanfordand Garrod1994,van denBroek
1994).

The comple interactionbetweenreaderpurposeandrecall hashardly be studiedyet; no
wonder sincemostexperimentaketupgequiresubjectdo readpointlesstexts for no particular
purpose GraesseandKreuz(1993)malke precisepredictionsaboutwhichinferencesvould be
madein which experimentaketup.For example,areademwho readsa narratve suchasa short
storywould draw inferencesf classed, 2, 6, 9, 10,and11 online,andthe othersoffline.

The problemwith a constructionistpproachsuchasthatfollowed by GraesseandKreuz
(1993)andindeedmary otherpsycholinguistgvan Dijk andKintsch 1983, Glenbeg, Meyer
andLindem1987,Glenbeg, Kurley andLangston1994,Fletcher1994)is thatthey assumehe
situationmodelto containmary inferencedrom the text, whereall informationsthat are not
explicitly statedn thetext areinferred.But who decidesvhichinferencesaremadewhen,and
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No. Typeof Inference Inferenceis . ..

1 refeential co-specificatiorwith antecedenbr sponsorin
thetext

2 causalantecedent causalchain betweencurrentaction, event, or
stateandco-text

3 causalconsequence forecasteatausalkchain

4 instrument instrument used when agent executesinten-
tionalaction

5 instantiationof nouncategory sub-catgory or exemplarof mentionechoun

6 supeordinategoal goalthatmotivatesagents action

7 subodinategoal goal, plan, or actionthat specifieshow agents
actionsareachieved

8 state ongoingstate;caninclude beliefs, knowledge,

or personalitytraits of agentspropertiesof ob-
jectsandconceptsandspatiallocations

9 thematic mainpoint of thetext
10 emotionof reader emotionreaderexperiences
11 authorsintentor attitude authors motivein writing atext andattitudeto-

wardsthetext, its moral,or its content

Table 4.2. Typesof Inferencesn DiscourseComprehensionAfter (GraesseandKreuz 1993,
Tablel, pagesl48—-149)

wheninferencingis supposedo stop?McKoonandRatcliff (1992)proposea radicalway out
of this quandary:readernly make thoseinferenceson-line,thatis while readinga sentence,
which requireminimal effort. Theseareall inferenceghatarenecessaryo establisHocal co-
herencesuchasthosethat are neededo establishco-specificatiorsequencesandinferences
thatcomefrom generaknowledge,suchas“a collie is adog”. They do not expectinferences
thatarerequiredto establishglobal coherenceo occurexceptwhenthey suitthereaderspur
poseandareohvious.

This so-calledminimalisthypothesifiasbeenhotly debatedor severalyearsnow (Trabasso
andSuh1993,FoertschandGernsbachet994,SanfordandGarrod1998). Thatcontroversyis
extremelyimportantfor the managemenof discourseentities. If we assumehatsomesort of
mentalmodelsareconstructedthenthey will exert powerful constraintson how new referring
expressionsare to be interpretedand provide standardaccessoutesto discourseentities at
particularlyprominentpositionsof the model. A secondconsequences thatglobal coherence
will becomemoreimportant,sinceto build a mentalmodelof a discourserequiresthatit can
beinterpretedasa (somehav) coherentwhole. If, onthe otherhand,local coherencewhichis
thedomainof e.g. CenteringTheory(Groszet al. 1995),is ascentralasMcKoonandRatcliff
(1992)claim, linguistictheoriesof the processingf referringexpressionsmeedo rethinkwhich
linguistic structuresaresupposedo play a partin local coherenceandto whatextentdiscourse
structureinformationis really necessary

Thebrief surwey in this sectionhasdemonstratethatif linguistswantto coupletheirtheo-
riesaboutthe managementf discourseentitieswith theoriesabouthow discoursas processed,
they cannotjustretreatto “a” standardheory but needto choosebetweencompetingtheories
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thatmale differentpredictionsaboutwhatis importantfor anaphoraesolution.

In the following section,| presentwo psycholinguistiapproaches anaphoraesolution,
the Mental Models perspectie to discoursecomprehensionand the ScenarioMapping and
Focus(SMF) theoryof SanfordandGarrod(1998). The Mental Modelsperspectie wascho-
senbecauseét represents true blue constructioniseaccountwhile SMF hasadoptedelements
of both the minimalist and the constructionistperspectie. | have intentionally left out the
construction-intgration model of Kintsch (1988). Becauseof its tight links with linguistic
theory it is discussegassimhere. Its foundationswerediscussedn Section3.2.2,anda lin-
guistictheoryof referringexpressionghatis compatiblewith it will be outlinedbelow, when
we discusghework of Talmy Givonin Section4.3.5.

4.2.2 Theoriesof ProcessingReferring Expressions

The Mental Models Perspectve: Mental modelsare structuredmentalrepresentationthat
have beenusedto theoriseabouta variety of cognitive processingasks,from reasoning(c.f.
e.g.Johnson-Lairdl983, Johnson-LairdByrne and Tabossi1989, Johnson-LairdByrne and
Schaekn 1992)to discoursecomprehensiofrfc.f. e.g. Garnhamand Oakhill 1992, Garnham
1996). When addresseemterpreta discourse they constructa comple« mentalmodel, and
discourseentitiesareentitieswithin thatmodel. Mental discourseentitiesaretightly linkedto
referentsn a possible(real or imaginary)world, becausenentalmodelsaregenerallyseenas
representation®f sucha world. New utterancesre integratedinto the modelincrementally
They arefirst transformednto a propositionarepresentatiorandthenintegratedinto themen-
tal modelof the currentdiscourseby a systemof rules(Johnson-Lairdl983). Mental models
areby no meansstableor completejndeed they changecontinuouslyandareoftendefectve.

MentalModelstheorypredictsthatthe preferredantecedentsf pronounsarestronglyinflu-
encedoy knowledge-basedhferencesFor example with verbssuchas“to blame”,if X blames
Y, thenY will have donesomethingo angerX. Hence,in asentencdik e thatin Example4.10,
the preferredantecedenof the pronounis Bill, not John(Garnham Oakhill and Cruttenden
1992,Garnham Traxler, Oakhill andGernsbachet996)

(4.10) JohnblamedBill becausde. ..

The modelsalsodirectthekind of inferencedrom world knowledgethatwill be madeduring

processing.A text is (globally) coherentf the addresseean constructa mentalmodel for

it. Hence,inferencesaredirectedtowardsbuilding a specific,coherentmodel,andelaboratve

inferenceghat do not contribute immediatelyto thattask shouldnot occur This implies that

whena new discourseentity is integratedinto the mentalmodelof a discourseit is integrated
astightly aspossibleinto the existing representationrandthe betterandthe more detailedthe

model,themoreeasilya discourseentity will beaccessedWheninformationaboutadiscourse
entityis updatedthisupdateaffectsall otherrelevantaspect®f themodelaswell, sothatglobal

coherenceés notlost.

The morea personknows abouta certainsubjectmatter the moredetailedher modelsare,
themorequickly shecanmake therequiredinferencedo processa discoursgTardieu,Ehrlich
andGyselinck1992). This facilitatory effect even occurswhensheis presentedvith input for
anothemodality, picturesthatestablisha mentalmodelvia the visualchannelGlenbeg et al.
1987).
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minimalism Text —  Proposition

MentalModels Text —  Proposition —  MentalModel

C/I model Text —  Proposition — SituationModel
— World Knowledge — SituationModel

SMF Text —  World Knowledge [— MentalModel/

Propositions]

Figure 4.1. Comparisorof SMF theoryto othermodelsof discoursecomprehensionAdapted
from (SanfordandGarrod1998,pagel68ff.)

Stevenson(1996) discusseow pronounsare resohed in a Mental Models framework.
Pronounsarein generalresoled to the focusedslot of the mentalmodel of discourse.This
focusedslotcanbethoughtof asthebackward-lookingcentreof Centeringwhichis thecurrent
centreof attentionandlinks a sentenceo the precedingco-text.> The focusis determinedoy
two typesof processegop-dovn processesuchasfirst mentionpreferenceHere, first mention
meanghatadiscourseentityis thefirstto bementionedn asentence(GernsbacheHargreares
andBeemanl989)or thematicrole preference¢Stevenson Crawvley andKleinman1994),and
bottom-upprocessesuchasparallelismor connectves. Both stratgiesinteractdynamically
Top-dovn cuesinitialise the focus. Whenbottom-upsearchcuesoccurin thetext, or whenthe
main verb hasbeenfound, which enableghe addresse#o usefurthertop-dovn cuessuchas
thematicroles,thefocusshiftsagain,andsoon.

The ScenarioMapping and Focus(SMF) Perspectve: The ScenarioMappingand Focus
(SMF) accounbf discourseeomprehensiowasdevelopedby SimonGarrodandAnthory San-
ford, two researchergho have publishedextensively on anaphoraesolution(SanfordandGar
rod 1981,GarrodandSanford1989,SanfordandGarrod1989,Garrodand Sanford1994,San-
ford andMoxey 1995,SanfordandGarrod1998). This summaryis basedargely ontherecent
(SanfordandGarrod1998).

Contraryto otherapproachesyhich positthattext is translatednto anintermediatgropo-
sitionalrepresentatiofKintsch 1988,McKoonandRatcliff 1992,GarnhamandOakhill 1992),
GarrodandSanfordassumehatincomingdiscourseas directly mappedntoworld knowledge.
Figure4.1 compareghe proposedorocessingstepsfor Minimalism, Mental Models, andthe
Construction/Intgrationmodelto the stepsproposedn the SMF account.

The linguistic input is processedncrementally Wordsand phraseswhich are (somehw)
linguistically salientare processednore deeplythan others(Bartonand Sanford1993). The
integrationprocesss guidedby bottom-upinformationfrom linguistic form, suchasfocusing
constructionsandtop-davn scenarioswhich areto alargeextentdervedfrom verbsemantics.
Knowledge-basethferencescanonly be triggeredby the currentlyrelevant scenario(s).This
greatly limits the numberof possibleinferencesand makes the model psychologicallymore
plausible. Sanfordand Garrod (1998, page186) assumethat skilled communicatorgprovide
sufficient cuesto the requiredscenariogarly on. Scenariosareretrieved from memoryusing
a fast, passve process.“Passve” meansthat retrieval proceedsautomatically Goal-directed
inferencesappearto comein later, afterthe discoursenasbeenprocessedh afirst passon the

SCenterings discussedn somemoredetailin Section4.3.2below.
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text-basedmemory  knowledge-basednemory
dynamic  explicit focus implicit focus
static memoryfor discourse world knowledgeandscenarios
(relatively)

Figure 4.2. The Memory Model of SMF Theory Adaptedfrom (Sanfordand Garrod1998,
Figurel, pagel62andFigure2, pagel63)

basisof automaticallyactivatedknowledge. This later stageis wherementalmodelscanbe
built, andwherefor examplealternatve interpretation®f complex quantifiedsentencesanbe
explored(SanfordandGarrod1998,citing unpublishedvork by SanfordandMoxey).

The SMF model assumeghat discourseentitiesand scenariogelevant to processinghe
currentstretchof discourseare storedin a dynamicpart of memory while knowledgeabout
the world and aboutpotentialscenariosas well asa representatiomf the previous discourse
arekeptin arelatively staticmemory Figure4.2 illustratesthis partition. The dynamicpartis
dividedinto an explicit andanimplicit focus. The implicit focus containsverb interpretation
schematandframes.It doesnot have alimited capacityandbelongsto the currentlyactivated
long-termmemory Explicit focus, on the otherhand,is restrictedto thosediscourseentities
that have not beenintegratedinto a scenarioyet. Theseentitiesarekeptin working memory;
capacityfor themis limited. Togetherimplicit andexplicit focusrepresenthe currentstateof
discourseprocessing.Discoursehistory is represente@s a traceof connectiondbetweenthe
setsof implicit andexplicit foci thathave beenusedto processhediscoursesofar.

4.2.3 Comparisonand Evaluation

In this section,| have takena somavhatunusuaklpproacto reportingpsycholinguistiaesults
on co-specificationMost authors(a prime exampleis Ariel 1990,Chapter0.3) cite animpres-
sive arrayof results,andintegratetheseresultsinto the datathattheir theoryneedso account
for or becompatiblewith. Thereis nothingto be saidagainsthis procedure.
Psycholinguistspntheotherhand,searchthespaceof linguistic theoriesor adequatenod-
els of languageprocessing.Gordonand Hendrick, for example,recentlytried to marry Dis-
courseRepresentatioMheory (Kamp and Reyle 1993) and experimentalresultson referent
processing1998,1997). Centeringtheory(Groszet al. 1995)is anothergoodexamplefor a
cooperatiorbetweeringuistsand psycholinguists Centeringpredictsthatif its rulesarevio-
lated, texts will appearlesscoherent.Psycholinguisthave thenoperationalisedhis criterion
(here:coherence)suchasthelesscoherenttext, thelongerit will take peopleto readit (Gor-
don,GroszandGilliom 1993,Hudson-D’ZmuraandTanenhau4998).Centeringalsosuggests
thatthebackwardlooking centrecorrespond$o the currentfocusof attention.Whenthecenter
of attentionis manipulatedsystematicallyn a productionexperimentthereferringexpressions
peopleuseshouldconformto thatprediction(Brennan1995,Brennan1998).
Suchanexchangebetweeringuisticsandpsycholinguisticxanalsogo in the otherdirec-
tion: Giventhatmary linguistictheoriesof referringexpressionaindgivennesseedto fall back
on somenotionof memory somerestrictionson processingsomemodelof communicatoand
addresseayhy not take themdirectly from psychologyinsteadfrom commonsensmtuition?
Thisis, if | haveinterpretechis recentpublicationgGivon 1995b,Givon 1995a Dickinsonand
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Givon 1997)correctly the positionof Talmy Givon.

So,whatcanwe learnfrom MentalModelsandSMF abouthow discourseentitiesareman-
aged?n bothapproachegjiscourseentitiesaretied ascloselyaspossibleto the mentalmodel
that correspondgo the text or, for SMF, to the currentscenario. Anaphoricexpressionghat
requiresemanticandpragmatidinks canberesohedby tight links to world knowledge.Links
to the co-text are establishedvithin the currentmentalmodel(Mental Models), or within the
web of pastexplicit andimplicit foci that Sanfordand Garrodpositasa long-termdiscourse
representationSanfordand Garroddo not assumehat mentalmodelsneedto be constructed,
althoughthey do not excludethatthey arebuilt atalaterstageof processingfor examplewhen
comple quantifiedsentenceseedto berepresentedActivationis modelledquite elegantly by
the SMF theory;their explicit focus,which wasinspiredby the focusspace®f Grosz,is a set
of currentlyactivateddiscourseentities. Thecomputatiorof saliencen amentalmodelsframe-
work is morecomplicated Stevensormodelsit asaninteractionbetweertop-dovn preferences
andbottom-upcues.

As farasl cansee how therepresentatioof discourseentitiesshouldbeupdatedvhentheir
propertieschangeis still very muchan openquestion. In the Mental Modelsframework, the
completementalmodelis updatedcasnecessaryGlenbeg et al. 1994).In the SMF framework,
Bartonand Sanford(1993) have shovn thatwhethera necessaryipdateoccursor not depends
onwhetherthe new informationis madesalientlinguistically.

If anew entity is introducedby a definitedescription both approacheslo not predictarny
problemsaslong asthatentity correspond$o a slotin the scenaricor mentalmodelor canbe
connectedo it by easyinferencesNo separatéypologyof bridginginferencess necessarand
it is clearwhy suchatypologywould befutile, becausé would betantamounto atypology of
therolesthatdiscourseentitiescanplay in all scenarioghatcouldever be conceved. Therich,
directedinferenceghatareavailablefor accommodatingssociatie anaphorarealsoavailable
to guideaccesdo establishe@ntitiesalongthe connectionslreadyin the model.

Both approachesllow to modelthat somediscourseentitiesare more salientthanothers.
Sanfordand Garrodkeepactivatedentitiesin explicit focus, while Stevensonshows thatit is
possibleto definea Centering-styldocusof attentionon mentalmodelsoncewe candefinethe
appropriatgroceduresor shiftingthatfocusaccordingo top-dovn andbottom-upinfluences’

A Mental Modelsapproachhasthe adwvantagethatit builds on a very generalapproacho
cognitive processingJohnson-Laird.983). Input from differentmodalitiesis easilyintegrated
in acommonmodel. The SMF theoryis attractive in thatit combinesthe parsimoty of min-
imalism with the powerful knowledge-basednferencesof mentalmodels. Both approaches
alsohave their weaknessesMental Model theoryhasfrequentlybeencriticisedasnot formal
enoughsincethey aresupposedo be analagical representationsf a real or imaginaryworld.
Othercriticismsincludethatthey emphasis¢éop-dovn informationtoo much. SMF theoryalso
raisesa numberof questions:Wheredo the scenarioxomefrom? How fixed arethey? Can
they bemodelledasemepgentstructures?inguistswho would lik e to explicateentity statusin
oneof thetwo framevorksneedto considerthesecriticisms.

8Readersvho are familiar with the psycholinguisticliterature on pronounresolutionwill noticethat| have
giventhe notion of saliencevery shortshrift here. The reasorfor this is simple: | am not focusingon the reso-
lution of referringexpressionsere,but on therole of discourseentitiesin psycholinguisticheoriesof discourse
comprehensionFor a recentsurey of relevantliterature,see(Arnold 1998,Chapterl) or (Garrodand Sanford
1994).
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4.3 Hierar chiesand Taxonomies

In the previous sections| surweyedthe datathat theoriesdiscourseentity managementeeed
to cover, and highlightedhow psycholinguistshave approachedhe problem. Now, | turn to
solutionsthat have beenproposedby linguists. Thesesolutionshave often beencouchedin
the form of taxonomies Thesetaxonomiesare evaluatedaccordingto how well they predict
which forms of referringexpressionshouldoccurin which contets. As we have seenearlier
on page58 ff., we cannotexpectthatany singletaxonomywill explain all of the variationwe
find in arbitrarytexts. Otherinfluencessuchasage,socialclass,andcornventionsin discourse
communitiesaredefinitely not negligible. Neverthelessye cansafelypredictthattaxonomies
whichrelateto themanagementf discoursesntitiesshouldexplain by farthelargestpercentage
of variation. Thereasons clear:If anaddressess to processadiscourseajuickly andaccurately
referringexpressionshouldhelp him find the entity they specifyasquickly aspossible.

In thesuney presentedh thissection] limit myselfto taxonomieghatareintendedo cover
all formsof referringexpressionsThis meansexcludingfor examplethe taxonomyof definite
descriptionusesdiscussedy Hawkins (1978,1991). We begin in Section4.3.1with a classic
linguistically motivatedtaxonomy that of Prince(1981), which hasbeenmodifiedfurther by
Lambrech{1994)onthebasisof work by Chafe.Then,| moveonto theorieghatbuild moreor
lessonthe cognitive processingf referringexpressionsThefirst of thesels CenteringTheory
(Section4.3.2). Next, in Section4.3.3,1 introduceMira Ariel’s Accessibilitytheory which
modelshow the accessibilityof a discourseentity influencesthe form of the corresponding
referringexpression.TheimplicationalGivennessiierarchyof Gundel Hedbeg andZacharski
(1993),to bediscussedhn thefollowing Sectiond.3.4,is concevedon similar lines. Finally, we
move to two scholarswvho have takenthe cognitive foundationsof their respectre approaches
very seriously:Talmy Givon (Section4.3.5)andWallaceChafe(Section4.3.6).

4.3.1 Familiarity

Prince(1981)developednherfamoustaxonomyof givennesssa reactionto the confusionthat
surroundsthe term “givenness”. She cateyorically restrictsher taxonomyto discourseenti-
ties. Amongthethreesense®f givennesshesurweys, predictability(Halliday 1967),salience
(Chafe1976) and sharedknowledge (Kuno 1972, Clark and Haviland 1977), shedecidesto
modelsharedknowledgein moredetail, becauset appearsnorefundamentato herthanthe
others.Herleadingquestionis: how canwe assumehatknowledgeis sharedthatsomethings
alreadyfamiliarto thelistener?And, asacorollary, aretheregradation®f assumedamiliarity?

Prince developeda taxonomyof AssumedFamiliarity that relies largely on the sources
wherewe canobtaininformationaboutthediscourseentity thatareferringexpressiorspecifies.
Thecompletetaxonomyis givenin Figure4.3.

If thereferentof anexpressions co-presenteitherlinguistically in thetext or physicallyin
the immediatecommunicatiorsituation,thenit is evoked Princesubdvidesthis catejory ac-
cordingto thereasorfor co-presencdgextual (Exampled.11.b)or situational(Example4.11.c).
Brown (1983b)suggestedntroducinga new sub-catgory of “textually evoked”, “displaced”.
This category coversinstancesvherethe last mentionof a discourseentity occurredseveral
utterancesack, asopposedo in the currentor last utterance. The distinction explainsto a
large extentwhy sometextually evoked entitiesare specifiedby a full nounphrase othersby



76 4 The Managemenbimension

Assumedramiliarity

New Inferable Evoked
Containing Other Textually Situationally

Unused BrandNew

N

Unanchored Anchored

Figure 4.3. Princes Taxonomyof Assumedramiliarity

a pronoun: Pronounsspecialisan shortdistancego last mention,nounphrasesn long ones.
In practice,developing consistentschemedor distinguishingbetweendisplacedand evoked
discourseentitiesturnsoutto bedifficult.

Inferable (Example4.11.f) discourseentities can be connectedvia knowledge-basedn-
ferenceso alreadyevoked or otherinferable discourseentities (hencethe name). With her
categyory of Containinglnferrables(Example4.11.e),Princesinglesout oneof thesepotential
inferencespamelythatwhich connectshe memberof a setto its superset.

Entitiesthatare completelynew to the discoursethat have neitherbeenmentionedbefore,
nor canbelinkedto evokeddiscourseentitiesby inferencechains fall into two classesUnused
(Example4.11.g)entitiesare new to the discoursehut not to the addresseeyhile brand-nev
(Example4.11.a)discourseentitiesarenew to both. If abrand-nev entity is first evoked by a
referringexpressiorthatexplicitly links it to anotheyalreadyevoked, entity, thatentity is said
to bebrand-nev anchored (Example4.11.d).

(4.11)  a)[Poochiehrandnen unandored s anicelittle dogownedby my neighbours.
b) [He]textually evolked IS very friendly to strangers.
C) [You]situationallyevoled will hearmore aboutthe little bastardlater on in the

examplesof [this theSislaituationallye\/oled-

d) Notice that [the standardof theseexamples}andnen andored iS declining
rapidly,

e) in particular that of [the example you are reading at the
momenttontaininginferable

f) In [goodlinguistic examplewriting traditioninferaple

g) | will finally saysomethingcompletelyunfunry about[K ofi Annan},nused

h) Whatarelief to be sparedheusualU.S. presidenfor achange!

Later, Prince(1992)reducedhatdetailedschemeo two binarytaxonomiesdiscourse-old/ng
versushearefold/nav. Hearerold entitiesareunusedr evoked,while discoursenld entitiesare
textually evoked. Discoursenld/new correspondso thedistinctionbetweerfirstandsubsequent
mentions,which canbe labelledreliably even by relatively untrainedannotators.Lambrecht
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IDENTIFIABILITY

unidentifiable identifiable
— ACTIVATION

unanchored anchored

inactive accessible active

textually  situationally inferentially

Figure 4.4. Taxonomyof givennessccordingo Lambrecht(1994,Diagram3.25,pagel09)

(1994) integratesPrinces accountof assumedamiliarity with cognitive considerations.He
differentiatesbetweenidentifiability andactivation(c.f. Fig. 4.4). Whethera discourseentity
canbe identified dependson what the addressealreadyknows aboutit, or how familiar he
is with it. How strongly activatedit is, on the otherhand,is a matterof consciousnesand
attentionalstate.

Lambrechtintegratesidentifiability and activation into the hierarchygivenin Figure 4.4.
This hierarchyis the basisfor the largely source-basedoding schemeof entity statusthat |
proposen Sections.2. Unidentifiablediscourseentitiescorrespondo Princes brand-n&v ones.
In contrasto Princeandto the source-basedchemdrom Section5.2, Lambrechtproposesio
furthersubcatgorizationsof inferentialaccessibility Thetaxonomyalsodifferentiatedetween
threeactivationstatesinactive,accessibleandactive. Thesethreestategoughlycorrespondo
Chafesinactive, semiactve,andactive (c.f. belov Section4.3.6).

An activediscourseentity sitsin the addressee’'working memory;it hasbeenmentioned
very recentlyin thediscourse.f anactive entity doesnot getmentionedor a while, it ceases
to beactive andbecomedextually accessibleHowever, a previousmentionin thetext is nothe
only way of makingadiscourseentity accessibleit canalsobeevokedby scripts.For example,
whentalking aboutplanes,our cultural backgroundmmediatelyevokesthe conceptof a pilot
in us. Lambrechtcalls this type of accessibilityinferential accessibility The discourseentity
canalso be accessibldbecausdhey are presentin the situationaldiscoursecontect. This is
situationalaccessibility For example,if you have a printedcopy of thisthesislying onfront of
you, the paperon which thethesisis printedis accessiblérom the discoursesituation.Finally,
aninactive discourseentity canbeidentifiedby theaddressedyut hasnotbeenmentionedor a
while. In generalhierarchiegshatarebasedn familiarity, identifiability, or sharedknowledge,
for short, are more procedual than cognitive hierarchies. Insteadof just characterisinghe
cognitive stateof a discourseentity, they specify whereadditionalinformationabouta new
entity canbe obtained.Take thefollowing discourse:
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Cb(Ui) = Cb(Ui—l) Cb(Ui) 7 Cb(Ui—l)
Cp(U;) = C¢(U;) | continue smoothshift
Cp(U;) # Cs(U;) | retain roughshift

Table 4.3. Typesof transitionsbetweerutterancesmnodifiedafter (Brennaret al. 1987)

(A plane) p|_crashednto theground.
(Thepilot) p; managedo escapavith ashockbeforeit burstinto flames.

Let's assumehat the spealer is giving this exampleat a linguistics colloquium. In the first

sentencea new referent‘a plane”(PL) is introduced;the expressions referential. The hearer
constructsaa mentalrepresentatiofor thatplaneandaddsboththe planeandthe planecrashto

his focusof consciousnessAfter the sentencéhasbeenuttered,PL is active. Planesusually
have pilots, so that with the mentionof a plane,the pilot of that plane (PI) would become
semiactve. Whenthe pilot is in fact mentionedin the secondsentencethe referentof that
expressionis thereforeuniquely identifiable, and the pronounreferring to the plane can be

resoledbecausd€PL) is active. But while the cognitive accountmerelystatesthat (PI) hasa

certainstatusthefamiliarity hierarchytellsuswhy: becausd is partof theframeevokedwhen
mentioningplanes.

4.3.2 Centering Theory

CenteringTheory(Groszet al. 1995)is atheoryof local coherencevithin adiscoursesggment.
Discoursesggmentsareassumedo be hierarchicallystructuredaccordingo (GroszandSidner
1986). Thetheoryis basedntracking(director indirect) realisationf discourseentities.An
entity is directly realisedin anutterancdf thereis areferringexpressiorthatpointsto it. The
criteriafor indirectrealisationargely dependon the underlyingsemanticheory

EachutteranceJ; in adiscourses associateavith alist of forward-lookingcentes, C;. The
connectiorbetweenU; andthe precedingJ;_, is establishedia the backward-lookingcenter
Cp(U;), adiscourseentity that hasbeenrealisedin both utterances.Thereis at mostone (in
mostversions:exactly one)Cpperutterancel;, andthis Cycanonly be choserfrom Cg(U; ;).
The backward-lookingcentershouldbe the highest-rankingglementn C¢(U; ;) mentionedn
U;. Theelementson the Cylist arepartially ordered:the morelikely it is thata subjectwill be
Cof thefollowing utterancethe higherits rank.

Transitionshetweenutterancesare classifiedaccordingto two criteria: C,(U;) = C¢(U;)
(whetherthe backward-lookingcenterof an utterancaes its preferredforward-lookingcenter)
andCp(U;) = Cy(U;_1) (whetherthe backward-lookingcenteris maintainedacrosaitterances).
The commonlyusedtypesof transitionsare summarisedn Table4.3 (Brennan Friedmanand
Pollard1987,Walker, lidaandCote1994). Furtherrefinementsuchascostson transitionpairs
andadditionaltransitiontypesarediscussedn (StrubeandHahn1999).

Groszet al. (1995)do notclaimthatcenteringcanexplainfor any stretchof discoursdaken
from a contiguouddiscoursesggmentwhetherit is locally coherenr not. Rathery they setout
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to model constraintson referentialcohesionon the basisof the two datastructuresdefined
above, the Ciyandtheranked Cs-list. Extrapolatingfrom (Groszet al. 1995,Section5), we can

concludethata fully workedout CenteringTheoryshould

1. constraintheform in which discourseentitiesarerealisedn theutterance®f adiscourse
segment,dependingnwhetherthey arethecurrentCpor weretheold C;, anddepending
ontheirrankontheCslist. Currently only oneconstrainbnpronounshasbeenstipulated:

Definition 4.3 (Rule 1 of Centering) If any elementof the list of forward-lookingcen-
ters Cs(U; 1) is realisedby a pronounin U; thenthe Cpof U; mustbe realisedby a
pronounaswell. (Groszet al. 1995)

2. constrainthetransitionsbetweerutterancesn asegment.Thisis capturedoy Rule 2:

Definition 4.4 (Rule 2 of Centering) An interpretationthat yieldsa continuetransition
is preferredover onethatyieldsa retain,andretaintransitionsare preferred over shifts.

3. integratesyntactic semanticand pragmatianfluenceson local coherence

The actualconstraintson the rank of the forward-lookingcentersare hotly debated.The
classicaimplementatiorof (Brennanret al. 1987)usesmainly grammaticaloles:

(4.12) SUBJECT > DIRECT OBJECT > INDIRECT OBJECT > COMPLEMENTS > ADJUNCTS

A numberof researcherbave proposedanguage-specifivariations(seee.g. Walker et al.

1994, Turan 1998, Hoffman 1995, Di  Eugenio1998), For example, Walker et al. (1994),
working on Japanesanadeuseof thefactthatJapaneseodegopicality with a specialparticle,
-wa. Accordingly, they rank topics higheston the centerlist. Secondcomesthe entity with

whichthespealerempathisedpllowedby thegrammaticafunctionssubject(postpositiorga),

object2(postpositiorn), object(postpositiomo) andotherarguments.The completehierarchy
is asfollows:

(4.13) (GRAMMATICAL OR ZERO) TOPIC > EMPATHY > SUBJECT > OBJECTZ2 > OBJECT
> OTHER

OtherresearcherBave exploredpossibldanguage-independeoabnstrainton Csranking. Cote
(1998) proposedo rank the elementsof the Cs-list in termsof the underlyingLexical Con-

ceptualStructure(LCS) of the sentence LCS describeghe semanticof a sentencen terms
of arestrictedsetof semantigrimitives,which inter alia allows to cateyoriseverb aguments
accordingto their thematicrole. SinceLCS provides a principled way of determiningthe-

maticroles,Cote’s approactsubsumegrderingsbasedon thematicrolessuchasthoseof Tu-

ran(1995,1998). Anotheravenuethathasbeenexploredis whathasbeentermed‘information

structure”. Strubeand Hahn (1996), inspiredby (Dane& 1974a),partition the elementsof the

Cs-list into agivenelement(the Cy), athematic(the Cs) andotherelementsyhich aremoreor

lesscontectually bound. In their recentjournal publication,however, (StrubeandHahn1999)

switchto anorderingbasedon Princes (1981)familiarity hierarchy
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Although CenteringTheory has beenvery influential, it can be criticized on numerous
counts. Strubeand Hahn (1999, page339f.) list the following points. First it is not at all
clearwhatcountsasan utterancehence,t is not clearhow to processomplex sentencesor
possiblesolutions,seee.g. (SuriandMcCoy 1994, Kameyamal1998). Comple, nested\NPs
presentanotherproblem(Walker and Prince1996). The modelis alsofairly restrictedin the
rangeof anaphoricexpressionghatit covers. The modelhasbarely beenimplementedccom-
putationallyso far; and comparatre large-scaleevaluationsare scarce. Even worse, the first
suchevaluation,reportedby Poesio(2000),suggestsheory-internaproblemswith Centering.
They testeddifferentformalizationsof utterancesglifferentmethodsof rankingthe Cxlist, and
whetherimplicit realisationsshouldbe countedaswell asexplicit ones.They foundatradeof
betweerRule 1 (c.f. Definition 4.3) andthe constraintthat eachutterancemay have only one
Cp- As recentincrementaimodelsof pronounresolutionsuggestpronounresolutionmight be
lessaffectedby discoursesegmentboundarieshanmary researcherassumeénNalker (2000)re-
tainsCenteringasa modelof local coherencebut suggestshatit shouldalsobe appliedacross
segmentboundaries Shereplaceghe stackof focusspaceghat GroszandSidner(1986) pro-
posedby a moreflexible cachemodelof attentionalstate. Strube(1998)is even moreradical;
he discardsthe notion of a Cjyaltogether Instead,he proposesa list of potentialantecedents
orderedmainly accordingto their familiarity. Thatlist, called S-list, consistsof expressions
mentionedn the currentandin the precedingutterance.Iln orderto computehis ordering,he
useshothsurfacepositionanda tripartitefamiliarity scalebasedn (Prince1981),but modified
accordingto how accessiblean entity is to the hearer:old entitiesarethosediscourseentities
that the heareralreadyknows, be it from world knowledgeor from the precedingdiscourse
(Princes “unused”and“old”), new entitiesare brand-n& unanchoredliscourseentities,and
all otherdiscourse-ne entitiesareclassifiedasmediatedbecauseccesdo themis eitherme-
diatedby anexplicit anchoror by a bridginginference.

4.3.3 Accessibility

WhereCenterings restrictedto local coherenceand,in its currentstate,mostlyto predictions
aboutpronounsMira Ariel’ s (1990)AccessibilityTheorypurportsnothinglessthanto explain
how the systemof referring expressionof a languages organized. For this purpose shere-
sortsto afunctionalcognitive explanation:themorephoneticandotherlinguisticinformationa
referringexpressioncontains the moreinformationis neededo accesghe correspondinglis-
courseentity, andthe moreinformationneededo access discourseentity, the lessaccessible
it is. Ariel doesnotdistinguishdiscretedegreesof accessibility Instead sheordersall formsof
referringexpression®f alanguageon a scaleof increasingaccessibility Table4.4 reproduces
that hierarchyfor English. Ariel makesthe strongpredictionthatwhenit comesto choosing
theform of areferringexpressionsit doesnot matterwhich sourcethe discourseentity comes
from. All that mattersis how easily accessiblat is, be the sourcethe co-text, the physical
context, or world knowledge. Sherefinesthat point with respecto deixisin (Ariel 1998). The
only source-basedistinctionthatshouldaffect the distribution of referringexpressionshould
bewhethertherequireddiscourseentity alreadyexistsin thediscoursanodelor whetherit still
needgo beintegrated.This predictionis partially confirmedby the analysisof radionews data
presentedn Section6.3.

For Ariel, accessibilityis acompoundvariable,which is determinedoy four morespecific
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Accessibility Form Example
Low Full name + modifier Mr GerhardSchibder
the Germanchancelloysaid
(known referent) GerhardSchibdersaid

DefiniteDescription long thechancellorof Germaly said
short thechancellorsaid
Lastname Schibdersaid
Firstname Gerhardsaid
Mid Demonstative distal+ modifier thatelegantmansaid
proximal+ modifier this elegantmansaid
distal(+ NP) thatguy said
proximal (+ NP) thisguy said
Pronoun stressed gesture  HE (pointing)said
stressed HE said
High unstressed hesaid
cliticized said’e
gaps,agreementieflexives saidto himself

Table 4.4. Accessibility Marking Scaleafter (Ariel 1990, page73). The scaleis continuous.
Accessibilityincrease$rom top to bottom.

factors:

distanceto lastmention

the numberof competingantecedentécompetition)

salience which sheoperationaliseastopicality, and

thepresencer ratherabsencef ary discoursestructuralboundariebetweerantecedent
andanaphoi(unity).

Ariel doesnotclaimthelist to beexhaustve. We will meetthefirst two factorsagainin Chapter
7, wherewe will seethatthey areexceptionallyrobust (competition and powerful (distancé
predictorsof pronominalization. While thesetwo factorsare relatvely easyto measureon
corpora,the secondpair is not. Salienceis in itself a notoriouslymuddy notion, which has
beentaken by otherlinguiststo cover muchof thatwhatAriel would termaccessibility Unity
summarisesn Ariel’s definition (1990, page29) all aspectof discoursestructurethat might
potentiallybecomerelevant, suchaspoint of view or paragraphs.

In herown corpusanalysesAriel tendsto reducethe complex variableof Accessibilityto
that of its componentavhich is easiestto determinefrom corpora: distanceto last mention
(c.f. alsoSection5.5). For almosteachpair of adjacentforms on the hierarchy sheshavs
that they differ significantlywith respecto the averagedistanceto their antecedent.Strictly
speakingsuchanalyse®nly show thatdistanceo lastmentionis relatedo theform of referring
expressionsbut saynothingaboutthe compoundvariableof accessibility

Four aspectsareremarkableaboutAriel’s work. Firstly, shestrivesto accountfor a very
largerangeof phenomenaSheevenclaimsthatBinding Theorycanbeannihilatedf reflexives
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State Definition

typeidentifiable heareknowswhichtypeof objectis referredto

referential hearemeedsa representatiofor a specificob-
ject

uniquelyidentifiable hearercanidentify specificobjecton the basis
of thereferringexpression

familiar hearethasa mentalrepresentationf the object
referredto in memory

activated object representations in hearers short-term
memory

in focus objectrepresentation currentcenterof atten-
tion

Table 4.5. The Givennesd#ierarchy(Gundelet al. 1993)

andreciprocalswereto be analysedwith a more fine-grainedaccessibilityscale(see(Ariel

1994)and (Ariel 1990, Part Il) for details). Secondshesubstantiatesnostof her claimsby
corpusanalyses.Third, by working on a Germanic,Indo-Europeardanguage Englishanda
Semiticone, Hebrav, sheaddsan exciting typological dimensionto her work. Finally, she
appliesherresultsto the sociologicalanalysisof texts. Shefoundthatindeed,womentendto

be referredto by forms that ranked higher on the accessibilityscale,suchasthe first name,
while mentendedo bereferredto by Low Accessibilityexpressions.

It cannotbedoubtedhatAriel uncoveredextremelyinterestingpatternsof gradation.How-
ever, thereareseveralproblemswith themodelasit stands.Thecentralvariableof accessibility
is not specifiedvery precisely the contributions of the variousfactorsare not weighted,and
theinteractionbetweerthosefactorsis not very clear Thisis nota problemthatcanbe solved
by ary short-termresearctprogrammebecauséiriel hasdefinedheraccessibilityto be nearly
all-encompassingFurthermore the interactionbetweenaccessibilityand the choiceof lexi-
cal formsis not quite clear But sincefor Ariel, AccessibilityTheoryis firmly embeddednto
RelevanceTheory(SperbemandWilson 1995)asthe meandor accessingliscourseentitiesand
the correspondingontexts for further evaluation,we may expectthatthis is a problemwhose
solutionwill betakencareof by thattheory

4.3.4 The GivennesdHierarchy

Gundelet al. (1993)presen@animplicationalhierarchyof cognitive stateswhich they call the
GivennesdHierarchy(Table4.5). This hierarchyis restrictedto discourseentities. It describes
potentialcognitive statesof suchreferentsn the mind of the hearer If a spealer assumeshat
a discourseentity hasa certainstatus thenthis constrainghe surfacelinguistic forms shecan
useto referto thatentity: If sheis cooperatre, sheshouldonly usea form thatmeetsat least
thatstatus.In otherwords,unlessmostotherproposalsve have discussedn this Section4.3,
the Givennesgsierarchyis implicational. While all nounphrasesn adiscourseareatleasttype
identifiable(correspondindo the lowestlevel on the hierarchy),only very few arein focus(at
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thehighestievel onthehierarchy)atary giventimein ary givendiscourseBut thatanentity is
“in focus” doesnot meanthatit hasto bereferredto by a pronoun.In principle,we arefreeto
exchangehat pronounfor any form thatoccurson a lower level of the hierarchy For English,
Russianand Spanish Figure 4.5 shows for a numberof determinerswvhich statusa discourse
entity needdo have beforethey canbeusedin areferringexpressiorthatspecifieghatentity.

(4.14) 1 couldnt sleeplastnight.
a) [A dognext door]typeidentifiablekeptme awake. | don't know which onefrom
thedamnedroodmy neighbourkeepthatwas,| don't evenknow if thestupidbeasts
took turnsyelpingatthe moon. Anyway, whoe/erthatwas,[he]typeidentiﬁab|ehad
healthylungs.
b) [This dog next doorkefeential KEPtMe awake. It washowling so pitifully that|
hadto getup andcheckwhatwasgoingon.
c) [Thelittle Yorkshireterrierof my ”eighbour%niquelyidentifiablekeptme awake
lastnight.
d) [Poochie}ymiliar keptmeawake all nightagainwith his howling.
e) [That];ctivategkeptme awake. (Immediatelybeforethe sentencés pronounced,
Poochidetsouta pronouncedowl.)
f) Poochiehasthesehowling attacksfrom time to time, youknow. [He]i focuskept
me awake.

The six statesandtheir definitionsare summarisedn Table4.5. All nounphrasesareat least
typeidentifiable. Typeidentifiablenounphrasesio not refer (Example4.14.a). The definition
of type identifiability leadsto an interestingproblem. If genericnoun phrasesdo not refer,
thenthey aretype identifiable,no matterwhetherthey arerealisedasa pronounor asa full
NP. In long stretcheof discourseaboutkinds asin Example2.8, page9, the naturalkind is
boundto be pronominalisedsomeof thetime. But the theoryassumesaswe will seebelow,
thatpronounsshouldonly be usedfor entitiesthatareat leastactivated. Theresultingproblem
canbesolvedif we restrictoursehesto expressionghatreally refer, but this solutionexcludes
datathatlesssemanticallyconsciougheoriessuchasAriel’ s AccessibilityTheorywill have no
problemsdescribing.

A refeential expressionindicatesthatthe spealer hasa specificreferentin mind (Example
4.14.b).A particularcasel encountereth my dataappeardo beontheborderlinebetweerthe
two categories.Whennews writersusea phrasesuchas“a spokesmarfrom the White House”,
thenameof thespolesmanis irrelevant,thepersonis mainly referredto in orderto attributethe
informationcorrectly Whenthereis arealevent,suchasapressonferencebehindsuchanoun
phrasethentherewasa spolesmartherewho impartedtheinformation,andthe expressiorcan
be takento referto that particularperson.But if we just focuson the attribution function that
this NP fulfils, we canalsolabelthis NP asmerelytypeidentifiable. Thenext level of specificity
is uniquelyidentifiable Thedistinctionbetweerthis andthereferentialevel is subtle:whereas
thecompletesentencés neededn orderto determinghereferentof anexpressiorthatis merely
referential,a unigelyidentifiablereferringexpressiorprovidesall necessarynformationin the
nounphrasatself (Example4.14.c).

Familiar discourseentitiesareknown to theaddresseeitherbecausehey arepartof world
knowledge(the standardexampleis the currentAmericanpresidentyho at the time of writing
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wasWilliam JefersonClinton), or becausehey have beenmentionedn the precedingco-text.

The next cateyory, activated is definedin almostpurely cognitive terms. Activateddiscourse
entitiesarein currentshort-termmemory;they would correspondo the explicit focus setof

Sanfordand Garrod (1998). But discourseentitiesneednot be in short-termmemoryto be

activated;immediatephysicalco-presences alsosufficient. Thefinal cateyoryis in focus The

following quoteillustratesthat“in focus” means‘in the currentfocusof attention”here.

The entitiesin focusat a given point in discoursewill be that partially-orderedsubsetof
activatedentitieswhich arelikely to be continuedastopicsof subsequenitterancesThus,
entitiesin focusgenerallyincludeat leastthe topic of the precedingutteranceaswell as
ary still-relevanthigherordertopics. (Gundelet al. 1993,page279)

Gundel(1988)definesthe topic of a sentenceo be thatwhich the sentences about. Note
that Gundel,Hedbeg, and Zacharskisay nothingaboutexactly how likely is “lik ely”. They
alsoleave the door wide openfor suddenlyresuging discoursetopics, which happento get
mentionedagainafter a while during which they have stayedrespectfullyin the background.
Entities can be broughtinto focus by syntacticmeanssuchas topicalisationor by prosodic
means But linguistic meangdo not determinecompletelywhatwill befocussedGundelet al.
(1993)cite the exampleof a pronounthatrefersto anadjunctin the precedingclause.They ar-
guethatif theadjunctis somehav “salient” in the context, thepronominalreferencas licensed,
becausedhe entity that the adjunctspecifieshasobviously beenbroughtinto focus by some
mechanismasin Example4.15(Gundelet al. 1993,Examplell, page280). If theadjunctis
not pragmaticallysalient,the pronominalreferencevould be out, asin Example4.16 (Gundel
et al. 1993,Examplel0, page280).

(4.15) However, the governmentof Barbadoss looking for a projectmanageffor [a large
wind enegy projectly p.
I’m goingto seethemanin chage of [it] - p next week.

(4.16) Seardeliverednew sidingto my neighborswith [the bull mastif] ;.
# [It’ s]gas thesamedogthatbit Mary Benlastsummer
Anyway; this sidingis realhideousand. . .

Although theseobsenationscaptureinterestingpatternsof languagen use,l do not seehow
they couldbetranslatednto anannotatiormanualwithout avoiding circularinstructions such
as“if thereis a pronoun,try every trick of interpretationthatappearsomeha reasonabléo
youto justify thatit’ sin focus”. Nowheredoesit surfacemoreclearlythanin thesenstructions
for distinguishing“activated” from “in focus” itemswhat the Givennesdierarchyreally is:
a setof common-senseornventionsfor protocollingthe intuitions an addressedasaboutthe
accessibilityof discourseentities.

Treatedthis way, the Givennesdierarchyis anextremelyvaluableresearchool if we aim
to investigatehow differentpeoplewith differentbackgroundeactto andunderstandhe same
text. Whatis more,Gundelet al. (1993)have shavn thatthe categyoriesof the Givennesdi-
erarchycanbeappliedprofitablyto analysingdatafrom typologicallyvery differentlanguages:
ChineseJapanesd;nglish,RussianandSpanishHowever, it doesnottell usvery muchabout
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in focus> actv. > fam. > unig. id. > refer > typeid.
English it HE, this, thatN theN indef.thisN aN
that,thisN
Russian zero, on ON, eto etoN,toN zero+ N
(he’) (this’), to
('that’)
Spanish zero, el EL, este ese N (me- el N (the unN;zero+N
('he’) (proximal), dial), esteN N’)

ese(medial), (distal)
este(distal)

Figure4.5. Highestrequiredstatusof specifieddiscourseentity for determinersn English,Rus-
sian,and Spanish.Capitals: stressegbronoun. Zero: no surfacereferringexpression.Source:
(Gundelet al. 1993, Tablel, page284)

how discourseentitiesaremanagedThereasons that,asChafe(1994)hasnoted,it conflates
two relateddimensionsidentifiability andactivation/accessibilityBoth dimensionsareimpor-
tant,thatis why it will turnoutto performsowell in theanalyse®f Chaptei6, but conceptually
it might be betterto separatéhem.

4.3.5 Grammar asMental Processingnstructions: Givon

Talmy Givon hasmadetwo importantcontributionsto the study of how discourseentitiesare
managedHe proposecempiricalmeasure®sf the distribution of referringexpressionsandhe
developeda theory of grammaras mentalprocessingnstructionswhich statesthat the refer
ring expressiongunction asinstructionsfor constructingandretrieving discourseentities. He
hasdevelopedandrefinedboth contributionsover theyears(Givon 1983a,Givon 1992,Givon
1995b,Givon 1995a). This sectionis basedon two recentstatement®f his position, (Givon
1992,Givon1995a). We will first discusgshemeasureghentheconclusiondiehasdravn from
his corpusdataaboutthe mentalinstructionsof referencerocessing.

Corpus-BasedMeasures: The quantitatve measureproposedby Givon (1983a)are easy
to annotate andthus do not requirecomplicatedinferencesabouta spealer’s intentionsand
a hearers consciousnessl will focuson the two mostpopularof his measuresReferential
Distance(RD) and Topic Persistenc€TP) here. Both measuresire basedon co-specification
sequences.

ReferentialDistanceis distanceto lastmentionwith a twist: All distancegreaterthan20
clausesaremappedo thevalue20, which wasfixedarbitrarily; first mentionsarealsoassigned
this value. Theresultingmeasuras calledReferentialDistance(RD). Besideseferentialdis-
tance,which covers the anaphoricdimensionof co-specificationrsequencesGivon hasalso
developeda countfor the cataphoricdimension:Topic Persistenc€TP). This measureounts
how oftenan entity recursin the following stretchof discourse.The moreoftenit recurs,the
morecentralto thediscoursesegmentit is. Sincenodiscoursesggmentatioris presumed@ivon
positsan arbitrarylimit of 10 clausesafter the currentclause. From the researclreportedby
Givon, it appearshowever, that TP valuesclusterinto two large groups:thosebetweer0 and
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2, andthoselargerthantwo. SinceTP dependdo a large extenton the positionof a referring
expressionsn adiscoursesegment,it is neitheradirectmeasuref thetopicality of anentity in
adiscoursesggment,nor doesit tell uswhenexactly the entity is mentionedhext.

Both measure$iave their problems.Let us discusskD first, becauset is the mostwidely
known measure.Firstly, it lumpsfirst mentionstogetherwith mentionsof entitiesthat have
not beenaccessedbr awhile. As Chafe(1994)argues,discourseentity managemens multi-
facetedandoneof thesefacetsis clearly how new entitiesare introducedinto the discourse.
Introducinga new entity into the discourseandaccessin@n existing entity aredifferentoper
ations.True,if theaddresse®orgetsa discourseentity thathaslastbeenmentionedmary sen-
tencesago,thenit is effectively re-introducedvhenit reappearin the discourse But whether
anaddresse#orgetsan entity dependsn both his memoryandon therole thatthe entity has
playedin thediscoursesofar. Whenhe positsa cut-off valueof 20, Givon effectively averages
over all theseinfluences.| believe thatthis is methodologicallyproblematic. Either we make
our measuressindependenof the addresseaspossible thenwe cannotmotivatethe thresh-
old any more,or we strive for a cognitively realisticmodel,which meanghatthe RD measure
itself becomegyjuestionabl@andneedgo be supplementedhy a measurdghatcharacterisethe
role that an entity hasplayedin the discourseso far. In the corpusstudy of co-specification
sequenceseportedin Chapters.4, | have dealtwith this issueby assigninga specialstatusto
first mentions.For Chapter7, aspecialcategorical variable,D1sT, wasdefinedthatcodesboth
distinctions.

At first sight, TP appearsas arbitraryas RD. But thereis moreto that measurghanone
might think. Oncewe canderive our countsautomaticallyfrom co-specificatiorsequences,
the fixedwindow lengthis not asimportantary moreasit wasat a time wherecountshadto
be donemanually Thus,oneof the main pointsof contention the fixed window size,canbe
eliminated.Moreover, TP hasaninterestingnathematicaproperty:it canonly changeby -1, 0,
or 1 aswe move througha text clauseby clausethereforejt is assmoothasdiscretemeasures
canget.

ProcessingReferring Expressions: Givon himselfvividly deniesthatary of his measures
have ary directcognitive correlate Neverthelessthe quantitatve datathey have allowedhim to
collect,togethemith hisquesffor giving linguisticsasolid biologicalandanthropologicabasis,
have led Givon to a very detailedcognitive theoryof how referringexpressionsareprocessed.
Kintsch (1995)hasarguedthatthis theoryfits very well with his Construction/Intgration(C/I)
modelof discoursecomprehensiomrguablythe mostinfluentialin modernpsycholinguistics.
Givon assumeshatgrammarhasevolvedto be a fast, robust, roughmechanisnthat helps
addressee® constructbothlocally andglobally coherendiscoursedrom the input thatcom-
municatorgyive them. But grammarcuedcoherenceasGivon callsit, is alwayssecondaryo
vocahulary-cuedcoherenceBy this term, Givon meanghe knowledge-basegrocessesvhich
areso centralto botha Mental Modelsapproachand SMF theory but which arealsopartand
parcelof the C/I model,andwhich,asGarnhamet al. (1992)point out, areevenstrongerthan
grammaticalgendercuesin pronounresolution.Vocalulary-cuedprocesseareslow, but only
they provide the necessarynformationfor groundingnew informationin world knowledge.
Givon ervisions discourseto be representedn the mind asa network of nodes,againin
accordancavith the C/I model. The informationfrom incomingclausess filed underspecial
topic chain nodes Topic chainnodesarein turn groupedunderparagrapmodes.If we assume
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that topic chainnodescorrespondo discoursesggments,andif we further assumehat para-
graphnodescorrespondo segmentsat a higherhierarchicallevel, etc.,we candirectly derive
a notion of discoursestructurefrom theseterms. Clausedor Givon areboth majorandminor
clausesnot the large Major ClauseUnit thatwe will introducelaterin Chapter5, Definition
5.7. Clausesareorganizedsothatthey impartat mostonenew item of informationbasedon at
leastoneitem of alreadyknown information.

Therearetwo main classeof operations:attentionalactivation operationghat openand
closetopic nodesandsearch andretrieval operationghatlook for the groundinginstanceof a
referent.

Topic nodesstandfor a stretchof discoursewith a coherenttopic. In eachclause,there
is a topical refelent (= topical discourseentity) which determineghe node underwhich the
informationfrom thatclauses filed. This referentmayalsobe“realised”asazeropronoun.As
long asnew informationabouta topic keepsflowing in, thattopicis saidto beactive Whenthe
topicis changedtheold topic needdo beclosedandanotheroneopened Grammarcuestopics
via syntacticfunction: primary topicstendto surfaceassubjects,secondaryonesas objects.
Sincetopics are usually kept, not changed he claimsthat “[z]ero lexical markingis ... the
default choicein the grammarof referentialcoherence” Whenever thatprincipleis brokenfor
atopicalreferentit is likely thata new topic chainnodeneedso be activated. Only onetopic
nodecanbeactvatedatatime.

Any referentthatoccursin thediscoursanustbegroundedn a phrasghatcontainsatleast
onelexical morphemavhich canmake the appropriateconnectiorto world knowledge’ Givon
positsthe following principle of grounding.

A node—andhusthe referent-labethat activatesit for text-storage—musbe grounded

beforeit canbe activatedfor text-storage.

a. A new (indefinite)referentis groundedonly to its currenttext locationin the episodic

structurestill underconstruction.

b. An old (definite)referentis attachedo its currentlocationin the episodictext structure;

but it mustalsobe groundedo someotherlocationin somepre-&isting mentalstructure.
(Givbn 1995a,pagel02)

This citation shavs nicely the pros and cons of Givon’s framewvork. On one hand, he
presentsa detailedmodel,couchedn termscompatiblewith modernpsycholinguistidheory
Ontheotherhand the processingnstructionshecomesup with onthebasisof his corpuswork
aresweeping.For example,judging from thetexts | have analysedsofarin my comparatrely
shortlife asalinguist, new referentsdo not tendto be indefinite,at leastnot if they areto be-
comeimportantlateronin thetext. Introducingnew discourseentitieswith the indefiniteis a
patternone oftenfindsin narratves, but in genressuchasradio news (c.f. Chapter6) thisis
very unusual.In fact,in theradio news texts the distribution of definitesis suchthatit neither
favors first-mentionnor anaphoricuses. | would not hold that patternagainstthe radio news
writers; rather it appeardgo be popularin texts with a high informationaldensity The same
skew canbefoundin the BROWN-CoOSPEC data(c.f. Table7.7).

’Givonrestrictshimselfto nounsin (Givon 1995a) but sinceantecedentsf pronounscanalsobeverbphrases
or longerstretche®f discourse| have chosera moregeneraformulationhere.
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In sum,Givon’swork s ahighly interestingapproactonasolidempiricalandtheoreticaba-
sis. Fromthe perspectie of discourseentity managementye focusesnainly onimplementing
accessnechanismslnitialisationis givensomeavhatshortshrift, atleastin (Givon 1992,Givén
1995a).Givon emphasisethatnew entitiesareconnectedo the discoursenetwork assoonas
possiblehealsostateghatthe moreconnectionsthe easieranentity is to accessOn the other
hand, his modelalso coversaspectf structuralentity status,becausenis network modelis
essentiallya connectionistnodelof discoursestructure.ln contrasto e.g. Ariel’ s Accessibility
Theory Givon's model extendseasily to otherlinguistic markers of cohesion. It canalsobe
implementeccomputationally thereexist implementation®f its cognitive basemodel,the C/I
theory(Kintsch 1988, Kintsch 1995),andGivon (1995a)hasformulatedan explicit setof ma-
jor grammascuedoperationgor establishingeferentialcoherencéhatmight provide a starting
point for morethoroughexplorations.

4.3.6 Activation and ConsciousnessChafe

Finally, we cometo an approachthatis maybeclosestin spirit to the perspectie on com-
municationadwocatedby Gerold Ungeheuerthe work of WallaceChafe. Like Givon, Chafe
worksfrom empiricaldata,andlike Givon, heis interestedn the cognitive foundationsof lan-
guage. The presentsummaryof Chafes positionis basedmostly on (Chafe1994),wherehe
summarisesis positionsand makessomemore generalmethodologicapoints. All following
citationsreferto thatwork.

Chafes theoryof discoursecomprehensiois basedon consciousnesslo him, conscious-
ness'‘is anactive focusingon a small part of the consciouseing’s self-centereanodelof the
surroundingworld.” (page28). That self-centerednodel could be the PersonaExperience
Theory(PET) of eachpersonthat GeroldUngeheuepostulatedc.f. AppendixD). Whatis in
the focusof attentionis active Aroundthatactive area,we have a block of semiactivanfor-
mation(or peripheralconsciousnessyhich we have metearlieron page52 underthe heading
discousetopic. Sincethefocusof attentioncontinuouslychangesinformationkeepsdrifting
into andoutof focalandperipherakonsciousnesd his continuoudlow is theinformationflow
whichis sucha centralmetaphoin Chafes work. Chafeinterpretgheterm*“information” very
widely to meanevents,states,and concepts.Thus, he canalsotalk aboutthe givennessof a
verbor anadjectve.

On this conceptuabasis,Chafe describeghe givennessof a pieceof information using
threeactivationstates active, semi-actve andinactive. Activeinformationis in the “focus of
consciousnesgChafel987,page25). Semi-activenformationareconceptsvhich a personis
awareof, but notfocusingon atthe momentwhile inactiveinformationhasto befetchedfrom
long-termmemorywhenneededInformationcanbe semiactve for threereasons:

e eitherit hasbeenmentionedearlierin thediscourse,

e Orit is associatedvith informationthatis or wasactive, andhasbeenactivatedin long-
termmemoryasaresult,

e Orit is accessibleia physicalco-presencen thecommunicatiorsituation(c.f. Clark and
Marshall1981)
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The activation statean entity determineshow muchit coststo reactvate. The higherthe cost,
themorehelpthe hearemeedqandhopefullyalsogets). Althoughthis taxonomyis usefulfor
describingwhatgoeson in the mindsof spealer andhearerduring discoursejts operationali-
sationis quite difficult (Schitze-Colnrn 1994)—nowonder becauseChafes activation states
protocolwhatgoesonin themind of a hearemho hasto processa new chunkof discourseand
it alsodepend®nthe PET of thathearemwhatremainsn his consciousnessyhathedecidego
attendto, andwhatdrifts away quickly.

Like Lambrecht(1994),who heavily built on Chafes work, Chafedistinguishedetween
the identifiability of a discourseentity andits activation status. Identifiability meansthat the
hearercan connectthe referring expressionto an existing discousse entity, asbecomesclear
from Chafes discussionof genericreferentson pagel102f. True, the more highly activated
an entity is, the easierit is to identify, but all that countsin the endis that the hearerknows
whatthespealeris talking about—inparticularwhenthatentity is new to thediscourseThere-
fore, Chafeinsiststhatidentifiability and activation shouldbe kept strictly separate Whether
a discourseentity is easyto identify dependsamongotherfactorson whetherit belongsto the
commongroundsharedby speakrsandhearersandhow salientit is in the currentcorversa-
tion. Chafedefines(contextual) saliencehereasthe degreeto which a discourseentity “stands
out” from otherdiscourseentitiesthatmight be catgorizedin the sameway. But identifiability
is notimportantfor all nominalexpressions.n particularwhenthey occurin idiomsor near
idiomatic collocations,it is notimportantto identify the referentof the nounphrasatself, but
to identify the eventor statethatis beingreportedoy theidiom.

Spealkrspreseninformationto theirhearersn handychunks,ntonationunits. Theseunits
areusuallysmall,sothatthey easilyfit into working memory They aresubjectto whatChafe
callsthe“one new idea” constraint:thereshouldbe at mostonenew pieceof informationin an
intonationunit, andat leastone givenone. Subjectshave a specialstatusin this respect:they
mark startingpointsfor processinghe messageldeally, startingpointsshouldbe givenand
active. This led Chafeto formulatethe Light Subjectconstraint: Subjectscarry a light infor-
mationload. “Light” doesnotequal“‘given”, however. Althoughmostsubjectan corversation
areindeedboth given and active, someof themare merely accessiblésemiactve). If a sub-
jectexpressesiew information,for exampleif it introducesa brand-n&v discourseentity, then
thatinformationis trivial andthe new discourseentity will not be importantto the discourse.
Note againthatthe criteria Chafepositsare basedheavily on interpretationandintrospection.
Although peopleappearto agreequite well on which discourseentitiesareimportantin a text
andwhich arenot (Wright andGivon 1987),it is certainlypossibleto devise any hardandfast
criteria. The only approximatiorto suchameasuras frequeng of measure.

Chafes theory is perhapsthe most “communicatve” in the senseof (Ungeheuer
1967/1972a)hat we have surwyed so far. Since he intendsto explain how the flow of
informationin discourseis signalledby linguistic means,he avoids the temptationof one-
dimensionalityto which Ariel succumbedso eagerly In fact, Chafeviews her work as an
interestingexplorationof whathe hastermed*activationcost”, but clearlyseests limits. Since
Chaferesolutelytakesa communicatve stance annotatinga discoursewith his cateyoriesre-
guiresmuchintrospectionandinterpretation. This is not necessarilya badthing; in fact, we
needsuchresearchn orderto give meaningto quantitatve and experimentalresults. On the
otherhand,a linguistthatanalyses text, asBrown (1995)hasarguedsoincisively, will never
be ableto completelyre-constructhe perspectre of thosewho producedthem. Evenworse,
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a linguist needsto approacha discoursewith a heightenedattentionto detail, and an eye for
minute connectionsthat may easily lead her to interpretationghat were not intendedby the
addressees.

Finally, let ussummariseChafes approachn termsof how discourseentitiesaremanaged.
He coversinitialisation only indirectly, becausdisfocusis notonthepointatwhichadiscourse
entity becomegart of a discoursemodel, but on the point at which it is introducedinto the
peripheralconsciousnessk-or our purposeswe cansaythatif anentity is active or textually
accessiblét isin thediscoursanodel—althougtit is temptingto extendthediscoursenodelto
whatis only semiactve, but hasnever beenactive before. This temptationcanonly beresisted
if we assumehatit makessenseo distinguishbetweerworld knowledgethatis moreor less
relevantto the currentdiscourseanda traceof the pastdiscourseco-text. Chafes semiactve
discourse-ne referentgrovide a niceway of modellingsomebridginginferences.

Like Givon, Chafeis moreconcernedvith describingaccesghaninitialisation. Chafede-
scribesthe contribution of consciousnes® acceswia actvationstatesandthe contribution of
discoursecontect, communitymembershipandphysicalco-presenceia identifiability. He ad-
dresseshequestiorof updaten hisdiscussiorof how intonationunitsareorganisedanchoring
new informationto old.

4.4 Summary

If we wantto modelhow discourseentitiesare managedcomputationally we needto cover
threemainfunctions:initialisation,accessandupdate.Theupdatefunctionis perhapghemost
complex one,becausehathasto take into accountcurrentbeliefs,old beliefs,it hasto do awvay
with old beliefs, if necessary The accesdunction mustmanageconflicting beliefs, different
accessoutes pragmatiannuendo)exical semantiddetours andpronominalhighways.

In constructionistpsycholinguisticmodelsof discoursecomprehensionthesethreefunc-
tions aretaken careof by a moregeneralconstructthe situationmodelor Mental Model. To
access discourseentity meando access&nimportantstructuralcomponenbf the model,and
to initialise a discourseentity meando eitheradda new componento the model,or to re-focus
the model so that a meshof propertiesand relationssuddenlyappearsas a unit that can be
referredbackto later in the discourse.Our brief discussiornof first mentionshasshown that
it is difficult to determinethe precisetime at which a relatively randommeshmeigesinto a
relatively fixed unit. A possiblesolution could be that after eachutterancea numberof po-
tential discourseentitiesare availableto both spealer andhearer Entitiesthat were specified
by nounphrasesandthat play an importantpartin the currentdiscoursemodelare available
longerthanentitiesthatwould correspondo VPs or partsof the discourse Whenan entity is
successfullyreferredbackto anaphoricallyit hasbeengroundedandbecomesavailableasa
bonafide “conceptuakoathook” (Woods/ Webber).

Althoughmary theoristsattempto modelhow discourseentitiesaremanaged|, have found
no approachhatis both cognitively plausibleand easyto operationalise However, a few re-
searchersome close, Givon (1995a)with his resolutelyfunctionalistcognitive model, and
Chafe(1994)with hisresolutelyfunctionalistcommunicatre model. Theproblemwith Chafes
work is thathis cateyoriesarevery difficult to annotate.They requirea gooddealof interpre-
tationandintrospection.Givon’s measurespn the otherhand,arevery easyto measure They
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canbederived automaticallyfrom co-specificatiorsequencesyhich are,asl will arguein the

next chapterandin particularin Chapters.4, aboutthe only aspecbf entity statusthatcanbe

annotatedjuickly andreliably on large datasets. SincePrinces and Lambrechts taxonomies
needrelatively detailedhearemodelsin orderto beappliedsuccessfullythey will be explored

furtherin Chapter6 ontexts from avery specificgenrewith arelatively well-researchedalbeit

comple, communicatiorconfiguration.
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This chapteris an interludebetweenthe theoreticalpart of the thesis(Chapters2—4) andthe
empiricalpart(Chapter$—7). It is dedicatedo questionof methodology The basicquestion
| posehereis: How shouldcorporabe annotatedor studyinglinguistic correlatesof entity
status?

The sectionis structuredasfollows: First| critically review previous corpus-basedtudies
of entity status(Section5.1) and make somegeneralremarksaboutthe corpus-basedtkesting
of linguistic hypotheses.Then,in Section5.2, | definethe annotationschemethat | usedin
theannotatiorof theradionewstexts. In Section5.3,1 discussa quantitatve measuref entity
status:distancdrom lastmention.Distanceo lastmentionopensup exciting waysof statistical
analysis.In Section5.4, oneof themis exploredfurther: modellingco-specificatiorsequences
by stochastigrocesseskinally, in Section5.5,1 critically evaluatethe usefulnes®f measures
suchasdistancerom lastmentionfor researclon entity status.

5.1 Corpus-BasedReseach on Entity Status

It would lead too far afield to surwey all large-scalecorpus-basedtudiesof anaphorahere.
Thereforein Section5.1.11 presenanovervien of commonlyusedmethodologiesnddiscuss
one cross-genrestudy in detail, that of Biber (1992). Then,in Section5.1.2,1 focuson an
aspecthatis particularlyimportantfor the following empiricalchaptersannotationschemes
for sequencesf antecedentandanaphorsFinally, Section5.1.3presentsomeconclusions.

5.1.1 Corpus-BasedStudies: SomeExamples

Many classicstudiesare corpus-basedChafes (1980) PearStoriescorpus,which hasbeen
the basisfor much subsequentesearchthe corpusanalysesdocumentedn (Givon 1983c),
Frauruds (1990)studyof non-anaphoricefinites Gundelet al’s(1993)Givennesdierarchy
andAriel’s (1990)Accessibility Theory Their resultshave alreadybeendiscussedxtensiely
in Chapterd; now, | will summariseheir methodology

A very commonmethodis to take arbitrarytexts, oftenfrom magazinegournals,andnov-
els,andto analysethem. This appearso have beenthe procedurdollowedfor mary of theex-
amplesin (Ariel 1990). Brown (1983a)baseder studyof Topic Continuityin written English
entirely on the novel “Dr. No” by lan Fleming,and Givon (1983b)usesa spoken monologue
by amanfrom New Mexico. Although this procedurepermitsinterestingqualitatve insights,
theresultsaredefinitely notrepresentate.

Someresearcher&zho wantto make moregeneraklaimstake careto cover severalgenres.
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But they do not alwaysspecifythe distribution of their samplesacrossgenresor domainsand
sometimesvendo not specifytheir sources A goodexamplefor thisis (Gundelet al. 1993).
For studyingpatternf co-specificationn speechmoreandmoreresearchersecordtheirown
data,task-orienteanonologue¢Chafe1980,Nakatanil997)or dialoguegHockey 1998).

In all studiesfor which the researcherdave to collect the datathemseles, the amount
of dataandthe depthof analysisare severely restrictedby the time that they can spendon
gatheringandencodingtheir corpus.If, on the otherhand,the corporayou chooseto work on
arealreadyannotatede.g. with a syntacticparse you cananalysemoredatamorethoroughly
andefficiently. This is the strategy that wasfollowed by e.g. (Strubeand Wolters 2000) for
written languageand(Francis,Gregory andMichaelis1998)for speechApart from saving the
analystswork, sucha procedurénasanothercrucialadvantage Working on publicly available,
standarccorporamakestheresultsmoreeasyto replicate.

A numberof corporahave beencreatedastraining datafor anaphoresolutionalgorithms.
The MUC corpusconsistsof hand-annotatedevswire texts which were annotatedfor the
MessagdJnderstandingconferenceompetitionsusingthespeciallydesignedMessagéJnder
standingConference&Coreferenc&chemgMUCCS)wasdesignedOneof thelargesteffortsis
certainlythe LancastetAnaphoricTreebanka large body of texts from Americannenspapers
whichwasmarkedup with textual cohesiorrelationsfollowing (HallidayandHasanl976). The
annotationeffort is documentedn (Fligelstonel992, Garside,Fligelstoneand Botley 1997).
The corpuswas built in orderto sere as training datafor anaphoraresolutionalgorithms.
da Rocha(1997)labelledpartsof the London-Lundcorpusand a corpusof Brazilian Por
tugesedialogueshe collectedhimselfwith rich informationsaboutanaphotantecedent/sponsor
sequencesln particular he codedfor eachanaphotsponsorpair the resolutionstratey that
neededo be appliedin orderto find the sponsor He presentghe resultsin greatquantitatve
detailin whathe callshis antecedenlikelihoodtheoryof anaphoresolution(da Rochal998).
This theorylargely consistsof a structuredsummaryof the patternsin his data,arrangedn a
decision-tredormat.

Most corpus-basedtudiesfocus more on the linguistic patternsin their dataandlesson
automaticinduction of resolutionor generationalgorithms. From the large numberof such
papers]) will reporton only one,whichis particularlypertinentto the cross-genreesearcho
be presentedn Chapter7, the studyof Biber (1992). Biber looked at the distribution of refer
ring expressiongacrosggenresn the London-Lundcorpusof spoken British English(Svartvik
1990), and the LancastetOslo-Begen (LOB, JohanssonAtwell, Garsideand Leech 1986)
corpusof written British English. The genresof the LOB corpusaremodelledon thoseof the
Brown corpuswhich is usedextensiely in this thesis(c.f. AppendixC). Biber’s generalap-
proachis to identify a setof easy-to-computénguistic indicators,computetheir frequeng in
all texts in his sample andthenrun a factoranalysison the resultin orderto discover groups
of texts that are obscuredby the catgyoriesassignedoy analysts(Biber 1988). In the 1992
study he usedthe samemethod,but this time, he concentratean featuresdefinedin termsof
co-specificatiorsequenceandanaphoriexpressionsBiber usestheterm“referentialchains”
in hiswork.

He chose58 texts from nine genres(Brown categyoriesin braclets): pressreportageg(Ca),
legaldocumentgcH), humanitiesacademigrose technicalacademigrose(bothcategory cJ),
generalfiction (ck), face-to-acecornversation,sportsbroadcastsspontaneougparliamentary
speechesandsermons.From eachof thesetexts, he analyzedhe first two hundredwords. In
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contrast,for BROWN-COSPEC, we usedthe full texts ascontainedin the corpus,but limited

the numberof texts to twelve. In the end, usingfewer, but longer texts shouldgive a clearer
pictureof the distribution of referringexpressionthangoing for mary brief excerptsfrom the
beginning of texts which arethemselesfrequentlyexcerptsfrom the middle of alongerpiece
of discourséAltenbeig (1992).

Biber marked up the texts asfollows. In afirst pass,he automaticallyclassifiedall nouns
asreferringandall first and secondpersonpronounsas exophoric. He thenestablishedinks
betweenall nounswith the samelexical form, and computedthe position of anaphorsand
antecedent$in prepositionalphrase,in relative clause,in otherdependentlauses,jn major
clause).In athird passheresohedall pronounsby handandlinked nounsthatwerenot rep-
etitionsof their antecedentt the properantecedentsAlthoughthis procedurds very simple
andeffective, it completelyfails to take into accounthatthe mostbasicunit in co-specification
sequencearereferringexpressions He alsomarksanaphor/sponsgrairswherethe anaphor
repeatghe sponsowerbatim,but clearly doesnot specifythe samediscourseentity (Altenbeg
1992). Sinceno parseror chunker wasavailableto Biber, he hadto restricthimselfto prepro-
cessingstepsthatareeasyto implementon the basisof ataggedcorpus.

He then extracteda numberof featuresthat describedhe frequeng of differenttypesof
referringexpressionsandof typesof co-specificatiorsequencesl hesefeaturesverecombined
with the scoresof eachtext on the five dimensionf genreasdefinedby Biber (1988). These
featuresaresummarise@ndcommentedn Table5.1. A factoranalysisyieldedfour referential
dimensions:

Involved Referential Strategies: involvedproduction(Biber’'s genredimensionl), exophoric
anddiscoursealeictic/cataphoripronounsjong co-specificatiorsequencesiigheraver-
agedistancesfew lexical repetitions.

“Named” Referential Strategies: more lexical repetitions,more sequenceshigher average
distanceslessnarratve focus(Biber’s genredimension2)

Expository versusNarrati ve Strategies: moreexplicit referencgBiber'sgenredimensiors),
abstracstyle (dimensiorb), overtpersuasiotidimensio), lessanaphorigronounsand
narratve focus(dimensior2)

Referential Density: morenew discourseentities,moreentitiesmentionedonly once,higher
averagedistancesmalleraveragechainlength,lessovert persuasiorjdimensiord)

Lookingatthemeanscoreof eachgenreonthesedimensionsye find thatacademigroseuses
mary “named” referentialstratgiesandis very denselypopulatedoy referentswhile general
fiction usesthese“named” stratgies leastoften and also scoreson the narratve end of the
“expositoryvs. narratve” dimension.Spotnews (very roughly) patternswith academigrose.

5.1.2 The Questionof Annotation

In computationalinguistics,mostmodernannotationschemesrebasedon SGML, the Stan-
dardGeneralisedMarkup LanguaggGoldfarb 1990),or XML (eXtendedViarkup Language),
asubsebf SGML. In this section,| discusgwo schemedor the annotatiorof co-specification
sequences moredetail,the MUC schemgMUCCS, HirschmanandChinchor1997)andthe



5.1 Corpus-Base®esearclon Entity Status 95

total numberof referentialchains(roughly correspondingo co-specificatiorsequences)
numberof discourseentitiesthatareonly evokedonce(“deadend”)

averagdengthof referentialchains

averagedistancebetweertwo mentions

maximumdistancglargestaveragedistancan text)

first mentions

N oo o M 0w bdhoRE

nounsthatarerepeatedn thetext (for Halliday andHasan(1976),thatwould be part of
lexical cohesion)

o

anaphorigoronoungnounor pronounantecedeni text)
9. exophoricpronoung(first/secondgerson)

10. otherpronounglabelledby Biber as’vague’)

Table 5.1. Thetenreferentialfeaturegfrom an original total of 24) choserfor the final factor
analysis.

MATE schemgPoesic2000).In thatcontet, | will alsodiscussproblemsn annotatingoridg-
ing inferencesFor reason®f space| will notdiscussomeof thealternatve schemeshathave
beendevised,suchasthoseof Fligelstone(1992),Botley (1996),0or da Rocha(1998).Instead,
| concentrat@n thoseschemeshathave influencedmy own work most.

SGML I: MUCCS. ThemostwidespreadsGML-basedschemads arguablythatwhich was

devisedfor the Coreferenc@askof the MessagaJnderstandingConference$MUC). Thetask
is roughly specifiedas follows: Givena newswire text whosestructure(headline,body; etc.)

hasalreadybeenlabelled,find all referringexpressionandthe co-specificatiorsequencethat

hold betweenthem. Systemsneednot detectcompletereferring expressionsit is sufficient

if they find the correctnominal heads. | will not go into the detailsof the scoringscheme
(Vilain, Burger, Aberdeen,Connolly andHirschman1995) here. Instead let us focuson the

codingschemelt wasdesignedvith asimplepremisein mind: Whathumanannotatorgannot
annotateaeliably, machinesannotiearn. Thereforethedesignersook greatcareto ensurehat

the guidelineswereso concisethatannotatorslifferedon asfew decisionsaspossible andthe

schemeéhasbeenrevisedseveraltimes. Thecurrentversionis (HirschmamandChinchor1997),

written for MUC-7.

Co-specificatiorsequencearecodedassequencesf markablesn thetext. Two markables
co-specifyif they accesghe samediscourseentity. This meanshat MUCCS only allows for
identity relationsbetweernreferring expressionsandtheir sponsorsor antecedents the text.
Thefirst extensionalreferencan a sequences calledthe groundinginstance.It connectghe
sequencé¢o anindividual in theworld.
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Attribute Description

id auniqueidentifierfor eachreferringNP

r ef theidentifier of thefirst NP to explicitly referto the samediscourseentity thatthe
currentNP refersto. For NPswhichmentiondiscourseentitiesfor thefirsttime,i d
=ref

mn the headof thereferringNP (usedfor scoring)

type thetype of therelationbetweerntwo referringNPs

Table5.2. Attributesof cor ef elemenin MUCCS codingscheme

“Markable” is a covertermfor thosereferringexpressionghatcanbemarked up according
to theguidelines.Theseexpressionarenouns,nounphrasesandpronouns.n thetext, mark-
ablesareenclosedn cor ef tags.Thetagsdelimit the completephrasencluding determiners
and modifiers, but excluding prepositions. The attributes of the cor ef elementsare sum-
marisedn Table5.2! Possesse pronounsarealwaysmarked. NamedEntities(namesgdates,
times,currenyy amountsandpercentagesrealsomarkablewhile partsof NamedEntitiesare
not. Barenounswhich occurasprenominalmodifiersareonly markedif they co-specifywith
theheadof anothemarkableor anameor NamedEntity. Pronoungeferringto propositionsor
eventsarenot marked, neitherare gerunds.Zero pronounsare not marked, either neitherare
relationsbetweerrelative pronounsandthe gapsthey fill or the NPsthey areattachedo. A co-
ordinationof severalNPsis markablewhile thecoordinatedNPsareonly markablehemseles
if they co-specifywith anothemarkable.The currentversionof MUCCS alsopermitsto mark
predicatingNPs.

SGML Il: The MATE Scheme. The MATE project is a pan-Europearffort to standard-
ise both corpusannotationschemegMengel, Dybkjaer Garrido, Heid, Klein, Pirelli, Poesio,
QuazzaSchiffrin and Soria2000)and corpusannotationtools (Isard, McKelvie, Mengeland
Baum Moller 2000). On the basisof the review in (Davies and Poesiol1998),Poesio(2000}
proposes new schemesuitedfor both dialogueandmonologueannotation.It is basedon the
MUC schemeandstrivesfor conformityto theguidelinesof the Text Encodinglnitiative (TEI)*.
Theschemas dividedinto a coreandanextendedschemeThe corepartonly coversrelations
betweenexpressionavhich point to the samediscourseentity, while the extendedschemeal-
lows for a hostof othertypesof relations,mostof theminspiredby Passonneas’ DRAMA
guidelines(Passonnea996). While the MUC standardsollect all informationin a single
SGML elementthe MATE schemeoroposedive differentelementssummarisedn Table5.3.
cor ef : de is the generalelementfor discourseentities (here: discoursereferents),
cor ef : seg is usedwhenthe referring expressionis part of anotherword, for example,a
verh This coverscliticised pronounsin the Romancdanguages.For example,the Spanish

1In SGML, the structureof adocumenis describedy a setof elements Elementscaninclude (combinations
of) otherelementsbut elementsnaynever overlap.Informationaboutelementss storedin their attributes.

’http:// mate. nip. ou. dk

3(for asummaryof thatschemeseePoesio BruneseawandRomary1999)

“http://etext.virginia.edu/ TEl . htmn
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ElementName description

coref:de discourseentity

coref:ue itemsin thevisualuniverse

coref:link typeof link betweertwo referringexpressions
coref:anchor id of antecedentembeddedn cor ef : | i nk)
coref:universe specifyvisualdiscoursainiverse

coref: seg referringexpressiorthatis partof aword

Table 5.3. Theelementof the MATE Coreferenceagset

word “digamelo"consists)f alexical morpheme‘diga”, thesecondpersorsingularimperatve
of “decir” (to say),“me”, the first personsingulardative pronoun,and*“lo”, the third person
neuteraccusatie pronoun.

coref: uni ver se andcor ef : ue describesituationallyaccessibleliscourseentitiesin
dialogue,more specificallyitems that both participantscan (potentially) see. Thesetwo ele-
mentsare basedon coding corventionsthat were developedby Bruneseauxand Romaryfor
task-orientedlialogue? In principle, this approactcould be extendedn orderto specifyrefer
entsthatarepartof the hearers world knowledge(or “larger situationuses”,Hawkins 1978)),
suchasthe concepts'birth control” and“drunken driving” or the person“Michael Dukakis”
(Massachussettgovernorat the time of the WBUR broadcastsanalyzedn Chapter6). How-
ever, this is not as straightforvard asit seems,sinceit makes senseto at leastdistinguish
betweenlong term memory and the immediatesituationas sourcesof knowledge aboutthe
referent.In principle, somethindike cor ef : uni ver se tagswould be idealfor codingour
assumptiongboutthe commongroundof communicatoandaddresseeBut their definitionis
still restrictedto task-orientedlialogue.For monologuesndeverydaycorversationwe would
needto codeothersourcef sharedentities,suchascommonmemoriesor commonencultur
ation. How sociologicallyspecificthe tagsshouldbe dependson the researchnterestsof the
annotator

In the MATE scheme,links betweenreferring expressionsare specified in separate
cor ef : |i nk elementswhich wereinspiredby the TElI modelling of links. This way, the
annotatorcan not only distinguishbetweendifferenttypesof links, but shecanalso charac-
terisetheselinks more precisely The antecedent§f thereis anidentity relation)or sponsors
(in case®f bridging)arecodedin separateor ef : anchor elementsThefollowing example
is takenfrom (Poesio2000,Example4.15)

(5.1) When do we have <cor ef : de | D="de_01" > orangejuice </ cor ef : de> at
Elmira?
We have <cor ef : de | D="de_02" > orangguice </ cor ef : de> atElmiraat6
a.m. (Text)
<coref:link type"ident" href="coref.xm #i d(de02)">
<coref:anchor href="coref.xm #i d(de01)"/>
</ coref:link>

For eachreferringexpressiontheannotatorhiave to specifyhow it is linkedto thepreceding

Shttp://ww. |l oria.fr/ ~romary/ Docunment s/ i ndex. htm
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co-text. Links havetwo attributes,t ype andhr ef . In theextendedschemewhich alsocovers
bridgingrelationsthet ype attribute specifieghetype of link. Theantecedenis codedin the
cor ef : anchor element:The hr ef attribute of that elementcontainsthe identifier of the
antecedentyhile thehr ef attributeof cor ef : | i nk pointsto thereferringexpressioritself.

The anchorentity can be difficult to determinewhen there are several possibleanchors
which belongto a commonscript. For example,considera text wherea jail, former prisoners,
andahomesunillancesystemfor theseprisonershave alreadybeenmentioned Now, the NP
“probationofficer” appears.Clearly, the NP is not linkedto ary singleof the precedingones,
but to the maindiscoursetopic of thetext. Or atext talks abouta certainjail, thengoeson to
mentiondifferentsubgroupf its prisoners.Are theseprisonersinferredfrom the implicitly
evokedsetof prisonersof thatjail or directly from the frame“prison”?

On the otherhand,the attribute becomesndispensablevhendecisionsaboutbridging are
madeon the basisof a modelof the hearers world knowledge,becausat allows to protocol
the basison which the decisionwasmade. For example,in the pair “the house”—*“thedoor”,
the door canbe identified on the basisof the previously mentionedhouseon the basisof the
connectiorhasapart ( house, door) in aknowledgebase.

Approachesto Bridging: But the mostdifficult aspecis surelydevelopinga consistenan-
notationschemefor inferrables. It is notoriouslydifficult to develop a consistentannotation
schemdor bridgingNPs(PoesicandVieira1998).Clark (1977)suggesta simplereason:Ad-
dresseesanbuild a cognitive bridgebetweera discourseentity andtheaddresseeknowledge
in so mary differentways that no taxonomywill ever cover all of themsuccinctly Despite
thesefundamentaproblemgdiscussedurtherin Section4.2),non-anaphoridefinitesaresim-
ply toofrequentin therealworld to beignored.Annotatedcorporabothshon how oftencertain
resolutionstratgiesapply andhelp developnew resolutionalgorithms(Vieira 1998).

In hermarkupschemeDRAMA (Passonnea996),Passonneaidentifiesseveraltypesof
bridging referencesvhich aresummarisedn Table5.4. DRAMA wasoriginally designedor
dialog annotation.The setof markabless muchlessrestrictedthanwith MUC. In particular
it alsoallows to mark VPsasantecedentfor referringexpressionsin thetexts thatwereused
for the evaluationreportedin (Passonneald997), only a subsetof theserelationsoccurred:
the possessie/genitive relation, subsetand membership.The resultsshow thatprecisionwas
betterthanrecall: If arelationis recognisedit tendsto berecognisedorrectly but quite afew
instancesaresimply overlooked.

Poesioand Vieira (1998) useda much simpler annotationschemein their study They
definedfour classe®f definitedescriptiondasedn the classification®f (Hawkins 1978)and
(Prince1981):

anaphoric samehead: adefinitedescriptionwith thesameheadnounoccursearlierin thetext

associatve: not to be confusedwith associatre anaphoraas we have definedthemin Sec-
tion 4.1.1,this cateyory coversall definitedescriptionsvhoseheadsstandin a semantic
relationto their antecedent

larger situation/unfamiliar: this cateyory covers mostof Princes cateyoriesinferrableand
unused

idiom: thedefinitedescriptionoccursin anidiom



5.1 Corpus-Base®esearclon Entity Status 99

set/subset Thecookieswerereally nice. Half of themwerefilled
with cream.

part/wholeandphysicalconnection Thehouseis beautiful,andthe gardenis well-kept.

causainference An explosion shook the neighbourhood. The noise
wasdeafening.

propositionainference It is so hot. Well, this weatherreally gives me a
headache.

genitive/possesse pronouns Theboy carefullytieshis shoes

implicit aguments Theplanecrashedbut thepilot survived.

implicit andpseudqartitives Hereis oneof mybooks Wherearethe othels?

plurals Theboykissesthe girl, thenthe girl hitstheboy, and

thenthey bothstartcrying.

Table 5.4. Relationsbetweerreferringexpressionsn DRAMA

They laterrevisedthefirst two categoriesin orderto distinguishbetweerco-referentiablefinite
descriptionandcasef bridging. Thethird cateyory wasseparatednto larger situationuses
andunfamiliar uses.Larger situationdefinitescanbe resoled on the basisof what Clark and
Marshall(1981) have termedcommunitymembershipandunfamiliar definitesarebrand-nev
discourseentitiesthatareintroducedwith enoughadditionalinformationto make themuniquely
idenitifiable,giventhe co-text.

PoesicandVieira (1998)foundthatannotatorgould only distinguishreliably betweerfirst
andsubsequennentions.Thefinerdistinctionsof themoreelaborateannotatiorschemesould
notbeannotatedeliably. Their annotatoralsohadproblemswith determiningthe sponsor®of
definitedescriptionghatneededo be processedisingbridginginferences.

5.1.3 Evaluation and Conclusions

Whenwe wantto studylinguistic correlatesof entity statusin corpora,we runinto two prob-
lems:

1. We needto investigatethe communicationprocessn which our datawas producedin
orderto build the modelsof communicatomandaddressehich are centralto the man-
agemenaspect®f entity statug(c.f. alsoChapterd).

The problemswith labelling bridging come from the fact that the hearermodelswere
not specificenough. But then, developing an adequate&knowledgebaseof the domain
you areanalyzingis an oneroustaskevenif thatdomainis relatively small, aswasthe
casefor Hahn, Markert and Strube(1996), who have pursuedthat stratgy. Fligelstone
(1992) reportsthat the Lancastemgroup fendedoff theseproblemsnot by a knowledge
base,which would not have beenfeasiblefor their corpus(Americannenspapertext),

but by an annotationmanualof morethana hundredpageswhich detailssolutionsfor

contentiouspoints. Lenat(1995) pointsout that the knowledgebasedevelopedfor the
Cy c-projectmight be usedasa sourcefor world knowledgein anaphoraesolution,but

sofar, | amnotawareof any work thatusesit.
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2. Referringexpressionsiot only specifyentitiesin a discoursanodel,they alsoshov how
spealers perceve and hearersare supposedo perceve theseentities (Murphy 1992).
They codeopinionsandbeliefs, they evoke social stereotypesandthey delimit social
configurations.Theoriesthatarerestrictedto informationprocessingannotexplain the
variation that comesfrom theseaspects. As far as| can see,none of the annotation
schemes have surweyed evenbgginsto addresgheseissues.True,they have nothingto
do with the analysisof co-specificatiorsequencesyut they are an importantaspectof
analysingthesediscourses.

In this thesis,| proposeto tacklethe two problemsoutlinedin two ways. The first way is to
analyzethe communicationprocesswhich formed eachtext in detail, which givesus the in-
depthanalysisof limited samplego be foundin CornversationAnalysisor ethnomethodology
(Sacks1995). This is the path| follow in my analysisof radio nens. The in-depthanalyses
arereportedin AppendixA; the quantitatve resultsand a surwey of relevantresearclon the
communicatiorsituationin Chaptei6. Alternatively, we cancompletelyneglectthesevariables
andmeasureentity statusin a way that makesaslittle assumptiongboutthe communication
processaspossible Thisis thealternatve thatl will investigatan moredetailin Section5.4.

5.2 A Source-BasedSchemefor Annotating the Givennesf
DiscourseEntities

This sectiondocumentghe codingschemehatwasusedfor markingup the radio news texts.

As we have seenn Chapted, researchergave proposednary competingschemesor describ-
ing givenness—omanagemenaspectof entity status,as| preferto call it here. To annotate
themall would be extremelytime-consuming.l selectedwo approaches$or further compar

ison: the cognitively orientedGivennesdierarchy(Gundelet al. 1993)anda schemebased
onLambrech{1994)andPassonnea(1996)thatcodeshesourcewhereinformationaboutthe

discourseentity comesfrom, in particular the informationthat we needin orderto build the

initial description.Thisschemes describedn Section5.2.2;somedervedtaxonomiegaresum-
marisedn Section5.2.3. Theco-specificatiorsequencethemseleswerelabelledaccordingo

amodifiedversionof MUCCSasdocumentedn Section5.2.1.

5.2.1 Marking Co-SpecificationSequences

The basisfor markingwasthe MUCCS schemeandwhat was marked were co-specification
sequencesSincewe have no mechanisnfor labelling partsof words, we did not label cases
wherea referring expressionhasan antecedenin an anaphoridsland. This wasa particular
problemwhen annotatingthe Germantexts, becausean thesetexts, compoundsvere much
morefrequentthanin the Englishones.Reflexiveswerenot incorporatednto co-specification
sequencedn coordinationsywe markthe completecoordination;partsof the coordinationare
only marked whenthey are partof a co-specificatiorsequenceContraryto MUC, we do not
distinguishgroundinginstances We alsodo not label NPsthatoccurin appositiongo a head
nounor thatareagumentsof copulas.
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Of course,this schemes far from perfect. In a recentseriesof articles,Kibble andvan
Deemter(1999a,2000)criticise computationalinguistic annotatiorschemeg$rom the point of
view of formal semanticsFirstly, they aguethatannotationshoulddistinguishbetweenrop-
erly co-referringantecedent-anaphgrirs, suchasthatin Example5.2 and pairsthat merely
co-vary, suchasthatin Example5.3wherethe exactreferentdepend®n theinstantiationof the
variablethatbothanaphorlndantecedenpointto.

(5.2) [The solution]s we foundin our corversationrwasgood.[It] s worksfine.

(5.3) [A solutionly mayemegefrom our corversations|It] s shouldwork well, giventhat
we areexperts.

They alsoraisetheissueof interpretingintensionaldescriptionsvhosereferentchangesiuring
the time that the discoursecovers. We briefly addressedhis issuein Chapter4, whenwe
identifiedthe needfor an updatemechanism.Kibble and van Deemter(1999a)also criticise
the notion of co-specificatioradwocatedby Webber(1983)and Sidner(1983)becausét is not
clearto themwhat specificatiormeansandwhetherit alsoincludesboundanaphoraOn my
reading,it doesincludethem.

Therealproblemis thatwe have to specifywhatour annotation@areintendedo do. If they
are meantto elucidatehow languagecan be representedn termsof a formal semanticghat
relatesthe discourseo the world, thenKibble andvan Deemterhave a point. But if theanno-
tationsareintendedo highlighthow repeategointingto the sameentity helpscommunicators
andaddresseesstablishtexture, thenwe needto be more generous.As a criterionfor deter
mining co-specificationannotatorcanusea simpleextensionof the co-referenceriterion: if
two referringexpressionspecifythe sameentity in the discoursemodel,beit a variableor an
individual, link them. The specificatiorrelationlinks referringexpressionsvith the entitiesin
thediscoursamodelthatthey accessor, in the caseof first mentionsgvoke. Evokingis notall
ornone,asWebbers (1991)researclondiscoursaleixishasshavn. Stretche®f discoursenay
only be availableassponsordor a subsequenteferringexpressiorfor a limited time. For ex-
ample,discoursedeictic pronounscanonly referto regionson theright frontier of a discourse
tree; assoonasa region hasvanishedfrom that frontier, it becomesunavailable. Eckert and
Strube(to appear)exploit this propertyfor constrainingthe searchspacein the resolutionof
discoursealeictic pronouns.A similar restrictionmight be placedon discourseentitiesthatare
first evokedby attributive NPsor partsof compounds.

Finally, an interestingfeatureof the MUC-schemaeis that its coverageextendswhenwe
changedlanguages What tendsto be expressedy gerundconstructionsn English,reference
to events,andin particularfirst mentionsof events,is expressedn German thanksto its rich
dervationalmorphology asa hominalisation.

5.2.2 The Source-BasedScheme

Thesource-baseschemavasdevelopedto trackhow discourseentitiesaremanagedn agiven
text. Theschemdocuseson differentinitialisation strategjies;accessoutesfor entitiesthatare
alreadypartof thediscoursenodelwerenot encodedThis would have requiredmeto commit
myselfto a particularmodelof how discourseentitiesareaccessedandl amstill reluctantto
dothat,asmayhave becomeapparenfrom thediscussionn Chapter.

Theschemas basedn Lambrecht(1994,Chapter3), with two maindifferences:
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¢ the catgyory of “inferential accessibility”hasbeenexpandedto indicate somefrequent
typesof bridgingfollowing Passonnea(1996),

e thecatgyory “textually accessiblehasbeendroppedcompletely

Discourseentitiesbecomeextually accessibler displacedBrown 1983b)whenthey have
notbeenmentionedor a coupleof sentencesBut whenexactly doesa subjectcrossoverfrom
the setof “active” into the setof “textually accessible’ones? Shouldthe definition be based
on surfaceform, distanceto lastmention,or topicality? It appearghat“active” and“textually
accessiblearktwo endsof a continuum;therefore collapsethetwo cateyoriesandmeasure
the positionof a subjecton this continuumby distanceto lastmention.

Another problematiccateyory is unused which encodesassumptionsaboutthe hearers
world knowledge.In my analyse®f theAmericanEnglishnewstexts, | assumehatthelisteners
of thisradiostation,alocal stationin Boston,Massachussettknow aboutthestate thecity, and
its institutions,but not the peoplewho have positionsin theseinstitutions,with the exception
of then-gwernorMichael Dukakis. Furthermore] assumehearersarefamiliar with concepts
suchas“birth control” or “drunkendriving”. For the Germantexts, very prominentpoliticians
andwell-known companiessuchas DaimlerBenz (now DaimlerChryslerJareassumedo be
familiar to most hearers. When an institution is referredto by an explicit NP that already
appeare@sabarenounmaodifier, it is assumedo befamiliar andinferrable.

The categoriesin this codingschemeare a supersebf the DRAMA catejoriesplus some
catgoriesthatwereintroducedn the extendedVIATE coreferencannotatiorstandardPoesio
2000). They were selectedbecausdhey arerelatively straightforward to operationaliseand
cover mostof theinferrablesfoundin thetexts.

Frame inferrability: A new discourseentity d1is frameinferrableif thereis adiscourse-old
entity d2 to which d1 hasa closeconceptuatonnection:

e d1 canbe connectedo a discourse-olcentity d2 usinga PP modifier; the resultingNP
uniquelyidentifiesa discourseentity

e d1canbeuniquelyidentifiedusingarelative clausecontainingd2

The links betweend1 andd2 comefrom the addressee’world knowledge,or, more pre-
cisely, from schematar MOPs(MemoryOrganisatiorPacket, Schank1982) Thefirst criterion
is motivated by the obsenation thatif d1 had beenintroducedas “d1 of/from/at/ .. d2”, it
would have beenbrand-n& anchoredandnot inferrable. The secondcriterion wasaddedto
cover casedike Example5.4.a,whereboth “bride” and“church” canbe inferredfrom “wed-
ding”. Both connectionsrebestmadevia therelative clausegyivenin Example5.4.h

(5.4) a) Theweddingwasreally glamorous.Thebrideworeadiamondtiaraandthechurch
wasbeautifullydecorated.
b) the bride who got marriedat the wedding; the church wherethe weddingtook
place

For this source-basedcheme] definedthe intendedhearerinformally. | specifiedhim in
termsof educationand political interest(*John Doe”, c.f. Chapter6) andsimulatedhim us-
ing my own world knowledge. Two typesof frame inferrability which are standardrelations
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in semanticnetworks were codedas separateatajories: part-wholerelations,alsoknown as
merorymic or has-a-part which | will call physicalinferrability here,andsetrelations,which
comprisethe well-known is-a or hyporym/hyperoilym relation, and which I will call setin-
ferrability. Following the MATE scheme| alsoaddedfunction/valuanferrability for labeling
therelationbetweera numericalvalueandthevariableit is supposedo fill.

Physical Inferrability covers bridging relationsbasedon physical connectionsand part-
whole relations,asin example5.5. Houseshave doors,and doorsare fixed to their frames
by angles. Physicalinferrability canbe labelledratherreliably if decisionsare basedon the
physicalform of the prototypeof the discourseentity which sponsorghe new entity. It is also
partof bothDRAMA andthe MATE schemeThereforejt wasincludedin the presenspecifi-
cation,althoughit never occursin theradio news texts becausef their restricteddomain.

(5.5) a)[The house] isin ruins.
b) [The shatteredioor}], croaksin thewind.
c) It hasnot beenpaintedfor years.
d) [The angles} arecoveredin rust.

Setinferrability generalise®f Princes (1981) Containinginferrables. It coverscasesvhere

a new discourseentity is an element(Example5.6.a),a subset(Example5.6.b) or a superset
(Example5.6.c)of adiscourseentity thathasalreadybeenmentionedn thetext (in thatexam-

ple, “bread”). Two typesof relationsweredistinguished¢lassicali sa-links (i.e. memberset

relations)andsubset/supersetlations.

(5.6) | bought[lots of bread] andsomecheesdoday
a) | really neededo getsomel[food]s,.
b) [The pieceof brown bread} wasquite nice.
c) But [the buns], werebarelyedible.

Function-valuanferrability, takenfrom (Poesia2000),is labelledwhenanexpressiorrefers
to a valueof a function mentionedearlieron in the discourse.The cateyory is extremelyrare
in the newstexts, becaus¢herearefew measuremen@andspecification®f amountsof money.
Example:

(5.7) Thewizardspaytheir cook[2000gold pieces};» amonth.
They would never have payed[this handsomesalaryl;p to abadcook.

Propositional Inferrability: ~ This cateyory handlesaseof discoursaleixis. It applieswhen
areferringexpressiorrefersto a state,event,or processwvhich hasto dateonly beenexpressed
propositionallyin the discourse .The antecedentsf suchdiscoursedeictic expressionsarenot
markedexplicitly. Example:

(5.8) Yesterday[two undegroundtrainscrashedn Cologne]. More than67 peoplewere
hurtin [thatcrash].

Other inferrables: Theremainingpotentialtypesof bridging,suchascausatiorandplurals,
aremarkedasotherinferrables They areveryrarein the corporal annotated.
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5.2.3 Coarser Taxonomies

Onthebasisof the full source-basednnotatiorschemehat| developedin the precedingsec-
tion, andthatis summarisedn Table5.5, | definedfour coarsertaxonomieswith two to four
cateyories:

DISC: discourse-oldss. discourse-n& (Princel1992)
Old entitieshave alreadybeenmentionedexplicitly in the discourseNew oneshave not.

HEARER: hearetold vs. hearemew (Princel992)
Old discourseentitiesare accessiblevia precedingco-text, world knowledge,or slot in
currentmentalmodelof discourseNew onesarenot.

STAT3: old vs. mediatedvs. new (Strubel998)
Old discourseentitiesareaccessibleia the precedingco-text or world knowledge.Medi-
atedonesareaccessiblevia currentmentalmodelor via anexplicit anchorto the co-text,
while new onesare,in Princes (1981)terms,brand-n& unanchored.

STAT4: brand-nev vs. unusedvs. accessiblers. active
In termsof Figure4.4,Brand-nev entitiesareunidentifiablejnactive entitiesareUnused,
situationallyor inferentially accessibleentitiesarelabelledas Accessible andtextually
accessibler activeitemsareconsideredo be Active.

Originally, thesesubdvisions were introducedin orderto testwhether asfound by Brown
(1983b),prosodyonly providesroughindicationsasto entity statusor if therearemoresubtle
correlates.

The dichotomies‘hearerold/nen” and“discourseold/nen” aretakenfrom Prince(1992).
Sinceit is difficult to classifyinferrablereferentsasdiscourse/heareasld/new, sheintroduces
inferrablesas a third category. | have not followed that move for two reasons:Firstly, the
original discourseold/nen dichotomyis very easyto derive from co-specificatiorsequences.
Secondlyit is interestingto seehow far we cangetwith dichotomiesthat highlight different
aspectf entity status,connectionto the co-text (discourseold/nen) and connectionto the
hearers knowledge(world knowledge,contentof short-termstore,episodicrepresentatiomf
currentdiscourse)We will assuméherethatinferrablesarediscourse-ne, but hearerold.

5.3 DistanceMeasures

Many researchertalk aboutentity statusn cognitive terms,in termsof newness accessibility
recoverability, or familiarity. But suchdescriptiongequiremary inferencesaboutthe hearer:
What doeshe know, whatcanhe infer, andwhatwill he forget? In comparisorto theserich
measuresgistanceseemso be almostpre-theoretical. Neverthelessijt is widely usedfor a
numberof reasons.

First, oncewe have a discoursewith co-specificatiorsequenceand segmentboundaries,
distancemeasureselative to thesesegmentscanbe computedautomatically If both sequence
and sggmentannotationsonformto reliable annotationschemesthe measureslerved from
theseannotationsarereliable,aswell.
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Source-BasedScheme Derived Schemes
Code Catayory Description STAT4 STAT3 Disc HEAR
brand new unknowvn to hearer
BU unandored nolink to existing discourseentity BN new nev  new
BA andhored link to existing entity BN med nev  new
U unused known to hearernew to discourse U old nev old
accessible initial representatiorcan be con- AC med new old
structedonthebasisof . . .
SIT situation ... thecommunicatiorsituation
INF inference ... link to existing discourseentity
X by oneof thesemechanisms—
FRAME frame: partof script/MOPevoked by X
PART part/whole: physicalpartof X

VAL functionialue: valueof X
ISA set(isa-Link): elementof X

SET set(other): subset/superset
EVENT nominalisation: nominalisatiorof VP denotingX
AC active alreadymentionedn discourse A old old old

Table 5.5. The source-basednnotatiorschemendderivedtaxonomies

Secondcomputingdistancaenformationis muchfasterthanlabellingarny of the categorical
taxonomiesliscussedhn the precedingsection.

Third, distance-basetheasuresre well suitedfor typological studies,sincethey canbe
definedto be comparatiely independenbf language-specificateyories(Myhill 1992). This
allowsto comparenow distanceto lastmentionaffectstheform of referringexpressionscross
widely differentlanguagesndcultures.

Finally, whenannotatinglarge amountsof text, the annotatorsoften cannotconstructad-
equatemodelsof the communicationsituationbecausehe texts in most corporaare highly
de-contatualised. Researcherbardly know who wrote the texts, let alonein which situation
andfor whom. The Brown corpusis agoodcasen point. Althoughwe have informationabout
the original authorsandpublishersmary of the texts mirror thetime in which they werewrit-
ten. For thoselinguistswho cannotrecollectthe Sixtiesor who arenot qualifiedcontemporary
historians the texts cansometimee difficult to interpret. All thatsuchlinguistscando, real-
istically, is to stick to the surface,to the languagdtself, annotatingco-specificatiorsequences
andcomputingnumericaldistancemeasures.

Most distancemeasuregxpressa “distanceto last mention”. The generalrequirements
for a distancemeasureare simple: Distancesare definedon a setunits into which hasbeen
sgmented. The distancefunction mapsan arbitrary pair of units onto a naturalnumbern
which we will call thedistancebetweertheseunitsin thediscourse.Thefunctionshouldbea
metric Thismeanghatit satisfieghefollowing threerequirementgHeuserl993):

1. dist(a,b) > 0,withd(a,b)=0iffa=b
2. dist(a,b) = dist(b,a)
3. dist(a,b) < d(a,c)+d(c,b)
Distancemeasuresandiffer in the unitsthey arebasedon, in the level of granularity and
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in their direction (anaphoricvs. cataphoric). Thesethreeaspectswill be discussedn depth
in sections5.3.2(units), 5.3.3(granularity),and5.3.4 (direction). But first, let us definethat
betweernwhich we measuralistancesmentions.

5.3.1 What is a Mention?

Doesamentionneedto beanovertnounphrasepr canthe NP be omittedor replacedoy averb
ending?The answerto this questiondependn the languagene analyze.For languagesvith

zeropronounssuchasJapaneséAone and Bennett1995), Korean(Clang/ 1996)or Ancient
Chinese(Li 1997),thosezeroesclearly countasa mention. In pro-droplanguagesuchas
Spanishor Italian, whereovert pronounsaremarked, verb endingscanalsocountasmentions
if the correspondin@rgumentis not codedby a separatéNP in the surfaceform. Englishand
Germarareneitherpro-droplanguagesor do they have zeropronounsif we discounthe PRO

of binding theory for a moment(Fanselov and Felix 1987). Therefore,we will only count
surfacereferringexpressiongsmentions:

Definition 5.1 (Mention) A discousseentity hasbeenmentionedn a sentenceff there is an
expressionthat specifiesexactly this entityandif that expressionis notbound.

Givon (1992)alsocountsomittedsubjectsandobjectsin coordinatedclausesasmentions.
Sincein our analysis,suchasymmetriccoordinationscountas one unit, not astwo, it does
not distort our numbersf we do not countthesesyntacticgapsas mentions. This decisionis
consistentwith our generalstratgy: rely on surfaceform and syntacticanalysisas muchas
possible avoid semantianalysisasfar aspossible®

Centering(Groszet al. 1995)additionallydistinguishedetweerexplicit andimplicit men-
tions. Explicit mentionsareovertreferringexpressionsimplicit mentionscover casef bridg-
ing. For example,in the secondto fourth sentenceof Example(5.9), the houseitself is not
mentionedexplicitly, but sincethe subjectNPscanonly be interpretedaspartsof thathouse,
we cansaythat“house”is realisedmplicitly . In fact,it is thebackward-lookingcenterof these
sentences.

(5.9) Thehouseis really beautiful.
Thedooris ashiny green.
Theroof hasbeenthatched.
Thewindows arelarge,with white frames.

Sincesuchbridging referencesrevery difficult to label, andsinceit is oftenvery difficult to
determinghe“true” anchorof a bridgingreferenceye did not countsuchimplicit realisations
asmentions.

5.3.2 Potential Units

Distanceunitscanbe comparedlongthreedimensions:

50ur syntacticanalysisreliesmainly on mainstreangeneratie grammay which is anotherpointin which we
differ from analystssuchasChafeor Givon.



5.3DistanceMeasures 107

1. Is theunit well-motivatedinguistically?
Doesit correspondo the domainof linguistic rules,doesit containcompletereferring
expressions?

2. Doestheresultingdistancemeasue correlatewith pronominalisation?
If it does,thenthe measurdas usefulfor answeringtwo importantresearchquestions:
When can a discourseentity be specifiedby a pronoun,and which pronounsspecify
which entities?

3. Isthedistancemeasue simpleto calculate?
The basecaseis simple: If an entity is mentionedtwice in the sameunit, the distance
betweerthesetwo mentionss 0. If theunitsdo notoverlapor nest thedistancebetween
two mentionsfrom differentunits is just the numberof units that occur betweentwo
mentionsof thesameentity. If theunitsarenestedthe calculationbecomesomplex: we
needto represensequencandinclusionrelationsbetweenunitsin a graph,anddefine
our distancemeasuren suchgraphs.

Fourtypesof unitscanbefoundin theliterature:layoutunits,discourseseggmentsyeferring
expressionsandclauses.

Layout: In writtentext, paragraphsindsectionsaregoodindicatorsof discoursestructure—
if the writer usesthem correctlyand consistently Layout structureis alsodeterminedoy the
publicationmode(Zinsser1997)and aesthetiacconsiderations Many researcherassumehat
paragraphsreunitsthatcanbe saidto be“about” onetopic (e.g.Zadrozry andJenseri991).
But the reality appeardo be morecomplex. Rodgers(1966)found that topic boundariesnot
necessarilgoincidewith paragraphoundariesChafe(1994)secondshatargumentwith sam-
ple analyses Anothergoodexamplefor creatve paragraphings thefirst sectionof (Pratchett
1990),reproducedn AppendixA.2. A critical, empiricalinvestigatiorof therole of paragraphs
which comparegaragraphso othermodelsof discoursestructureis beyondthe scopeof this
thesis;it requiresa speciallyannotatedorpuswhich | do nothave yet.

Referring expressions: Thisis thesmallestunit thatstill makessensdinguistically. We can-
not breakdown referringexpressionsnto partsof referring expressionghat do not specifya
discourseentity themseles. Eachmentionshouldcorrespondo exactly onereferringexpres-
sion. Althoughit is temptingto go down to the word level familiar from mary quantitatve
corpusstudiesmary referringexpressiongonsistof morethanoneword. Thereforewe need
to stayon the level of full syntacticconstituents.You cangetaroundthis problemas Biber
(1992)did, if you codeeachreferringexpressiorby its headnoun.But you losemuchinterest-
ing informationabouttheinternalmakeupof areferringexpressiorthis way.

A distancein termsof the numberof interveningreferringexpressiongells us how mary
discourseentitiesa listenerhasto constructor accesdeforehe needsto accessa certaindis-
courseentity again. In orderto extendthis measurego a measureof somethingik e cognitive
processingoad, we would needto associateeachmentionwith an activation or construction
cost.

Although the unit is linguistically plausibleand canbe given a cognitive interpretation,t
doesnot predictpronominalisatiorwell. For example,the referentialdistancebetweenLucy;
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andshe in discourses.10is 5, in discourseb.11,it is 0. Although five interveningreferents
straintheaddressee’'memory it is still possibleto referbackto Lucy pronominally’

(5.10) JimoftenmeetsLucy, in thelittle barwith the old-fashionedurniture on the corner
of Main StreetandPark Avenue.She really enjoystalking to him.

(5.11) JimoftenmeetsLucy;. She really enjoystalkingto him.

Finally, sincereferringexpressionganbenestedvithin eachother we cannotmerelydefine
distanceasthe numberof interveningreferringexpressionsLet me demonstratehis point by
giving a semi-formaldefinition of distancein termsof referring expressions.First, we need
a meansfor representinghestedreferring expressions. For that purpose,we usetreeswith
the standardrot her anddaught er relationsfamiliar from syntax(SagandWasav 1999).
daught er * isthetransitive closureof thedaughterelation.We call thesetreesRETees The
RETreesareorderedaccordingo their positionin thediscourse.

Definition 5.2 (RETree) Eadh referringexpressiorr is representedby a nodein aRETree If a
referringexpressiorr; is thedaughterof anotherreferringexpressiorr,, thenr; is thedaughter
if ry in theRETee Else it formstheroot nodeof its ownRETree

Figure5.1 givesthe RETreesfor thefirst two sentencesf thetext Dayton2 in Figure6.5,
Appendix6.4.1.

Definition 5.3 (Distanceto Last Mention in Terms of Referring Expressions)Letrq, r, be
two referringexpressionst;, t, the RETeesin which they occur distancg a distancemeasue
definedontrees,anddistance;, a measue for thedistancebetweerRETrees.

if (tl == tg) then
distance(x,r;) := distance betweerthe correspondinghodes
elsedistance(,r;) := distance(r;, rootnodeof t;)
+ distance(t;, to)
+ distance(rs, rootnodeof ty)

Definition 5.3 is still very general;it is not clearhow we shouldmeasurehe distancebe-
tweenRETrees,or how we shouldweigh distanceswithin a treeanddistancesdbetweentrees
whencalculatingthe overall distance.To seehow the measurevorks,let usconsiderFigure5.1
again.Syntacticallyit makessensdo assumehatthe distancebetweemmotheranddaughtein
aRETreeis smallerthanthe distancebetweerntwo RETrees,sincemotheranddaughteibelong
to thesamecomple referringexpression.Therefore we definedistance ashalf the numberof
nodeshetweerareferringexpressiorandtherootof its RETree,anddistance asthenumberof
interveningRETrees.With thesedefinition, the distancebetweenthe referringexpression1

"This effect canbe explainedby two differentcognitive mechanismssalienceandframes(Schank1977).The
salienceexplanationis straightforward: SincelLucy is a humanbeingandin objectposition,sheis moresalient
thanphysicalobjectsin adjunctposition(Givon 1992,Fraurud1996). Thescriptinterpretations notlessintuitive:
All of theNPsandPPsin theexamplefill aslotin ameetingscript(who meetsvhomwhere).
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Sentencd

BundeskanzlerKohlx,  Konsequenzen
Scheitern

|
Verhandlungep;
|

Dayton
Sentence
Singa
|
Asienreise . ”
| Kanzler g3 Ruckflug Konferenz,, positive Regelung
seinelo

Deutschland

Figureb5.1. Sampleanalyse®f RETreesfor thefirsttwo sentences Text Dayton2. D: Dayton
peacdalks,K: ChancelloKohl

andD2, bothreferringto the Daytonpeacealksis 2*0.5 (two nodesbetweerD1 andthe head
of its RETree)+ 4 (interveningRETrees)+ 0 (D2 is headof its RETree)= 5. Regardingthe
referenceso ChancellorKohl, the distancebetweerKl andK2 is 2, andthe distancebetween
K2 andK3is 1.

To sumup, defininga properdistancemeasureon referringexpressionss difficult, andas
long asit cannotbe connectedeasonablyvell with somenotionof processindoad,it doesnot
make senseo definesucha measuren corpora.exceptfor the sake of experiment.

DiscourseSegments: Althoughpurelylineardistanceneasurealonecanaccounfor mostof

thepronoungn adiscoursethey sometimegpredictapronounwhereafull NP wasused.Some
casesnf pronounovergenerationcan be explainedby aspectf discoursestructure,suchas
seggmentboundaries Examplesandrelevantresultsarediscussedn Section3.3. The problem
with discoursesegmentsis that it is difficult to develop reliable annotationschemeswvhich

arebothlanguage-andgenre-independenAs Mannet al. (1992)acknavledge,the segment
structureof atext, andin particulartheexactrhetoricalrelationsbetweersggmentsdependo a
largedegreeontheaddressesinterpretation We alsoneedto keepin mind thattherearemary

otherwaysof signallingthe beginning of a new discoursesggment: shiftsin time andaspect,
discoursamarkers,explicit change®f location,andsoon. Fox (1987)obtainednherresultson

pronounghat referredto personsandmary of hertexts canbe saidto be aboutpersons.No

wonderthatreferringexpressionsvereimportantcuesto structure It remainsto be seenf that
resultstill holdsfor texts with severalmainprotagonistshroughouthe completetext, or which

areaboutideasratherthanpeople.
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Discoursesggmentsalso presentformal problems:As with referringexpressionsthe dis-
tancemeasurequickly getscornvoluted. Again, let meillustrate what | meanby a general,
semi-formaldefinition of distanceto lastmentionin termsof discoursesegments.

Let S bethe setof sggmentsthata discourseconsistsof, andlet usassumehateachword
of the discoursebelongsto at leastoneunit. Let S* be a subsef S sothateachword of the
discourséelonggo exactlyoneseggments € Sx. Theseunitss € Sx aredisjointsetsthatform
a completepartition of the setof wordsin the discourse.On the basisof theseunits, we can
definealinearprecedenceelation: asggments’ € Sx precedegnothersggments” € Sx if &'
occursbefores” in thediscourse.

Thehierarchicabrganisatiorof the segmentsof adiscoursecanberepresentetbrmally by
agraph(c.f. Marcu1997 ,for suchaformalisationof RST).Onsuchagraph,we cannow define
thedistancebetweenwo unitsasfollows:

Definition 5.4 (Distancebetweentwo Units) Thedistancedist(s,s;) betweertwo unitss;, s;
in a graph G is the costof the cheapespath betweers; ands; in G. Thecostof a pathis the
sumof the costsof all arcsthatare traveisedon that path.

This distancemeasurespecifiesa metricon Sx. The costfunctionenablesisto implement
somethindik e forgetting,or the effect of segmentboundariesto traversea segmentboundary
is muchmorecostlythanto remainwithin the samesegment. Themorehigh-level the segment,
the higherthe costs. For example,we could definethe following costfunction on Groszand
Sidner(1986)stylediscoursdrees:

transitionwithin samediscoursesegment: costof 1 perclause
transitionfrom DS1to DS2:
a) DS1satishction-precedeBS2 costof 4

b) DS2dominatedDS1 (nestedocusspaces) costof 2
Oncewe have definedhow thediscourses to bepartitionedinto segmentswe needto relate
the discourseentitiesto the segmentsin which they occut we candefinethe distancebetween
two mentionsasfollows:

Definition 5.5 (DistancebetweenMentions) Let M(e) be the setof all explicit mentionsof a
discousseentity e € E in the discouse Let Occbe an injectivefunctionthat associategad
mentionwith the unit in which it occurs. Then,the distancebetweentwo mentionsm, m’ is
givenby dist(Occ(m),Occ(m’))

The definition of Occ is still a bit vague: shouldthe unit in which the mentionis saidto
occurthe lowestsuchunit in the treeor the highes? If we choosethe lowestunits, we areon
thelevel of Sx, thesmallestsggmentghatarebothdisjointandcoverthediscoursecompletely
Suchsggmentsareclauseswhichwe will examinein moredetailon pagesl11f.. If we optfor
theseunits,we canmodellinear distanceeffectsquite well (Fox 1987,Walker 1998).

If, on the otherhand,we promotementionsto segmentsthat correspondo longer spans
of text, we needto decidewhich entitiesarecentralin thatspan,andfind a way of promoting
mentionsof that entitiesto segmentsat a higherlevel of discoursestructure. Onesolutionto
thatproblemhasbeenproposedy VeinsTheory(lde andCristea2000,c.f. alsopage34).

Finally, we needto specifywhich mentionscountasnext or lastprevious mentions.
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Definition 5.6 (Next and Last Mention) Let m € M(e) be a mentionof a discourse entity e,
andlet o = Occ(m)betheunitin which moccurs.

If thereis a m’ € M(e) so that Occ(m’) precedeOcc(m)and all other m” € M(e) that
precedem alsoprecedem’, thenm’ is thelast (previous) mention of e.

If thereisam’ € M(e) sothat Occ(m)precedeOcc(m’)andall otherm” € M(e) that are
precededy m are alsoprecededy m’, thenm’ is the next mention of e.

| have presenteda very generaldefinition of a distancemeasurebasedon a precedence
relation;in thatdefinition,| have discussed numberof problemsthatarisewhenwe definea
distancaneasuren discoursestructure Let usnow turnto a unit thatis muchmorepopularin
theliteratureandmakesfor muchsimplerdistancemeasurestheclause.

Clauses: Thisis the standardunit in the literature. But whatis a clause?A languageengi-
neerwould take a clauseto be anything betweenwo full stops(or equivalentpunctuation).A

semanticistvould aguethatthe adequateinit are propositionswhetherexpressedy a major
clause,a minor clause,or a clausewith a non-finite verbalhead. But if we areinterestedn

how distancenfluencegheform of referringexpressionstheunderlyingunit shouldbesyntac-
tic, sincesyntaxplacesconsiderableonstraintson the form of referringexpressiongseee.g.
Chomsly 1981,Fanselov andFelix 1987).

But what shouldbe the syntacticunit? Along with mostresearcherg the field, we will
usemajor clausespecause—aleastin Englishand German—man syntacticconstraintson
the form of referring expressionsoperateon this level. Somescholarsattemptto reducethe
phenomen#hatsyntactichindingtheoryaccountgor, suchastheuseof reflexives,to pragmatic
principlesor cognitive principles,suchasaccessibility For a recentdebate see(Ariel 1994,
Levinson1991,Huang1993). We have not consideredsuchreductionshere,becauseurrent
binding theory describesconstraintson the form of referring expressionghat hold within a
sentencaeasonablywell, including gaps. In Example5.12, one major clausewith an overt
subjectis coordinatedvith other subjectlessnajorclauses.

(5.12) And drunken captainVimes of the Night Watch staggeredslowvly down the street,
foldedgentlyinto the gutteroutsidethe WatchHouseandlay therewhile, above him,
strangelettersmadeof light sizzledin the dampandchangedcolour. .. (Pratchett
1990,page7; seealsoAppendixA.2)

Do we have oneor two units here?Sincethe clausesare coordinatedyve assumehatthe gap
in the subjectpositionsof the secondandthird clauses co-indexedwith the subjectin thefirst
clause(Buring andHartmann1998). Therefore all threesentenceform oneunit. This unit is
whatwe call aMajor ClauseUnit (MCU, StrubeandWolters2000):

Definition 5.7 (Major ClauseUnit:) A Major ClauseUnit consistof a major clause all co-
ordinatedsubjectlessnajor clauseswhele the subjectpositionis co-indexed with the subject
of the main major clause and all minor clausesthat are subodinatedto any of thesemajor
clauses.

Of course this definitionis far from perfect. For example,paragrapi2.3, AppendixA.2,
is repletewith sequencesf words betweenfull stopsthat have neithera verb nor a subject,
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anduncoordinatedubjectlessentencesSomeof these'sentences’suchassentence and3,
simulatesomekind of repair: Vimesis strugglingto find the right wordsfor the city in whose
guttersheis reclining. In sentence$ and6, the subjectis clearly elided. Suchcasesarerare
in the corpusof educatedstandardAmericanEnglishthatwasanalysedn (StrubeandWolters
2000), but if our unit definitionis to be applicableto all kinds of texts, we will have to mark
elidedsubjectsxplicitly in theannotationsTherearecurrentlynowell-validatedguidelinesfor
EnglishandGermarfor labellingwhetheranargumenthasbeenelidedor not, andfor labelling
why this ellipsis was possible. Elided agumentsare neitherpart of the MUC specifications
(HirschmanandChinchor1997),nor of the MATE guidelines(Poesio2000). Sincethe empir
ical work on BROWN-CosPEC focuseson the influenceof entity statuson pronominalisation,
notontheinfluenceof entity statusontheform of referringexpressionsn generalthetreatment
of ellipsisis left to futurework.

SinceMCUs form a complete linear, disjoint partition of a text, we candefinea distance
measureon them. Let usdefineanindex function which assignghe number; to theith MCU
in thediscourseThen,dist(u,u;) = |[index(y;) - index(u;)|, whichis ametricon N, the spaceof
naturalnumbergHeuserl993). The graphthatconnectdhe unitsis a straightline. An unit u;
is only connectedo its immediatepredecessandits immediatesuccessorThis simplemodel
hasthreeadwantages:

1. It doesnotassumary specifictheoryof discoursestructure.Insteadjt focuseson mod-
elling the stronglinear sequenceffectsthat have beenobsened both in corpusandex-
perimentaktudies.

2. Thecostsfor eacharccanbekeptto 1. To determinethecostfunctionfor arcsto higher
level unitsis still anopenproblem.Theresultsof Fox (1987)suggesthatthe costof such
anupwardstransitionshouldbe higherthanthatof a normallineartransition.

3. MCUs canbe viewed astemporalunits. On the basisof this reinterpretationye can
now definefor eachdiscourseentity a stochastigprocesghatgenerate#s occurrence
a discourse.The distancebetweentwo mentionsin MCUs is the time that haselapsed
betweerthesementions.

5.3.3 Granularity

Whenwe analysedistancesit is oftencorvenientto reducethe large numberof valuesfor dis-
tancemeasuredpasedon small units to a few relevant ones. In mostcasesthesereductions
aretheoreticallymotivated.In anaphoraesolution for example,algorithmsfrequentlyoperate
with the cateyories“intrasentential”,“intersentential:antecedenin previous clause”and‘in-
tersententialantecedentnorethanl clauseaway”. Thefewer cateyorieswe have, the higher
the cell countsin contingeng tables,andthe morerobusttheresultsfrom statisticaltests.The
situationchangeshowever, if wetreatdistanceasaninterval-scaled/ariable—inthiscasepnly
suchtransformationsrepermittedthatpresere the scaling.

A populardistancemeasurén discourseanalysiss the Refeential Distance(RD) of Givon
(1983a,1992),which hasbeendiscussedritically in Section4.3.6. To recapitulatethe basic
unit of RD is the clause. Elided subjectsor otherargumentsof the verbin clausesare also
countedasmentions.All distancegreaterthan20 clausesaremappedo the value20, which
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Figure 5.2. Distribution of distancedo lastmentionin the completecorpus

wasfixedarbitrarily; first mentionsarealsoassignedhis value.|l have alreadydiscussedome
methodologicalproblemswith this measuraen Section4.3.5. Here, | focuson the statistical
analysighatRD asit standgpermits.

First, RD is ordinal, not interval-scaled pecausehe interval betweenthe cut-off value 20,
whichis a category, andits predecessat9, whichis still anactualdistancejs notwell-defined.
This is no problemfor mostanalystswho usenon-parametri¢ests,anyway. A x? analysisis
difficult, becausén all contingeng tables cellsthatcorrespondo distancesbove 10 will have
very few entries. This makesthe significanceresultslessvalid. Becauseof the sheersize of
the resultingtable, it will often beimpossibleto replacex? by Fishers exacttest. If we treat
RD asan ordinal measurepn the otherhand,we get accesd4o non-parametri¢estssuchas
Kruskal's H-test,which is essentiallya non-parametricversionof a one-dimensionaanalysis
of variance andthe Wilcoxsonand Mann-Whitng tests. Finally, Givon’s transformatiordra-
matically skews the distribution of the distancemeasure Figure5.2 shows the distribution of
distancego lastmentionin MCUs for all 12 texts in BROWN-COSPEC without first mentions.
We seethatthedistributionis distinctly reminiscenpf anexponentialdistribution, which could
provide the basisof a Poissonprocesamodelof co-specificatiorsequenceskigure’5.3 shavs
whathappengo the distribution if all distances> 20 aremappedo 20 (left graph),andwhen
we apply the original definition (right graph). We seethat the potentialstatisticalgeneralisa-
tion is lost almostcompletely On the otherhand,if we do not cut the possiblevaluesof a
distancaneasureff at20,andif we accepthatdistancemeasurearejust notwell-definedfor
first mentionswe canfind a straightforvard parametricmodelfor distancedistributionswhose
mathematicaform canevenyield someinterestingnsightsinto thelinguistic functionof entity
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status.Sucha modelwill bediscussedn Section5.4.

5.3.4 Directionality

Co-specificatiortanbe examinedfrom two directions:
e cataphoric(forward): For which referringexpressions the currentphraseantecedent?
e anaphoric(badkward): Whatis the antecedendf the currentreferringexpression?

The secondquestionhasreceved far moreattention,becauset is centralto anaphoraes-
olution. The first directionhasonly beenexaminedsporadicallyso far, and one of the few
researcherto presentjuantitatve resultshasbeen,again,Givon. His Topic PersistencéTP)
measuresiow often an entity occursin the ten units after currentone. At first glance, TP ap-
pearsto be asproblematicasRD. Like thefirst measureit is basedon an arbitrarythreshold.
Moreover, it is moredifficult to compute—ateastby hand—tharthe first one. Takentogether
with RD, it hasa straightforvardlinguistic interpretationwhich is alsogivenby Givén. If TP
is high, thenthe entity is currentlytopical. If bothRD and TP arehigh, the entity is becoming
topicalin the currentclause.If both RD and TP arelow, the entity is losingits currentstatus
andis aboutto becomesemiactve. With ahigh RD andalow TP, theentity is clearly not topi-
cal. Whatthe measuraloesnot provide arecut-off pointswhich would enableusto statewhen
exactly TP is high enough.In fact,therangeanddistribution of TP valuesdependcrucially on
the structureof the discoursethatis beinganalyzed.For example, TP is lower in shorttexts
with mary potentialtopicsthanin long texts abouta single person. TP may alsobe lower in
argumentatye texts, wherea singleissueis discussedindermary potentiallyrelevantaspects.
Potentially the TP valuesof all the entitiesin a text tell us muchaboutboth the statusof the
discourseentitiesthatwerementionedandthe structureof thetext itself.
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5.3.5 Summary

We have seenthat althoughdistancemeasuresppearo be easyto defineandeven easierto
compute therearestill a numberof openresearctproblems. Finding an adequataunit is the
first one. We have amguedthat for written text prosetext, MCUs (Major ClauseUnits) are
a goodchoice,becausemostsyntacticconstraintson the form andinterpretationof referring
expressionsoperatewithin major clauses. For speech the size of this unit is still an open
guestion.

Thediscussiorof Givon's distancemeasurefiasshovn thatdistanceshouldeitherbe de-
finedasfully interval-scaledvariables,or reducedo a smallnumberof categorieswith anin-
dependentheoreticaimotivation. Arbitrary cut-off pointsonly obscuregeneralisationsThere-
fore, we will useeitherfull distancemeasuresr afour-way distinctionbetweerfirst mentions
andsubsequenmentionsin the sameclausejn the previous clause or earlier This distinction
is motivatedby researcton anaphoraesolution.Sincewe have only four cateyories,mostcon-
tingeng tablesaredenselypopulatedsothatwe have a wide rangeof statisticsat our disposal.

5.4 The StochasticProcessof Mentioning

Co-specificatiorsequencedocumentseriesof mentions.But whatis the mechanisnthatgen-
erateghesementionsthatgeneratesccurrencesf adiscourseentity in atext? In this section,
| explore what a stochastionodel of this mentiongeneratingorocesamight look like. Sucha

modelrequiredargeamountf data,nuchmorethanwhatwe have with BROWN-COSPEC. In

Section5.4.1, introducethebasicstatisticalmodelused the Poissorprocessandexplorehow

suitableit is for modellingthe data.Thenin Section5.4.2,1 proposea morecomple« approach
thatthe activationlevel of a discourseentity variesduring a text, andhow thatactivationlevel

affectsthe probabilitythatit getsmentioned.

5.4.1 Foundations

The centraldatathat our modelneedsto cover arethe quantitatve patternsthat arefoundin
co-specificatiorsequencesln orderto modelthesepatternsstatistically we needto translate
co-specificatiorsequencesto thelanguageof anappropriatgorobabilisticmodel. Thatmodel
is astotasticprocess we imaginethateachmentionof adiscourseentity in atext is generated
by arandommechanismandwe wantto know how this mechanisnbehaes.

Let usproceednductively. Firstwe look at the distribution of the distancesFor the com-
plete BROWN-COSPEC corpus,thatdistribution is givenin Figure5.2, pagel13. Figure5.4
givesthe distribution of distancedor the radio news corporaAubix-4 andDLF-RE. We see
thatthelongeradistancdo lastmention thelessfrequentlyit occursn thecorpus.Thefrequen-
ciesdeclineexponentially exceptfor distanced. This is not surprising:Distance0 meanghat
thelastmentionoccurredwithin the currentMCU. Onereasonis thatwithin aMCU, syntactic
rulesare supposedo influencewhenandhow a discourseentity canbe mentionedexplicitly .
But thereis anothey more fundamentarestriction: propositionstendto be aboutthe relation
of discourseentitiesto other discourseentities,not aboutthe relationof discourseentitiesto
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Figure5.4. Distanceto lastmentionfor DLF-RE andAuDIX-4.

themseles® Hence,discourseentitiesusuallyonly occuronce,rarely twice, in the agument
positionsof aclause.

We cannotjust excludethesezerodistancesrom the model, becausehatwould seriously
distortthe mappingbetweerthe statisticalmodelandthe domainto be modelled. Thatdomain
is thedistribution of the mentionsof a discourseentity in atext, andwe cannotarbitrarily cut it
justto suitour model.

Theexponentialdeclineof thefrequenciegrom distancel onwardsremindsoneof Poisson
processegc.f. AppendixB.5). The eventswe considemerearementionsof discourseentities,
andtherandomvariablesX; describehedistancebetweerntwo mentionsof the samediscourse
entity. The Poissonprocessountsthe numberof timesan entity occursin thetext. Distances
arereinterpretedaswaiting times: the distanceto the lastmentionin MCUs is the “time” the
addressebasto wait until adiscourseentity is mentionedagain.Poissomprocessearepopular
statisticalmodelsof languagein Quantitatve Linguistics (for a recentliteraturereview, c.f.
Leopold1998)? But canthey be extendedto modellingco-specificatiorsequences?

In a Poissonmodel, we assumeéhat distancedetweentwo mentionsfollow an exponen-
tial distribution. Table5.6 givesthe averagedistancedetweenwo mentionsfor the complete
BRoOWN-CosPEC-corpusandfor eachgenre-specifisub-corpusFor eachof thesdive corpora,
| estimatedhe parameten\ of the correspondingexponentialdistribution by the inverseof the
averagedistancein the corpus. This is the maximume-likelihood estimator(Lindsay 1995). |
thengenerate@randomsamplefrom anexponentialdistribution with the estimategarameter

8. .. althoughit is fairly easyto constructa completelynarcissistiaiscoursesuchas“He first washechimself
with hisown handsthenheldhimselftightly in hisarms,anddecidedall by himselfto clonehimselfjustto beable
to bewith himselfmoreoften?” This MCU containseightmentionsof the samediscourseentity, which represents
a manwho would preferto remainanorymousfor the moment. If we do not countthe reflexives,the numberof
mentionss reducedo three.

SMuch researctin Quantitatve Linguisticsis limited to word-sizedunits. In this section,in contrast,l use
phrase-sizednits,which arebettermotivatedfrom alinguistic point of view.
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Data all texts

all def. pro
averagedistance 3.44  9.79 1.14
KS teststatistic 0.2446 0.1453 0.1282

Data CF CG

all def. pro all def. pro
averagedistance 253 499 084 293 4.06 1.29
KS teststatistic 0.2285 0.2571 0.0828 0.1535 0.1562 0.0745

Data CK CL

all def. pro all def. pro
averagedistance 2.73 1488 094 474 1233 1.43
KS teststatistic 0.2777 0.1864 0.2091 0.2794 0.1329 0.1447

Table 5.6. Fit of exponentialdistribution to the datafor subsequententions.def.: definites
only, pro: pronounnly. bold: nosignificantdifferencebetweerrandomsampleandempirical
distribution, criterion: p < 0.005,estimatesnaybe unreliablebecaus®f afew ties

andcomparedhe sampleto the empiricaldistribution usingthe non-parametri¢«olmogorof-
Smirnof (KS) teston the BROWN-CosPEC-corpus. TheKS testdeterminedor arny two sam-
pleshow likely it is thatthey were dravn from the samepopulation. The testfails, both on
the completecorpus,andon all four genres.Table5.6 summarise$or eachcorpusthe average
distanceandthe valueof the teststatistic. The lower the statistic,the morelik ely it is thattwo
samplesarefrom the samedistribution. Genrecg, which hasthe shortestco-specificatiorse-
guencesgcomesclosestto the estimate.Thefit is reasonablygoodfor definitesandpronouns,
but not for all referring expressions.Moreover, for cL, the distribution never fits well. This
indicatesthat what we needmight be a mixture of distributions, not a single one, wherethe
partsof the mixture cover differentforms of referringexpressionsMoreover, the basicmodel
assumptionsnight breakdown for genresvherea few discourseentitieswhich dominatdarge
stretche®f text.

Figure5.5 suggestsnorereasondor theseproblems. The empirical distribution declines
moresharplythanthe exponentialdistribution, andhasa far longertail. Thereis a clearpeak
aroundl, thetypical distancefor centraldiscourseentities. The problemis notlimited to intra-
sententialanaphorawherewe have alreadyidentified syntacticinfluencesthat might distort
the picture—it concerngsthe overall shape. Sucha patterncannothave beengeneratedy a
stationaryPoissonprocess,or a sum of stationaryPoissonprocesses.The mechanisnthat
generatementionshasto bemorecomplex. Thefit is muchbetterwhenwe restrictoursehesto
typical anaphoricconstructionssuchasdefinitesandpronouns Focusingon pronoungFigure
5.6),we seethattheintra-sententiahnaphoralistortthefit muchmorefor the completecorpus
thanfor genreca.
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Figure 5.5. Fit of exponentialdistribution to the data— predicteddistancegstraightline) ver-
susempiricaldistancegconnectedlots). Upperfigure: completecorpus,lower figure: Genre
CG, bestfit
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Figureb5.7. Distanceo lastmentionversugpositionof amentionin aco-specificatiorsequence
for threeentities. The positionis givenby “Number of Occurrence” All threeentitiesarethe
mostfrequentonesin their respectie texts. The first mentionhasthe distancevalue-1. The
graphsshaw clearly the valleys that correspondo discoursesggmentswherethe entitiesare
protagonists.

5.4.2 Activevs. BackgroundedStates

What do we make of theseresults? Why doesthe exponentialdistribution fit well for some
anaphoricreferring expressionsput badly overall? | assumehat the real culprit for the bad
fit lies in the assumptionshat the Poissonprocessesnake, more preciselyin the assumption
thatall distancesreindependentFigure5.7 shavs how distanceto lastmentionvariesduring
a co-specificatiorsequencdor the mostfrequententitiesof eachof the 12 texts. Clearly the
processvhich generatesheseentitiesis not stationary From the graphs,we candistinguish
two basicstatesf thosediscourseentities:

Casel: The entity is a central referent. The distanceto last mentionvariesbetween0
and 2, which meansthat the antecedenbccurredlessthanthreeclausesago. The entity is
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Figure 5.8. Poissordistribution with pz = 10

highly activated;usually this high activationpersistduring severalclausesThe entity appears
to be somekind of central refeentin the senseof van Dijk (1980). The rate with which it
is mentionedis more or lessconstant;it oscillatesaroundl. The processwhich generates
mentionsof the entity is stationary This casecanbe modelledby a stationaryPoissorprocess
with ratel: In asggmentwith alengthof x MCUs, we would expectthe entity to occurexactly
x times. If the entity occurssignificantly lessoften thanthat, it is not central. We cantest
whetherthe obsened frequeng deviatessignificantlyfrom the expectedoneusingEq. B.24.
Let ¢ bethe numberof occurrencesve foundin the corpus,andz the numberof MCUs in the
corpus,thenP(N(X)< i|p = 1) is the probability thatwe will find 7 or lessoccurrencesn a
corpusof  MCUSs, if the entity occurson averageonceperMCU. A preliminaryevaluationof
this heuristicon the BROWN-CoOsSPEC textsindicateshatthistestis ratherconserative. cL06,
ck 25, andck 29 all have strongcentralreferentsandthe numberof occurrence# thetext is
significantlyhigherthanwhatwe would expectfor arateof p = 1 (p < 0.01for the cK-texts,
p<0.05for the cL-text). This shavsthatthe“true” ratesof the centralreferentsarelik ely to be
higher

Applying the testonly makessensavhenthe discoursesegmentis long. Figure5.8 shavs
a Poissordistribution with pz = 10, which correspondso discoursesggmentsof 10 MCUs in
lengthandarateof 1 mentionperMCU. Thecutoff pointhereis 5: If anentity occurslessthan
four timesin asegment,it is highly unlikely to bea centralreferent(p<0.05). For alengthof 5
units, however, this cutoff pointdropsto 1.

Whatis the theoreticalstatusof this Poissormodel? All the datawe have gatheredso far
seemdo suggesthatit doesnotfit well. Evenfor entitiesthatarecentralto the wholetext, the
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modelhasproblems.l comparedhe distribution of the distance®f thethreecentralreferents
from texts cL06, ck25, and ck29 to the exponentialdistribution we would expectthemto
have. None of themfit well—mainly becausen the empirical distribution, thereare strong
constrainton whetheran entity canbe mentionedagainin the sameMCU. But aslong aswe
donothaveastochastienodelof theseconstraintsastationaryPoissomprocesprovidesatleast
somereasonabléeuristics—thdits for certaintypesof referringexpressionsin particularfor
pronounsandfor certaingenresjn particularc with its few, brief co-specificatiorsequences
arenotthatbad.

Case2: The entity is backgrounded. Distanceto lastmentionvarieswidely. Mentionsare
spreadfar apart. If andwhenan entity is mentioneddependson whetherthe writer needsit
to formulatea particularpropositionor make a specialpoint. The processwhich generates
mentionsof the entity is non-stationaryTheintensityfunctionis now

(5.13) Y(ui) = y(s(ui), d(ui), c(ui), a(u;))

It depend®nthestateof thediscoursenodel,thelocutionaryact,andthestateof communicator
and addresseat time ¢. To estimatethis function from corporais extremely difficult. One
possibleworkaroundwould beto estimatehefunction on the basisof the entitiesthatoccurin
the currentandthe previousMCU. If two entitiesco-occurfrequently thenthe presencef one
entity increaseshelik elihoodthatthe otherwill be mentioned We now have

(5.14) v(u;) = v({eile; occursin theimmediateco-text}).

The BROWN-COSPEC corpusis too smallandthetopicsof thetexts aretoo diverseto allow to
estimatesuchprobabilities.But corporaof ageny storiesor news reportsaboutcertaintopics
couldexploit theseco-occurrences.

Connecting Casel and Case2: Thedetailedanalysisof co-specificatiorsequences dis-
coursehasrevealedthatthe statisticalmodelis notassimpleasthealluring curvatureof Figure
5.7 suggestsAlthough stationaryPoissorprocessegive ususefulheuristicsfor entitieswhich
happerto play a centralrole in the segmentsthey occurin, the behaiour of theseentitiesbe-
comemuch more erraticoncetheseseggmentsare finished. We canintegratethesetwo very
differentcasesnto asinglestochastianodelby a simpletrick: interpreteachcaseasa separate
state For the sale of simplicity, let usassumehatthesestatesarelinked by a Markov Chain
(c.f. Definition B.3, page274).

In this casewe havetwo states|et uscall them“active” and“backgrounded” Thetransition
probabilitiesbetweerthosestatesdependon the discoursestructure moreimpreciselyon what
thecommunicatoplansto sayatwhich pointin thediscourse Sincethetransitionprobabilities
arenot stationary the Markov Chainis not homogeneousA transitionis triggeredwith each
nev MCU.

At the next modellingstep,we faceanimportantdecision:doesan entity countasactive as
soonasit is mentionedasChafewould have it (c.f. Section4.3.6),or shouldwe take a more
text linguistic stanceandresere the status‘active” to thosediscourseentitiesthat are central
to adiscoursesggment?
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inactive

active semiactive

Figure5.9. Stochastianodelof co-specificatiorsequences;hafe-style

Let usfirst discusghe approximatiora la Chafe. In that case a discourseentity countsas
active assoonasit hasbeenmentioned. If we wereto remainfaithful to Chafes ideas,we
would also allow a discourseentity to enterthe processvia the backgroundstate. This can
occurwhenanentity is alreadysemiactve becausét belongsto whatChafecallsthediscourse
topic. However, aswe have alreadydiscussedtlength,suchco-actvationis extremelydifficult
to estimatefrom texts. Thereforewe will dropit from the presentmodelandassumehatall
entitiesentervia the active state.

Theprobabilitythatanactive entity will remainactive depend®nhow oftenit is mentioned
in thefollowing MCUs. Themorefrequentlyit is mentionedthelesslikely it will plungeback
into semiactvity. Discourseentitiescanalsodrop out of the processmodelledby the chain
entirely This is the statethat Chafewould call “inactive”. Sinceinactive discourseentities
canbetakenup laterin the text, we might wantto incorporatethat statein the model. It will
needto be appliedwhendiscourseentitiesare not mentionedfor several sectionsor chapters.
A mild caseof inactwity is presentedy the Pratchetttext (AppendixA.2) in the form of the
inebriatedCaptainVimes— not becausene is lying inactively in the gutter but becausehe
authorleaves him lying thereall alonefor threepageswhile he reportson strangeeventsat
UnseenUniversity The maindifferencebetweenhe semiactve andthe inactive statesarethe
probabilityof atransitionbetweerthemandtheactive state.Thatprobabilityis muchhigherfor
semiactve entitiesthanfor inactive ones.Figure5.9 summariseshe modelwe have developed
sofar.

While entitiescanenteronly via the active state,they canonly leave via the inactive state.
For example,in paragrap!8.1,the High Enegy Magic Building suddenlyentersthediscourse,
becomesactive, but thenfadesfrom view quickly asthe actioncentreson the Library. This
correspond#o atransitionsequencevherethe entity entershe processn theactive state slips
into the backgroundbecomesnactive, andthendropsout of the discourseagain.

Theapproactihatl have describedn the precedingparagraplis in effectnothingelsebut a
stochastianodelof co-specificatiorsequencesSucha modelhastwo cleardisadwantages:

e Thetransitionprobabilitieslargely dependon the communicatos plan of the discourse,
which makesthemextremelydifficult to estimatefrom corpusdataalone

e Themodelis difficult to link to thetwo superordinatstateghatwe foundin the data

For this purposewe needto placetighter constrainton the active state:A discourseentity
is active if it canbeinterpretecasoneof the centralreferentf the currentdiscoursesggment,
else,it is backgroundedThe chainprocesdor anentity startswhenit is first mentionedn the
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active

Figure 5.10.Markov Chainmodelof alternationbetweeractive andbackgroundedtate

discourse.The chaincanbe enteredn both statesthe initial probabilitiesdependon therole
of that entity in the discourse.An entity canbe introducedinto the discoursean either state.
For example thediscourseentity correspondindo theLibrarianin the Pratchettext (Appendix
A.2) is active for quiteafew sentenceafterit hasbeenintroducedwhile CaptainVimesis not
mentionedagainaftera few sentencegalthoughadmittedlyparagrapt®.3is narratedrom his
pointof view).

Both statesthe active andthe backgroundeane, arenot periodic,which meansthatthey
canbe returnedto at arbitrarytimes. As long aswe do not have more sophisticatectriteria
for determiningwhethera discourseentity is active, we canresortto a simple testbasedon
the statisticalmodel we positedfor Casel: Let us assumewe obsene j mentionsin the k
MCUs that immediatelyfollow the currentone. What is the probability of this outcome,if
thesementionswereall generatedby a Poissorprocesswith ratel? Thisis the probability that
the chainremainsin the active state. The larger &, the morestringentour criterionfor actwity
becomesTheresultingtransitionprobability matrixis:

(5.15) from/to actve background
actve Paa = P(N(k) = ]‘p = 1) Pab = 1 — Paa
background py, = pe. Pob = 1 — Paa

The structureof sucha chainis shovn in Figure5.10. To illustrate how the Markov Chain
works, Table 5.7 protocolsthe transition sequencegor three discourseentities from the

Gemayeltext (AppendixA.1), “Jerusalem”,‘Gemayel”,and“Arafat”. For the purposeof this

sampleanalysispurunitsareparagraphsandP (N (k) = j|p = 1) is calculatecbnthebasisof a

moving window of length9 thatis centredatthe currentparagraphlf anentity occursonly four

timesor less,it is notactive. We seethatthe discourseentity correspondingo BashirGemayel
is actvethroughouthewholetext. Heis obviously a centralreferent but notthetopic: thatcan
bestbe describecasthe reactiongo his death. The caseof the entity correspondingo Yasser
Arafat shows thatthe criterion definedabove is very coarse.He is clearly the centralreferent
of the paragraph#e occursin, but sincehis nameis only mentionedthreetimes,which does
not quite make our strict thresholdof four mentions. The locationof Jerusalemon the other
hand,is clearly alwaysin the backgroundgvenwhen, by coincidenceijt is mentionedn two

paragraph# arow.

Sofarwe have basedur modelon whatwe obsenedin BROWN-COSPEC, commonsense,
and analytical catggoriesfrom text linguistics, in particulay from van Dijk (1980). In order
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Paragraph 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Jerusalem
active
background X X X

Arafat
active
background X X

Gemayel
active X X X X X X X X X X X
background X

Table 5.7. Transitionsequence$or discourseentities“Jerusalem”,"Gemayel”, and “Arafat”
betweeractive andbackgroundedtatesn the Gemayeltext (AppendixA.1)

to estimatetransitionprobabilitiesfrom text, we would needa detailedannotationrschemefor
seggmentingdiscourseandidentifying centralreferents— elsewe risk circular results. Such
annotatiorschemesirestill active fieldsof researchaswe have seenn Sections.2and3.3.In
future work, we planto annotatehetexts in BROWN-COSPEC with discoursestructureinfor-
mation;on this basis,the statisticalmodelof the transitionsbetweenactive andbackgrounded
statecanbefurtherrefined.

Evaluation: Theresultsshowv thatthe Poissonmodel,althoughit is theoreticallyappealing,
makestoo strongassumptiongboutthe distribution of mentions.Beforewe caneventhink of
validatingthe Markov Chain model of the two states(active vs. backgrounded)we needto
solve the problemsatthe basis.Evenif we eliminateall mentionswithin the sameMCU from
the picture,we still cannotmodelthelong tail of the distancedistribution adequatelyln order
to cover this massve overdispersionyve will needto resortto more complec point processes
(Resnick1992,p. 332f.). I hypothesisehe basicdistinctionbetweeractive andbackgrounded
statesstemdrom thefactthatif adiscourseentity is the centralreferentin adiscoursesggment,
it is very likely to be mentionedat leastonce per clausein that segment. If this insightis
bestcapturedby a modelthat estimateghe time (in clauses)fter which an entity will next
be mentioned,or if we shouldswitch to a spatialmetaphorand counthow often an entity is
mentionedoersegment— thatcanonly beclarifiedon a corpuswhich hasbeenannotatedvith
somekind of discoursestructure.

Ultimately, we will needto couplethemodelto bothastochastigrammaywhichtakescare
of the syntacticconstraintsanda modelof the co-text thattakescareof the non-stationarityof
the processavhich generategachmentions.Sincethe BROWN-CoOSPEC-corpusis thematically
very heterogeneoust was not possibleto explore whetherChurchs (2000) non-parametric,
collocation-basedotionof adaptatiormight solve the problemthatparametricityhasgivenus.
As long aswe do not have sucha superiormodel,the Poisson-basethodelgivesus a rough,
first approximatioron which we canbuild future corpus-basedxperiments.
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5.5 Distanceasan Indicator of Entity Status

Distanceto next/last mentionis definedpurely on the text level. Annotatingdistancedoes
not requirea detailedmodel of the addresseer a deepunderstandingf the communication
situation.Thisis adisadwantagebecausé obviously ngglectsimportantaspect®f entity status.
Butit is alsoanadwantagebecausaddressemodelsarealwayssubjecto muchspeculation—
hencedistanceannotations potentiallyfar morereliable.If ananalystworkswith datashehas
not collectedherself,from a text type sheis not intimately familiar with andwheresheknows

neithertypical communicatorsior typical addresseesheshouldassumeaslittle aspossible
aboutcommunicatorendaddressees.

Basicallyif you cannotadequatelynodelthe communicatiorsituationin which adiscourse
wasproduceddonotdoit. Thisstancanayseenmdefaitist;andyou cancertainlygetinteresting
resultsby throwing all precautiongo thewindsandplacingyourselfin the seatof the commu-
nicationpartnersas| have donein Chapter6. But in thelong run this is highly problematic
methodologically If the analystrestrictsherselfto annotatingust thosefeaturesthat shecan
labelreliably, shewill verylik ely notuncover morethantheskeletonof thephenomenosheset
outto study But justasthe skeletonstabiliseghebody; reliablefindingsprovide stablestarting
pointsfor morein-depthanalysesFor entity statusthis skeletonmeasurés the positionof are-
ferring expressionn aco-specificatiorsequenceExplicit mentionsevoke andaccessliscourse
entitiesfar moreeffectively thanimplicit ones.Thereforejt makessenseo startby trackingthe
explicit mentions.We cangeta morebalancedictureif we alsoconsidersemanticsyntactic,
andmorphosyntactipropertiesof thereferringexpressionsn asequence.

Distanceo lastmentionis no measuraf entity status sincethatconcepis but acoverterm
thatdescribesiow anentityis managediuringdiscourseandtheroleit playsin texture. It is this
rolein thetextureof adiscoursethestructural entity statuswhichwe canmeasurenthebasis
of co-specificatiorsequencesk-or example,if a discourseentity is closelyrelatedto the topic
of adiscoursesggment,if it is a centralreferentin that segment,distanceto lastmentionwill
oscillatebetweerD and2 in thatsegment.To putit anothemway, oncewe have someindication
of discoursesggmentboundariesywe canautomaticallydeterminefor eachsegmentwhetherit
hasa centralreferentandwhatthatreferentis. This procedurealsohighlightssegmentswhere
it is not possibleto determinea singlecentralreferent,asin paragrapi2.1 of the Pratchettext
(c.f. AppendixA.2).

On the managemensidethe distancepatternghat we have foundin the datafall into two
states.If the distanceoscillatesbetweern0 and?2, the entity is very probablyactive, otherwise,
it is backgroundedDistanceslo notallow usto determinevhenentitiesarecompletelydeacti-
vatedagain.This depend®n how well they areanchoredn theaddresses'world knowledge,
whetherthey were primedby anotherentity that was recentlymentioned,on how noticeable
the entity waswhenit waslast mentioned.andon how centralit wasin precedingdiscourse
seggments.For example,in the Pratchettext (AppendixA.2) CaptainVimesof the Night Watch
is mentionedexplicitly only twice, in paragrapi2.2, beforeheis referredto againin paragraph
3.15with a pronoun. For readerswvho have rememberedhe picturesquegentlemarwith the
alcoholproblemandwho have wonderedvhenthey will meethim again,Vimeswill be semi-
active. For othershewill beinactive andthey will have to skip backfrom pagelOto page7 in
orderto find outwho this Vimesguy is.

Althoughtheinterpretationd have given above appearmplausible,they areall basedon an
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informal analysisof the contentof thetext. If we do notknow how thetext begins,how it ends,
andwho haswrittenit for whom,we cannotreally drav inferencesaboutactivationor examine
the role of a discourseentity in the completetext. This problemis particularly severe with
representatie corporasuchasthe Brown corpusor the LIMAS corpus. Many texts aretaken
from the middle of passagesr chaptersptherseven straddlechaptersandsectionssothatit
is not clearany morewhetherary of the discourseentitiesmentionedn partoneis meantto
surfaceagainin parttwo of the 2000word excerpt. We alsodo notknow whetheranentity that
is mentionedoncein thefirst andoncein the lastsentencés a protagonispf the segmentsthat
precedeandfollow theextractthathasbeenannotatedThereforetheresultswe have presented
on the Brown corpusneedto be validatedon a corpuswith full texts or at leastthe beginnings
of full texts. The point| wantto make hereis thatit is indeedpossibleto develop stochastic
modelsof co-specificatiorsequencedyut to collectandannotateacorpusof full textsonwhich
thesemodelscould befurtherrefinedis definitely beyondthe scopeof this thesis.

5.6 Summary

In this chapterwe have considereda rangeof methodologiaissueshatneedto be takeninto
accounin empiricalstudiesof entity status.The coreof suchstudiess theannotatiorscheme.
Goodannotatiorschemeseedto satisfyconflictingconstraintsThey shouldallow fastannota-
tion of largeamountsf data,yetthey shouldbe comprehensie enoughto coverall phenomena
of interest. They shouldallow high levels of interannotatoragreementyet annotatorsoften
needto make wild assumptiongbouthow the addresseeonstructshis interpretatiornof a text
heis confrontedwith. The annotatiorschemeshouldbe theoreticallywell-founded bothfrom
a psychologicabndfrom a semantigoint of view. No wonder then,thatthe idealannotation
schemenasnotemegedyet, asSection5.1shows.

In thisthesis| exploretwo waysout of this quandaryFor thedetailedanalysisof acompar
atively smallamountof data,l developeda detailedschemethatdescribeiow a prototypical
addresseenight managethe discourseentitiesthat are introducedand taken up againin the
courseof a brief radio news story. The schemes describedn Section5.2. Sinceno detailed
hearemodelis availableto me (this would encodeheworld knowledgeof aneducateaniddle
classAmericanor Germanyespectrely), the resultingannotationsnvariably represenmy in-
tuitionsaboutwhatsucha hearemwould typically do. Theresultsof this analysisarediscussed
in detailin Chapter6.

In Section5.3, 1 turn to aradicalalternatve: distancemeasuresgefinedon sequencesf
co-specifyingreferringexpressionsTherequirement$or annotatiorarevery simple: Annota-
torsmerelyhave to identify the placeswvherea discourseentity is mentionedexplicitly in atext.
Defining a suitabledistancemeasureon theresultingsequencef co-specifyingexpressionss
somavhatmoredifficult. If we have noreliableinformationaboutdiscoursestructurethe most
straightforvardmeasurés thetime-honouredlistanceo lastmentionin clausesin Chapter?, |
explorewhatdistanceo lastmentioncantell usaboutthe mechanismsinderlyingpronominal-
isation. In Section5.4, 1 investigatedvhetherthis measureeanhelp us modelco-specification
sequenceby a stochastigprocessThistaskis morecomple thanit appearsin particularsince
we needarge corporafor estimatinghe parametersf suchamodelandfor validatingit ontest
data.



6 Referring in Radio News

This chapterbeganasa complementarystudyto researclon the given/nev distinctionin ra-
dio news prosody(Wolters1999, Woltersand Mixdorff 2000). In thesestudieswe found that
entity statusis hardly ever signalledintonationally The first reactionto this resultwas that
thesespealers musthave beendoing somethingwrong, that | had beeninvestigatingsubop-
timal speech.But therewas anotheroption: maybeentity statuswas alreadysignalledsuffi-
ciently well in the text, sothatspealersdid not needto useadditionalprosodiccuesarnymore.
Whenl furtherinvestigatedhe genreof radio news, entity statusin radio news turnedout to
be very difficult to define. The culprit is the ratherpeculiarcommunicatiorsituation: a web
of communicatorso heterogeneouthatBell (1991)refusedo reduceit to a singletheoretical
“spealer”-style unit of analysisanda heterogeneousudiencevho merelyknows the voice of
the personwho readsthemthe news.

Theseobsenationsleadto two researclguestionsWhatis entity statusin radionews, and
whatareits linguistic correlatesBoth questionswill be addresseth this chapter Section6.1
begins with the necessargroundvork from mediastudies(Whatis radio nevs? What does
communicatiorin radio news mean?)andexploreswhat entity statusin radio news might be.
Next, in Section6.2, | describethe corporaon which the linguistic analysesvere conducted,
AuDIX-4, WBUR-LABNEWS, DLF-RE andFFH/HR-RE, togethemwith their annotationsin
thefollowing two sections| analysenow entity statugs signalledn (radio)newsdiscoursefirst
guantitatvely (Section6.3),thenqualitatively (Section6.4). | investigatdinguistic correlateof
entity statusin thesecorpora,focusingon determinerchoice,syntacticfunction,andpresence
of modifiers.Section6.5 presentxonclusions.

6.1 Communicationin Radio News

Many computationalinguistsarenot particularlyinterestedn the genreof text they arework-

ing with. For example,in their studiesof pronominalisationn pedagogicatiscoursePoesio,
Henschel HitzemanandKibble (1999) or Henschel Chengand Poesio(2000) never referto

the large literatureaboutthat type of discourse.Nor do McCoy and Strube(1999)show that
they areawareof thelively discussiorof medialanguagegeventhoughtheir corpusconsistsof

newspapereportagesThisis notaseriousomissionif you aremerelyinterestedn describing
patternsof languageause.But if you starttakingthe genreyou areworking with seriouslyfor a
changeyou discorer muchthatcanhelpyou interpretyour linguistic obsenations. Therefore,
beforel delve into the analysisof theradio news datain Section6.3, | will surwey currentand
classicresultson news languagen somavhatmoredetail thanusualin this field of computa-
tional linguistics.
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This sectionis structuredasfollows. In Section6.1.1,1 characteris¢he genreof radio
news, its formatsandcornventions then,l surney whatgetsreferredto in radionews in Section
6.1.2. Finally, I sketch picture of the communicationprocessin radio nens anddrav some
consequence®r definingentity statusin Section6.1.3. The discussionis necessarilyimited:
Neitherwill 1 discussn detailthevariousapproaches (media)communicatiorthathave been
proposedn theliterature,nordo | purportto compareGermanandAmericanradio. | justwant
to give you, the readey a flavour of what we are dealingwith here—adetailedstudy would
constitutea thesisin itself.

6.1.1 The Genre of Radio News

Accordingto Swales(1990), a genre is characterisedy corventionsthat a community has
agreeduponfor texts with specificdiscoursgurposesin the caseof radionews, thatdiscourse
purposes: inform the listenersof the radio stationaboutwhatis goingonin theworld. The
mostimportantcorventionis that radio news are brief, no longerthanthreeto five minutes.
More detailedreportsandinterviews canbeleft to otherinformationformats,if the stationhas
themin its programscheme.What s presentedas news dependsa lot on what the listeners
are interestedn. Mostly, they get brief overviens of the mostimportanteventsof the day
informationaboutpolitics, society sports,andbusinessaswell asserviceitemssuchasnews
aboutpetrol price hikes. Stationswith teenagdistenerstendto spicethis mix with the latest
from theworld of popmusic,while local stationsoftenaddhumanintereststories.This means
in practicethat news stories,even humaninterestones,tendto be ratherdense,with much
informationpacledinto little time.

Therearethreemain formatsfor news: the “classical” format, with focuson politics, the
classicalformat with soundclips, andthe so-callednews show, with mary serviceitemsand
few political news (Zehrt1996,LaRochel991b).While bothlanguageandpresentatiorof the
classicahewsareratherformal,thenensshav presentmens almostasaform of entertainment;
thelanguagebecomesnorecolloquialandthestyleis relaxed.

The Structure of aNewsStory: Newsstoriestendto follow thetraditionalpyramidalscheme
“lead, source background’(LaRochel991b,Zehrt 1996,Bell 1991,Luger1983). The main
news is summarisedn thefirst sentencewhile the secondsentencerovidesthe sourceof the
news,andthefollowing sentencesontainbackgroundnformation. Storiesshouldbestructured
sothatthey canbe cut from the end,if necessaryThis is a commonschemeor news reports
in generalwherea fixed spacen time or on paperhasto befilled. The contentof the storyis
supposedo answerthe question:What happenedr, moreprecisely: Who did whatwhere,
whenandhow? Writersaresupposedo placethis informationin thefirst oneor two sentences
(Burger1990,Llger1983).

If we know how a story is likely to be structured,that story becomeseasierto process
(Bartlett1932).vanDijk (1985a)hasproposed detailedprototypicalscheméor news, which
heappliedto the Gemayelext reproducedn AppendixA.1. In histerms,suchaschemas asu-
perstructure, a unit of analysisthatorganiseghe content-basedr intention-basednacrostruc-
tures,whichin turn describehow the propositionsa text consistf areorganised.Thescheme
he proposess givenin Figure6.1. Otheranalystshave levelled the samecriticism againsthis
approachthat they have alsolevelled againstvan Dijk’ s theory of discoursestructure: Such
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News Discourse

T

Summary News Story
Head Lead /\
Episode Comments
/l\ Expectation Evaluation
Main Background Consequences/
Event Reactions
Circumstances Hlstory TN
/\ Events/ Verbal
Contet Previous Acts  Reactions
Events

Figure 6.1. Superstructuref news storyfollowing (vanDijk 1985a,page86, Figure2)

schemesarenot flexible enough,andreal articlesshav muchmorevariationthanthe scheme
would predict. Insteadof proposingyet anotherstructuralschemeBucher(1986) developed
a setof speechactsthatwriters useto structurea story. He amguesthat the foundationallevel
on which addresseesonstructa text to be coherents the intentionallevel. This agreeswith
our resultfrom Section3.3: from a communication-theoretipoint of view, the basiclevel of
texture hasto beintentional.

Buchers definition of text types (“Textsorten”) as patternsof action fits quite well with
Swales’ definition of genreastexts with acommonpurpose sinceactionsare per definitionem
purposeful. He distinguishesbetweenMeldung (short news item), Bericht (report), and Re-
portage (reportage):short news items inform aboutfacts, reportstell abouteventsand give
backgroundandfinally, reportagegresenthe perspecitie of the reporter The AmericanEn-
glishtexts areclearlyreports the preferredAmericanform of broadcashews (Stumpert1991).
The Germarntexts, on theotherhand,areMeldungn brief newsitemswith asmuchcontext as
necessarnhencefar moredifficult to understanéndevaluatethanreports.

Both perspecties, the intentionaland the content-basedsomplementeachother: While
van Dijk’ s superstructureprovide a vocahulary for systematicallydescribingthe expectations
of theaddresseef a news story, Buchers categoriesareusefulfor the fine-grainedanalysisof
astory.
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The Languageof Radio News: Radionewstexts arewrittento belistenedto. Listenerscan-
not spendtoo muchtime decipheringthe meaningof the currentsentenceor they will miss
thefollowing one. Neithercanthey re-readthe precedingsentencef they have troubleunder
standingwhatis meant.Thereforethelinguistic form shouldnotbetoo difficult to process—no
convolutedsentencesvith deeplynested\Psor gardenpathsentencesin reality, thereis al-
waysa trade-of betweenthe time editorshave to write a story, the limited time they have in
their programmeslot, andthe desireto getthe story acrosswell. Ageng/ copy (the texts that
comein from theagencies¥houldberewritten, but dueto lack of time, the complex hypotayes
arefrequentlypassedhroughunfiltered(Haal31994)— complete or ratherreplete with nested
NPs.

In orderto be concise,authorsfrequentlyturn verb phrasesnto comple< noun phrases,
andinserta semanticallyratheremptyverb suchas*“take place”into the mainverb slot. Most
textbook writers polemiciseagainstthis practice(LaRochel991a,Zehrt 1996, Wachtel1997,
Schneiderand Raue 1998) becausat makes the resultingtext more difficult to understand.
But it hasits advantagesasBurger (1990) notes. If aneventis introducedby a complex NP,
referringbackto thateventis easietthanif it hadbeenintroducedoy aVP. It remainsaccessible
for alongertime, andthe initial descriptionprobablycontainssufficient information for the
addresset connecthe discourse-ne entity to his previousknowledgeandexperiences.

6.1.2 What GetsReferredto?

Therearetwo sidesto referencen radionews: whatis beingreferredto andhow it is referred
to. The subjectmatterof news hasbeenstudiedintensiely by researchera’ho wantedto find
outwhy somenews arereportedandothersarenot. Thefactorsthatmake aniteminto a news
item influenceboth form and contentof the text. We will dealwith thataspectin moredetalil
on pagel32ff. . Thelinguistic side,the “how”, hasbeenstudiedmoreglobally: researchers
have testedthe intelligibility of news texts in greatdetail (a few relevant examplesare Frih
1980, Brosius 1990). It is importantthat the addresseean interpretthe news quickly and
adequatelynot only from a linguistic, but alsofrom a political point of view, sinceradiois an
importantsourceof informationfor citizens(for controversialdiscussiong.f. e.g.Kepplinger
1990,Kepplingerl999,Noelle-Neumani999,Heum1975,LazarsfeldandMerton1948/1971,
Lippmann1922/1971).

ISincel leave truth-conditionalsemanticdargely asidehere, | will not discussa third aspectof reference
in radio news, the questionto what degreethe mediareality is constructed. Radical constructists claim that
thereis no externalreality. Instead everybodyconstructsherown reality—journalistdistill their knowledgeinto
necessaril\subjectve reports,andtheir audienceusesthesereportsto constructtheir own reality asthey please
(Schmidt1994, Krippendorf 1993, Krippendorf 1994,to namebut a few). On the otherhand,realistssuchas
Kepplinger(1993)andFrih (1994)claim thatthereis indeeda reality, andthatjournalisticwork canbe compared
to againsthardfacts. The Germandiscussionin the early Ninetiesis documentedn (Benteleand Riihl 1993);
Merten, Schmidtand Weischenbeay (1994) provide an introductionto mediastudiesfrom a constructvist point
of view. Althoughthis constructvist approachwould fit nicely with recentdevelopmentsbasedon Ungeheues
theoryof Communicatior(Jucheml998),a detaileddiscussiorof the conflicting pointsof view would be beyond
the scopeof this thesis.| am not interestedn how the analysedexts relateto the realworld; | aminterestedn
how writersusereferringexpressiongo createsequencesf expressionghatspecifythe samediscourseentity.
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What MakesNews? Listenerexpectationsarenot the only factorsthatdecidewhich events
getselectedor reportingandwhichdo not. News agenciesloodtheir subscribersvith all kinds
of news (Hagen1995), and mary Public Relationsmanagersare busy with creatingpseudo-
eventsthat are only thereto be reported(Kepplinger1990, Boorstin 1961a). This massof
eventsandpseudo-eentsis filtered by thejournalists.But accordingo which criteria?

On one hand,therearethe attitudes,values,andideologiesof the editorsthemseles. A
popularmetaphorhascomparedhemto gateleepes (White 1950) who decidewhich news
may passhroughthegateto publication.Onthebasisof hisinterview with “Mr. Gates” White
concludedhattheir decisionsare determineccrucially by their beliefs,their preferencesand
their prejudices.In a classicstudy Gans(1980)shows in detail how valuesandideologiesof
the news journalistsinfluencethe contentof Americantelevision news.

News factortheoryhasstrived for more detailedanswergo the questions:Whatdo news
have in commonthat arereportedby journalists,andwhat do news have in commonthatthe
audiencas interestedn? In the classicdesign,news itemsare classifiedaccordingto several
dimensionsandthe researchetestswhetherthe scoreof an event on thesedimensionswill
increasahe probabilitythatit will getreportedoy journalists,or paidattentionto by the public.
The classiclist of news factorscomesfrom GaltungandRuge(1965). They identifiedtwelve
factorswhich canreinforceeachother Sincethen,researcherkave continuouslymodifiedand
updatedhatlist in aquestfor morecompletecoverageandmorereliablecateyories.Bell (1991)
distinguishesetweennews factorsthat can be definedon the basisof the eventsthemseles
andthe actorsthat take partin them (Table 6.1) andthosethat reflectthe processof writing
andediting (Table6.2). Staab(1990)emphasiseseliability of coding: news factorsthatrelate
to how closeaneventis to theaudiencebpeit spatially politically, economicallyor culturally,
canbe codedmuchmorereliably thannews factorsthat dependon attitudes,evaluations,and
choicesof personsandinstitutions. Basically thesedifficult news factorsdescribehow people
processnews, giventhe socialgroupthey belongto, their cognitive habits,andtheir interests.
Eilders(1998)investigatesognitive influenceson how news areprocesse@ndrememberedh
detail. In both studiesthe main codingunit wasa news item, andthe texts hadbeencarefully
selecteeforehandrom the mediacoverageatthattime.

The studywe aredealingwith in this chaptelis a post-hocstudy: it wascarriedout twelve
(WBUR-LABNEWS) to five years(DL F-RE) aftertheitemswereoriginally recordedIn order
to getanideaof how the news value of a discourseentity might influencethe way thatit is
referredto, | analysedour texts from DL F-RE, for which | amreasonablyamiliar with thethe
socialandpolitical contect. Theresultsarepresentedn Section6.4.1.

A properanalysisin termsof news factorsand news valuewould be far beyond the scope
of this thesis. Ideally, | would needto know what addresseesememberedaf the storiesl am
interestedn whenthey werefirst exposedto them,i.e. whenthey heardthemon the radioon
the day they wereemitted. Fromthis, | couldthenreconstructhe weightof the news factors.
Failing thatinformation,l couldplungeinto thearchivesin orderto establishthewider context.
But suchwork would merelymeallow meto hypothesis@aboutwhattheaddresseasighthave
regardedasnews factors—tomeasureheirimpactis impossiblein a post-hocstudy

Referring Expressionsin Radio News: Referringexpressionsave to be concise,yet pre-
ciseenoughto (re-)actvatethe backgroundnformationthatis necessaryo contetualisethe
eventthatis reported. For example,in DLF-RE, JohannefRau, GermanBundespasidentin
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Factor

Eventsand Actors of News
Explanation

CONSONANCE
RELEVANCE
PROXIMITY
RECENCY
FACTICITY

PERSONALISATION
ELITENESS
ATTRIBUTION
NEGATIVITY
UNAMBIGUITY
UNEXPECTEDNESS
SUPERLATIVENESS

agreewith audiences expectations

affectslivesof audienceor is closeto their experience
geographicallycloseto audience

temporallycloseto audience

story containshard facts and figures which are easyto report
(who,what,where)

storyis aboutpersongatherthanconcepts
storiesaboutelite or known (Gans1980)personsr nations
quality of the sourceof a story (elite institutionor person)
deviance,damagedeath disasterconflict
clearcutfacts,reliablesources

new, rare,unpredictablée.g. scientificbreakthrough)
thebigger the better

Table6.1. Newsfactorsaccordingo (Bell 1991,pagel55ff.)—event-andactorrelatedfactors

Factor

Production of News
Explanation

CONTINUITY
CO-OPTION
PREDICTABILITY
COMPETITION

PREFABRICATION
COMPOSITION

follow-upsto news storiesarepreferred

news s relatedto a storythatdravs muchattention
pre-schedule@ventssuchaspressconferences

amountof storieswith higher news value during the time span
covered

ready-mad@resgeleasesvailable

editorstry to balancedifferentkinds of news items(domesticjn-

ternational service humaninterest)

Table 6.2. News factorsaccordingto (Bell 1991,pagel57ff.)—process-relatethctors
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2000, and Ministerprasidentof the Germanfederalstateof North Rhine Westphalia(NRW)

and deputy chairmanof the GermanSocial DemocraticParty (SPD)in 1995, is introduced
onceas“MinisterprasidentRau” (prime minister news item 5, 1:30pm,11/21/1995) onceas
“Der stellvertretendeSPD-\orsitzendeRau” (the deputySPDchairmannews item 5, 2:30pm,
11/21/1995).Thefirst item reportsthat Rauhasnameda new secretaryof statefor NRW, the
seconditem reportson Rau’ reactionsto the leadershipcrisis in the SPD. This crisis is the
subjectof anothedlong-runningthreadthatday.

Somenews factorsare boundto surfaceexplicitly asreferring expressionsjn particular
RECENCY (temporaladjuncts)PROXIMITY (locative prepositionaphrases)FACTICITY (men-
tioning figures,whichleadsto case®f function-wvalueinferrability), PERSONALISATION (refer
enceto personsnsteadof institutions),ELITENESS (€lite persondendto be named othersare
merelyidentifiedby their function). Referringexpressionghatspecifysuchnews factorsoften
cornvey classical‘given” information (especiallywhena news item scoreshigh on CONTINU-
ITY), but at the sametime, this giveninformationis crucial for framingwhatis new, the news
eventthatis reported. To putit bluntly, cognitive aspectsuchasaccessibilityor familiarity
may not be asimportantin the choiceof referringexpressionssnews factors.

Looking at samplenews text 6.6 on p. 169, we canimmediatelyidentify severalreferring
expressionghatspecifynews factors:We have areportaboutan elite personthe newsitemis
personalisedbothtimes: Rau),andit continuesan ongoingdrama(internalsocialdemocratic
strife), which is referredbackto by a nominalisedverh It doesnot really make senseto ask
whetherary of the discourseentitiesthattheseexpressionsvoke aregivenor new. Listeners
may have forgottenaboutthe socialdemocratstroubles,or they maynotimmediatelyremem-
berJohannefau,althoughhe alreadywasa prominentfigurein Germanpolitics atthattime.
(At thetime of writing, heis Presidentf the FederaRepublicof Germaly.) But whatcountsin
this contet is thatthesearethereasonsvhy Rau's reassuringtatementareimportantenough
to becomenews.

Sofar, mostresearcton the linguistic realisationof thesenews factorshasfocusedon the
guestion:How arethe “news actors”, the protagonistof a story, labelled? (c.f. e.g.Kniffka
1980, Bell 1991, Juclker 1992, Jucler 1996). Theselabelsdependa lot on the journalists’
attitudetowardsthe actors,aswell ason editorial policy andpolitical correctness.

Whendescribinghe style of a particularnens medium theform of referringexpressionss
animportantvariable. Jucler (1996)shows thatup-marlet, down-marlet andmoderatenews-
papersdiffer in the way they introducenews actors. While up-marlet papersusethe proper
nameplus anindicationof the socialrole asa NP modifier (e.g. “Mr. JohnMajor, the Prime
Minister”), down-marlet papersdrop the article altogetherand begin with the function or a
suitableepithet(“redheadFegie”, “Prime Minister Major”). Subsequenmentionsmay again
bebareNPs,pepperedvith suitableepithetshatcornvey additionalinformationaboutthe news
actor Burger (1990)notesthat verbatimrepetitionsof a definite NP tendedto be avoidedin
subsequeninentions. This customhasraisedthe ire of influential textbook writers, suchas
LaRoche(1991a). They considerthatusingsynorymsor hyperrymsor smugglingnew infor-
mationinto ananaphoriadefinite NP wherea repetitionor a pronounwould do only senesto
confusethe unsuspectingqudience SchneideandRaue(1998)putit thisway:
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Wechselim Ausdruckist bei Verben,Adjektiven, Prapositionenvorziglich, bei Substan-
tiven meistunmdglich und absolutnicht erstrebenswertDarin ist sich die Verséndlich-
keitsforschungnmit denmeistenStillehrerneinig. Die meistenJournalistersehendasan-

ders?
(SchneideendRauel998,pagel94)

For example take the caseof a coupleof youngEnglishsoccerfanswho venttheir frustra-
tionsa bit too loudly in Belgium. Whenthis eventis reportedin the news, the referringnoun
phrasé'somesoccettouristsfrom the United Kingdom” conjuresup otherassociationghanthe
phrase'English hooligans”. Both canbe a nuisanceo Belgianpolice forces,but the second
nounphraseevokesrelatedexperienceswvith fanaticBrits more quickly thanthe first. Scripts
and stereotypesre calledup which influencethe story into which the restof the news about
thesoccetincidentwill beembeddedNote alsothedifferencein determinerchoice.Both NPs
arereferentialin thesensef (Gundelet al. 1993);they identify agroupthatwe will hearmore
aboutlaterin the newsitem. Theform of the second\P, however, is faintly reminiscenbf the
bareplural thatEnglishusesfor generics.

6.1.3 Entity Statusin Radio NewsCommunication

All linguistic theoriesof givennes®peratewith a communicatiormodelwhich resembleghe
classicalinformation-theoretianodel: A spealer communicateverbally with a hearey lan-
guagebeing the code both share,over a channelconstitutedby voice and ear Within this
model,mostresearcherlave focusedon theintricaciesof the spealer’s andthe hearers cog-
nition, andon the conditionsfor usingthe linguistic codefeliticiously. Whenwe now wantto
examineentity statusin radio news, we needto translatethis modelonto radio news. It would
leadustoo far afield to summariseaven partof therelevantresearchin communicatiortheory
and mediaeffect researchjfor reviews, seee.g. (Bell 1991, Noelle-Neumanri999, Merten
1994,Schulz1999,Schenk1999).Here,l merelyhighlightthreeapproache shav how what
adifferencethe perspectie canmalke.

The classicpicture of the mediacommunicatiorprocessvas paintedby Lasswell(1948).
His famousfive categoriesaregivenin Figure6.2. They aremainly intendedto pointto fields
of analysis.Whatl amdoingin this chaptertheanalysisof referringexpressionsn radionews,
would be “content” analysisfrom Lasswells point of view. Whenthis analysisis spicedup
with a few conjectureson the effect of somelinguistic choiceson the intelligibility of a news
item, we moveinto thefield of effectanalysisandwhenwe speculatevhy aneditormighthave
preferreda certainreferring expressionover another we formulate hypothesesboutcontrol
analysis.Bemer (1995,Chapterl) andPurer (1998) review someother moreformal, models
of (media)communicatiorthatarealsoheavily indebtedto informationtheory

Krippendorf (1994)presentsa fundamentallydifferentperspectie on mediacommunica-
tion. He distinguisheghreeperspecties:

¢ thetheoryof communicativeompetencevhich explainshow individual audiencanem-
bersmaintaintheir cognitive autonomyhow they selectthe newvs andhow they integrate

2To changeexpressionss desirablewith verbs,adjectves,and prepositionsput oftenimpossiblewith nouns
andabsolutelyundesirableThatis apointintelligibility researclandmoststyleteacheragreeon. Mostjournalists
disagree.
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who sayswhat in which channel towhom with what effect
controlanalysis contentanalysis mediaanalysis audienceanalysis effectanalysis

Figure 6.2. Lasswells (1948)view of the massmediacommunicatiorprocess

the informationinto their constructiorof reality. Researclon the effectsof news media
hascollectedsolid evidencefor the cognitive autonomyof the audience startingwith
the classicresultof Lazarsfeld,Berelsonand Gaudet(1944). They examinedhow U.S.
citizensusedthe mediain orderto getinformedaboutthe candidatesn the upcoming
presidentiaklections.They foundthattheincreasedttentionthey paidto mediareports
only strengthenethe votersin their previous corvictions—nomatterwhetherDemocrat
or RepublicanRuhrmann(1989,1994)hasproposed selection-basednalysisof media
effects.In alarge-scalestudy he foundthatthe audiencenembersactively constructhe
contet in whichthey embedthe nenvsthey hear

In Ungeheues terms,thetheoryof communicatre competencelescribesiow individu-
alsintegratethe informationfrom the news into their personakxperiencetheory (PET).
If we wereto defineentity statusin termsof Krippendorf’s constructvist approachywe
would needto embedt here.

¢ the theoryof patterntransmissionwhich explainshow individualscoordinatetheir ac-
tionsverbally andhow certainpatternsof actionsaretransmittedrom oneplaceto an-
other Thistheorywould provide uswith thebasisfor describinghow differentaspect®f
entity statusarecodedlinguistically.

e the theory of communicativeauthority, which explainswhenindividuals sacrificetheir
cognitive autonomyin orderto admit outsideinfluences. The critical analysisof how
news actorsarelabelledwouldfall in therealmof thistheory

Frih (1992b)proposes modelwhich potentiallyintegratesall aspect®f massmediacom-
munication: the dynamic-transactionahodel. The modelis dynamicbecauseeommunicator
andaddressegén Fruh’sterminology:recipient)changeduringthecommunicatiorprocessand
transactionabecausdoth sidesinteract. Frih andSchbnbach(1982)emphasis¢hreeaspects
of themodel: It doesnot artificially separatelependentrom independentariablesthe ability
to processews interactswith theinterestin news; andtemporalchangesn the effectsof news
coverage bothquantitatve andqualitatve ones,canbe modelled.SclonbachandFrih (1984)
distinguishtwo typesof transactionsinter-transactiondbetweencommunicatolandaddressee
(in their terminology: recipient),andintra-transactionswhich occurwithin the addresseer
the communicatoandwhich aremainly cognitive. Figure 6.3 shavs the basicstructureof the
model(which becomedar morecomplec in actualstudies).The dynamicmodelpredictsthat
(news) texts do not have “a” meaning,which is constantacrosspersonsor even for the same
personFrih (1992b)foundthatwhenreadergprocesstext, they soonactvateschematavhich
guidethe way thatthey interpretthe propositionghatfollow. Readersattemptto fit incoming
informationinto the framewvork they have selectedandare extremelyreluctantto revise their
choiceof framewvork whenthey comeacrossnformationthatis not consistentvith it.

In termsof the dynamictransactionainodel,entity statusprotocolstheintra-transactions
theaddressewnhich take placewhile heinterpretstheincomingreferringexpression.Thetask
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Recipient Communicator

(Activation ) (Activation )

A
A«— media message——»

para-feedback Y

( Knowledge) (Knowledge)

Figure 6.3. The Dynamic-TransactionaModel of MediaEffects. (Friih 1992b,Figure 3, page
53)

of the communicatois to make this interpretationpossible usingstratgiesthat both commu-
nicatorandaddresseknow. Thisis themaininter-transactiorhere.

Theresultscollectedn (Friih1992b Friih 1994)haveinterestingconsequencdsr thestudy
of entity status.Whenaninitial descriptionof adiscourse-ne hearerold entity is constructed,
acomplex web of memorieqor, lesscognitively, the pastexperiencesandconnectiongo other
signs)is activated. This web containsexpectationsvhich canbe asdetailedasscripts. These
expectationguidehow otherdiscourseentitieswill beconstructedandwhatinformationabout
themwill have beenintegratednto themodelwhenthememaoryof theoriginalphonologicakn-
codinghasfadedaway. Thesesxpectationsontrolwhattheaudiencgaysattentionto, andhow
the activation of the otherentitiesin the currentdiscoursanodelincrease®r decays.Finally,
the moredetailedthe expectationsandexperience®f anaddresseare,the easielit will befor
him to interpreta given news item ascoherentgventhoughit lacksfamiliar surfacecohesion
markerssuchasrecurrenceor pronominalanaphora.For example,text Daytonl1(Figure6.4)
consistalmostcompletelyof all-new sentencedlt is neverthelessighly coherent:Sentencd
evokesa scriptthatsentence and3 elaborateon. This scriptallows bridgingreferencesuch
as“eine Einigung” (sentenc®) andsynorymssuchas“Delegationen’(delegationg / “Vertreter
derKonfliktparteien”(representativesf the sidesof the conflic). Which discourseentitiesare
familiar, which onesareeasilyaccessibleandwhich onesareactivatednow dependgo alarge
extenton the addressedhe scriptsthathe knows andthe eng/clopedicknowledgethathe has.
Without a goodaddresseeodel,we cannotannotateentity status.Well, no problemhere,you
might contend.We just assume—whomWhich of the two typesof audiencehatFriih (1994)
foundwill we assumeThepolitically interestededucategersonwvho rememberstorieswell
and follows currentnews out of interest,with well-honedopinionsand a large background
knowledge? Or the normalguy, let’s call him JohnDoe, who might follow a story line when
it catchedhis interest,but forgetsit assoonasit dropsout of the news? | choseJohnDoe: He
knows his country the mainpolitical players the mainstoriesof the day, but not muchmore. |
chosehim becausdeis easiesto reconstructor non-contemporarhistoriansafterfive years
have elapsedetweertherecordingof the news itemsandtheir analysis.
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6.2 The Corpora

Two main corporawere usedin both the statisticalanalysesandthe machinelearningexperi-

ments:the StuttgartRadioNews corpus(SRN)andthe BostonWBUR radionews corpus.Both

corporacontainread speechfrom several spealers and have beenusedextensiely for both
prosodyresearctandbuilding prosodicmodulesfor speechsynthesissystems.The speechn

thesecorporais basedon the educatedstandardrarietiesof German(SRN)and AmericanEn-

glish (WBUR). To examinein phoneticdetailthe degreeto which the varietiesin thesecorpora
do indeedcorrespondo the languagenormis beyondthe scopeof this thesis,especiallysince
this would have requireda moredetaileddiscussiorof languagenorms.Noneof thesecorpora
werecollectedby myself. What| addedto themwerelinguistic annotation®f the news texts
themseles,discussedhn section6.2.3.

The corporaaresmall; they arejustthe sizea singleannotatoicanhandleon herown if the
annotationgresomavhatcomplex. They arealsonotarepresentatie sampleof Germarradio
news texts, let aloneof Americanones. However, sinceboth SRN andWBUR arefrequently
usedin thespeectechnologycommunity | judgedthatknowing alittle moreaboutthetextsin
thesecorporamight not only benefitmy researclon thesecorpora but thatof othersaswell.

The analysisis basedmainly on two radio news corpora, WBUR-LABNEWS and DLF-
RE, with a combinedlength of 4093 words, containinga total of 1334 referring expressions.
Sincethe texts in both corporacomefrom only one sourceeach,we cannotbe entirely sure
thatthe peculiaritieswe find arenot merelydueto in-housestyle. Therefore resultson these
corporaare supplementedby analysesof two further corpora,Aubix-4, and FFH/HR-RE.
Thesetwo corporaroughly matchthe first pair in size: They containa total of 4047 words
and1034referringexpressionsWhile WBUR-LABNEWS consistof radio news reportsfrom
a BostonNational Public Radio Station, the texts in AubDIXx-4 areuneditedageng copy. In
DLF-RE, we find transcriptionsof news flashitems from the prestigeGermanradio station
Deutschlandfunkyhile thetexts from FFH/HR-RE aretakenfrom theoriginal manuscriptgor
news flashesfor FFH, a commercialregional radio station,andHR, a public regional station.
Theannotatiorof WBUR-LABNEWS andDL F-RE is muchmoredetailedthanthatof AuDIX-
4 and FFH/HR-RE, becausdhesecorporawerealsousedfor the prosodystudiesreportedin
(Wolters1999,WoltersandMixdorff 2000). Togethemwith thesestudiesthey presentidetailed
pictureof how differentlinguistic means— choiceof referringexpressiorandaccentuation—
are coordinatedto signal the currentstatusof a discourseentity. AubDIXx-4 and FFH/HR-
RE merely sene to validatethe main resultsof the linguistic analysis. Therefore they were
only annotatedvith referringexpressionsgo-specificatiorsequencesndsentencédoundaries.
Eachof thereferringexpressionsn thesecorporawasalsoannotatedvith a roughdescription
of its form, which is givenin Table 6.7, which is reproducedherefor corvenience. Finer
distinctions,suchas betweenindefinite articlesand cardinals,or betweenthe definite article
and possessies, are not made, becausehereis not enoughdatain the corpusl annotated.
Note thatin Table 6.7, the definitionsof definitenessandindefinitenessare no longer purely
morpho-syntacticglpresencef theappropriaterticle),but approacttheabstractateyoriesof
definitenessandindefinitenessasproposedy Lyons(1999).

6.2.1 American English: WBUR and AUDIX
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Code Topic

J new judgeto be namedon MassachusettSupremeCourt

P prisonerssene their sentencet homethanksto anelectronicsurweillancesystem
R stricterlaws againsdrunkendriving

T school-basetiealthclinics againsteenageregnancies

Table 6.3. Overview of textsin WBUR-LABNEWS

The Boston Radio NewsCorpus: TheBostonRadioNews Corpus(Ostendorfet al. 1995)
consistf speecHrom sevenradionewscastersrom WBUR, a Bostonpublic radiostation li-
censedy the Corporatiorfor PublicBroadcasting. Althoughthelicensefor operatingVBUR
is held by BostonUniversity, WBUR is a professionaktation: In 1996, it had 103 full- and
parttime employeesand40 studentemployees. It hasbeenprimarily a news stationsincethe
earlyEighties.A large partof WBUR’s programmings suppliedby NationalPublicRadio,the
oldestandlargestpublic radio network in the US (Bliss 1992). This contractstartedin 1980.
Today it alsorecevesmaterialfrom the BBC andPublicRadiolnternational.

WBUR's core audiencdivesin easterrMassachusettand southernNew Hampshire. Its
listenergendto belongto theupperor theuppermiddleclass.They tendto beaffluent,educated
white-collarworkers. Accordingto the stations own publicity, WBUR is a primary sourceof
informationaboutNew Englandon public radio. Fromthis andfrom the numberof prizesthe
stationhaswon over the years,| concludethat it is a high-quality well-respectedstation. |
conjecturethatthe texts in WBUR-LABNEWS wereoriginally written for Morning Edition, a
popularNPR news shav with time slicesfor local correspondents.

The corpusconsistsof recordingsrom seven spealers. Most of the materialwasrecorded
during broadcasexceptfor four stories,whichwererecordedn a studio. Thesestoriesconsti-
tutethe WBUR-L ABNEWS-corpus. The newscasterseadthemtwice, first in non-radiostyle,
secondlyin radiostyle. The corpushasbeentranscribedyy handfrom the original recordings.
Table6.3presentanoverview of thetexts andtheir contents.

The Audix Corpus: The AUDIX corpus(Hirschbeg 1993, page4) also representens
speechalbeitof a differentkind thanthe WBUR data. It consistof ten AssociatedPresqAP)
news storieswhich werereadby a femaleprofessionahenscasteunderlaboratoryconditions
in radio news readingstyle. Therewere no disfluenciespbecausalisfluentproductionswere
re-recordedmmediately Four of thesestorieswere selectedor analysis. Table 6.4 givesan
overview of thesestoriesandtheir length.

As we will seebelaw, thereshouldbe a cleardifferencebetweenhelanguageof thesetwo
corpora.Ageng reportsareusuallynotdesignedor beingreadaloud,while textsfor newvscasts
shouldbe. A simplecomparisorof sentencdengthbetweenthe two corporashows thatwhile
the averagelengthof a sentencen the four labnevs texts is 19 words, the averagelengthof a
sentencdrom AUDIX is 23 words(lengthsroundedto full words;datafrom Hirschbeg 1993,
pageb).

Radio news editorsnot only often simplify the syntaxand the vocalulary of the ageng

SAll informationon WBUR, if not statedotherwise arefrom the WWW pagesht t p: / / www. wour . or g.
4Internethomepage:ht t p: / / npr . or g/ pr ogr ans/ nor ni ng/
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Code Topic

2 briberycaseagainstlTeledyneelectronics
4 broadcasteramgueagainsiCableAct

5 in-flight problemswith a Concorde

6 new productsfrom SunMicrosystems

Table 6.4. Overview of textsin AuDIX-4

texts. They alsotendto cutageng texts, sometimesgjuitedramaticallyastheexamplesn (Bell
1991, Chapter3) demonstratebecausdhey have to filter the informationthey receve from
the ageny to fit both their audienceandthe programmes time schedule.This obserationis
underscoretby thefactthattheaveragdengthof atext is 5 minutes(Hirschbeg 1993,page5).
It is highly unlikely thateditorswould subjecttheir audienceo 5-minutereportswrittenin the
originalageng style.

Neverthelessageny materialis the basisof boththe contentof mostnews bulletinsandthe
sourceof mostof thesentencethatarebroadcastThus,we would expectthatthetaskwasnot
too difficult for the spealer, andHirschbeg (1993,page4) obsenesthatthe spealer produced
normalnews readingstyle. In sum,the AUDIX corpusdoesnotreally presentfaithful picture
of radio news style. Rather it reflectsa typical kind of taskfor readingmachines:readinga
comple text outloud sothatit is easyfor thelistenerto understand.

6.2.2 German: DLF, FFH, HR

The Stuttgart Radio News Corpus The StuttgartRadio News Corpus(SRN; Rapp1998)
consistsf radionews bulletinsairedby the Germarradio stationDeutschlandfunkn 19950n
the full andon the half hour DeutschlandfunKDLF), now a partof DeutschlandRadids a
state-evnednon-commerciatadiostation.It canberecevedin all partsof Germaly andis one
of the mostprestigiousstationsin the country

TheDLF news werereadby threedifferentprofessionahews readersiwo femalespealers
and a male spealer. The datawere recordeddirectly from the original digital broadcasbn
two days, July 28 and November21. The researcherslid not have accesdo the spealers’
manuscriptsBulletinson the hourtendto belongerthanthoseon the half hour. This is almost
entirely dueto the long bulletins aroundlunch time (12:00, 13:00, 14:00), a prime listening
time,andat 16:00.Table6.5givesanoverview of thetexts andtheirtopics. Only comparatiely
long news itemswereselectedor analysis.Sometexts sharethe sametopic, but wereupdated
accordingto new developmentsor rewritten. All texts werereadby the sametrainedspealer,
whoseprosodyhasbeenanalysedn e.g. (Woltersand Mixdorff 2000, Mixdorff and Fujisaki
2000,Mixdorff 2000).

The FFH/HR Radio NewsCorpus This corpusis publishedn (Haal31994,Appendixpage
108ff.). TheHessischeRundfunk(HR) is the public radio stationof the federalland of Hesse,
while RadioFFH is thefirst commerciaradiostationof thatland. FFH presents news bulletin

5 minutesbeforethe full hour, while HR hasa news bulletin at the traditional times. Haal3
(1994) compareghe two news styles. The corpuswill be usedmainly to checkhypotheses
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Day Hour

Newsltem Position/ Topic

July28 12:00

Novemberll 12:00

12:30

13:00

13:30

14:00

14:30

15:00

15:30
16:00

17:00

1
4

6
8
9
1

0

N -

o O1

O

PNOWRUORL, OFRrNO Mowpe

oo

attackon Bosniantown of Bihac

Mazaowiecki stepsdowvn asUN specialemissary
to Bosnia

Frenchatomicbombtestsin Pacific
Castrowantsto stayin powerin Cuba
Kurdishprotestsandhungerstrikes

Social Democrats’commentson tax compro-
misewith ChristianDemocrats

stateof Daytonpeacealks

Kohl and Verheugencomment on Bosnian
peacdalks

Javier Solanao benamedhen NATO Secretary
General

trial of Nazi Erich Prieble beginsin Italy
GermanSupremeCourtdebatexhangesn po-
litical asylumlaw

Scharpingasksfor vote of confidence

debts of Bundeshnder from the former East
Germaly

stateof Daytonpeacdalks
threePolishsecretariesf statestepdown

Javier Solanao benameden NATO Secretary
General

commentof DaublekGmelinon asylumlaws
Kinkel defendgpolicy of critical dialogue
financingof fastTrans-Europeatrain networks
new secretaryof statefor North Rhine West-
phalianamed

stateof Daytonpeacealks

juridical decisionon pensions

Rauwill notleave politics

stateof Daytonpeacdalks
ChinesdlissidentWei Jingshengmprisoned
Deutstie Bahnmay offer VISA card

stateof Daytonpeacealks

DaimlerBenz will restructuretheir aerospace
subsidiaryDASA
GermanSupremeCourtdiscusseasylumlaw
DaimlerBenz will restructuretheir aerospace
subsidiaryDASA

Table 6.5. Overview of textsin DLF-RE. For eachnews item, its positionin the news andits

topicis given.
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FFH HR
Day Newsltems News ltems
Junel6é 2,3,4,5 1,2,3,4,5,6,7
Junel7? 2,3,4,5 1,2,3,4,5,6
June22 1,2,3,5,6
June24 1,2,4,5

Table 6.6. Overview of the FFH/HR-REcorpus

aboutnews languagevhich werederivedfrom ananalysisof the Stuttgartdata.

The corpusconsistsof photocopief the original manuscriptdor 13 FFH shavs and 13
HR shaws. 9 pairsof shovs wererecordedat 15:55/16:00the startof late afternoonprime
time, and4 pairsearlyin themorningat the startof breakasttime, 6:55/7:00.The shaovs were
recordedon 13 separatalaysduring June,July, and August1992, with one pair of shows per
day FFH news typically last 3 minutes,HR news 4.5 minutes(HaalR1994, page26). Since
the stationsdo not differ in the averagenumberof stories,the time differencesnustbe dueto
differencesn storylengthandultimately, in news selectionandlanguage.Only storieswhich
were presenteccompletelyby the news readerhimself were selectedfor analysis. Table 6.6
givesanoverview of the selectedexts. All texts comefrom Junerecordings.

Comparison: Althoughthe Germanandthe AmericanEnglishcorpusboth consistof radio
news, they differ quite markedly in overall structure,onecould evensaythatthesetexts belong
to differentgenregLaRochel991b). Americanand Germanradio stationsdiffer markedly in
their history andtheir organisation(Hoffmann-Riem1985,Meyn 1999, Bliss 1992,Donsbach
and Mathes1999). To sumthe main differencesup in a sentenceGermanradio went from
publicto private,andAmericanradiofrom privateto public.

In Germaly, almostall radiostationshave a 3-5 minutenews flashevery hour;in themorn-
ing, moststationsbroadcastareview of theday’s headlinesatthe half hour Thenewsis almost
always followed by the weatherforecast,and, for stationsthat broadcastraffic information,
informationaboutcurrenttraffic jams. Oncea story is written, it canbe reusedn subsequent
bulletins,if nothingsignificanthashappenedor it is modifiedto reportrelevantchangesasthe
daywearson. Becausef this reuse spealersin the Germancorpussometimeseadthe same
storyseveraltimesduringtheday.

In America,not mary stationsadherdo suchastrictscheduleln theU.S.,nevsreportsare
the dominantform of radio news. They aredesignedo catchthe listeners interestandcome
closerto theclassicareportagehanto condensedewsflasheguttogethefrom ageng reports
(Stimpert1991).In Germarradio,suchreportagesreusuallyleft to specialshavs (Altrichter
1975),which canlastseveralhoursandinterleave reportsandinterviewns with music.

Becauseof theselarge differencesin form and organisation,Germanand Americanra-
dio news aremorethanculture-specifiagnstantiationf the samegenre—thg constitutecom-
pletely differentgenresin the senseof (Swales1990), albeit with a similar communicatre
purpose (For moreon genresandtext types,seethe discussiornin AppendixC.)
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Code Cateyory

PRN pronoun

DEF definitearticle or possessie in determinempositionor quantifierall”
INDEF indefinitearticleor cardinalsin determineiposition

NE determinerlesdjeadis a propername

NA no article,nota propername

Table 6.7. Cateyoriesfor theform of referringexpressionsisedin Aubix-4 andFFH/HR-RE

6.2.3 Annotations

For Aupix-4 andFFH/HR-RE, the analysisis basedon the news readersmanuscriptsOnly
thetext itself is analysednot additionalmaterialfrom reportersusedto illustratea news item.
TheDLF andWBUR texts aretranscription®f actualnevscasts.

AuDIX-4 andFFH/HR-RE werelabelledwith boundarie®f referringexpressionandco-
specificationchains. For eachreferring expression,l determinedwhetherit is a pronoun,a
definite NP, anindefinite NP, a propername,or neither(Table6.7). | alsocalculateddistance
to lastmention(first mention,lastmentionin samesentenceastmentionin previoussentence,
lastmentionbeforeprevioussentence).

Theannotation®f WBUR-LABNEWS andDL F-RE, ontheotherhand,aresomavhatmore
comple. For eachreferring expression,| codedimportantaspectsof its form, its syntactic
function,its entity status bothin termsof the source-basedchemedevelopedin Section5.2.2
andin termsof the GivennesdHierarchy andthe semanticf the discourseentity that was
specified.| alsocomputedits positionin the text. On thefollowing pages,| will discussthe
annotationsn moredetail.

Structure

Themainunit of annotatioris theword; sub-word unitsarenot consideredFollowing common
practicein computationalinguistics,awordis anuninterruptedequencef characterbetween
two whitespacesReferringexpressionconsistof one or morewords. Partsof wordsdo not
constituteseparateeferringexpressionsevenif theword is hyphenated.This solutionis not
optimalfrom alinguistic point of view, but it guaranteeseliablelabels.Eachword is assigned
its positionin thetext: (paragraptor) sentencénitial, (paragraptor) sentencénal, andmedial,
thatis, notattheboundaryof aunit. Thesdabelsarecomputedirectly from theannotationslf
awordis ataboundarywe specifyits positionaccordingo thelargestunit whichthisboundary
is associateavith. For example paragraph-finalvordsarenotadditionallymarkedassentence-
final. Paragraphsvereonly annotatedn WBUR-LABNEWS; they werepresenin AuDIX-4,
but not labelled. For referringexpressions] also calculateddepthof nesting. If a NP is the
daughterof a VP, it hasdepthO, if it is thedaughteiof a NP of depthn, it hasdepthn + 1.
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Code Category Example
DEF definitearticle the Germanchancellor
INDEF indefinitearticle aspolesmarfor the Americandelegation
POSS possessie pronoury genitivenoun hisdecisionto run/ Gores decisionto run
CNT numeral two Democrats
QNT quantifier every Republican
NA nodeterminer GrandOld Party, HelmutKohl

Table 6.8. Codesfor Determinersn the RadioNews Annotation

Syntax

Thesyntacticattributesdescriberelevantpropertiesof theform of areferringexpressiorandof
its functionin sentenceThey weredesignedo be assuccinctaspossible.Sinceno parsewas
available,all informationhadto be hand-coded.

Five mainform categoriesaredistinguishedpronounsincludingdemonstratieandposses-
sive pronouns parecommonnouns,barepropernames prepositionabhrasesanddeterminer
phrasesFor determineiphrasesl alsocodedthetype of determineTable6.8).

Four attributescodewhethersomefrequenttypesof modifiersare present.AMoD for ad-
jectives,ppmoD for prepositionalphrasesnmobD for NPsand DPs,and RcMOD for relative
clauses.

The syntacticfunction catgyoriesare summarisedn Table6.9. The classnamesarebased
on traditionalterminology The basicdistinctionis betweengrammaticakubjects obligatory
argumentsof the VP head(objecty, and other NPs (adjuncty. Adjunctsare either optional
VP agumentsor NP aguments. The two subclassesan be distinguishedby their level of
embeddingn otherNPs: A VP argumentis at level 0, an NP agumentat level 1 or deeper
Most objectsare eitherdirect objectsor prepositionalobjects;adjunctstendto be genitive or
prepositionabdjuncts.

Both the threeadjunctandthe threeobject classesare motivatedby surfacepropertiesof
the NPs. Dative objectsare only labelledin the Germantexts, becauségsermandistinguishes
betweeraccusatie anddative objectsinflectionally. English,onthe otherhand,usesa special
preposition;‘to”, for dative objects whosesurfaceform becomeghusequvalentto thatof PP
objects.

In this study | concentrateon choiceof determiner presenceof modifiers,and syntactic
function; word ordercorrelatesof entity statuswereleft aside. This hastwo reasonsFirstly,
throughoutthethesis,| focuson the influenceof entity statuson the form of referringexpres-
sions,andthis focusis maintainedhere. Secondly a thoroughanalysisof word orderwould
have requiredafull parsewhichwasnotfeasiblegiventhetime constraints.

Semantics

Semanticpropertiessuchas countability or genericityinfluencewhich determinera referring
expressiorwill carry (Eisenbeg 1994,Carlson1977). Therefore we shouldcertainlyinclude
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Code ConstituenfType Explanation
SJ  subject obligatoryargumentof verb,nominatve case

object subcatgorisedfor by verb

DOBJ direct accusatie case

GOBJ genitive datve case

POBJ prepositional prepositionaphrase
adjunct non-obligatoryVP argumentor NP argument

PADJ prepositional in theform of a prepositionaphrase

GADJ genitive genitive adjuncts

OADJ other NP/DPadjunctsaccusatie or dative case

Table 6.9. Typesof syntacticconstituentsThis syntacticclassificatiorrelieson standardcon-
ceptsof phrasestructuregrammaybut noton ary specifictheory

somesemanticanformationin the annotationschemebeyond that which is provided by part-
of-speechtags(propernamevs. commonnoun)or syntacticform (bareNPstendto referto
kinds).

Fromthe wealthof differenttypesof informationonemight wantto encodeyangingfrom
thematicrolesto semanticfeatures,threewere selected: genericity countability and sortal
class. Thematicroleswereleft out of the picture becausery principledassignmenof such
roles,beit accordingto Jaclendof’s (1990)Lexical ConceptuaSemanticsaccordingto Dik’s
(1989)FunctionalGrammayor accordingo Halliday’s (1994)Systemid-unctionalinguistics,
requiresthe analystto determinethe classof the verbfirst. This stepintroducesan additional
sourceof errors.

Beforewe proceedwith the annotationcorventions,a note of caution: Many semanticists
areboundto squirmatsomeof theannotatiorcorventionsproposedere.Countability(Carlson
1991),genericityandsortalclassesare eachof themfields with along researctiradition,and
it is not possibleto do that researchjusticein annotationcorventionsfor corpora. | distilled
theresultsof my mainsources(Krifka 1991,Carlson1991)for countabilityand(Krifka et al.
1995)for genericity into a setof easilyapplicableheuristicshatwererevisedto cover difficult
casess| proceeded my annotationsin hertypologicalwork, Behreng1995,in preparation)
hasproposedninterestingclassificatiorschemeor referringexpressionsyhich shehasalso
appliedto suchthorry issuesasgenericityor the mass/countdistinction. Sinceher cateyory
definitionsare language-independerdnnotationsusing that schemewill very likely be less
circularthanthe combinationof heuristicsandsemanticdheorythatl usedhere.If the scopeof
the presenstudyis to be extendedthe annotatiorschemeshouldclearly be revisedto take her
resultsinto account.

Countability:  TheattributecNT identifiessix classe®f nounswhich have distinctive syntac-
tic andmorphologicalpropertiesn GermanandEnglish: propernamegPN), collective nouns
(coLL), andmassnouns(MASS). NPswhich referto conceptsand which are not countable
arelabelled(MABS), and NPswhich belongto neitherof thesecatayoriesarelabelledy (for
countable:yes). The attribute is not assignedasedon the semanticsof the discourseentity
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Code Catayory Examples
PN propername Michael Dukakis,the SafeRoadsAct
HamptonCountyjail, 1999,Washington
MABS uncountableoncepts availability, hope(generafeeling)

MASS massnouns water

coLL collectives police,boardof directors
Y countable schools

NONE nhotapplicable he,she,it

Table 6.10. Countabilitycategories

itself. Rather it sitson a fine line betweensyntaxand semantics—ormne hand,it encodesa
morpho-syntacticlistinction,pluralisability, on the other semantiacconceptghathave beenthe
subjectof vociferousdebates.

Letusbeginwith thepurelysemanticallymotivateddistinctions collectvesandmasshouns.
Both typesof nounsdo not distinguishsingularandplural formsandcannotbe combinedwith
numeralsMassnounscanbedistinguishedrom collectve nounsin thatmasshounsreferto ho-
mogeneougntitieswithout naturalpartitions(Krifka 1991). Table6.10shovs someexamples.
In the radio news texts, massnounsarevery rare, collective nounsaswell. The semantically
interestingdistinctionsarethusalmostirrelevantfor our statisticalanalysis—noenoughreports
aboutpoliceviolenceor watershortagesl'm afraid.

The cateyory “proper name”coversnot only namesof personsplacesJaws, buildings, or
companieshut alsotemporalexpressionghat namespecificdatesand times. For example,
in the phrasé’‘On Monday Septembe@5, shehandedn herthesis’, the temporalexpression
“Monday, SeptembeR5” is treatedasaname while in thephrase’'On Wednesdaysheusually
goesfor a swim with Gerd”, “Wednesdaysfs treatedasa type-identifiableexpression.Time
spansarelabelledasMABS.

For referringexpressionghatdenotepersonsthe category PN is only assignedvhenthere
is an extensionalreferenceto that personusingthe name. NPsthatrefer to a personby their
functionaretreatedascountable gvenif the nameof thatpersonis specifiedin a modifier. In
thisinterpretationthe propernamemodifier narrovs down theinterpretatiorof the headNP to
asingleindividual, thatdesignatedby the propername.

Pluralsarelabelledascountableaccordingto the classificatiorof the correspondingingu-
lar. Sincethe attribute doesnot really make sensdor pronounsjt hasthe default specification
“none” there.

Genericity: Genericpassagesre quite rare in the data. Most of thesepassageslescribe
consequencebatlegal decisionswill have for thelisteners.They arepartof so-calledservice
news items(Zehrt1996),which arerareon DLF, a stationthattendsto stick to hardnewsin its
on-the-hounewsflashesHence mostgenericsentencefall in thecateyory of lexical habituals
(Krifka et al. 1995).An examplefollows:

(6.1) Zudem sollen Uberstundennur noch in der Freizeit abgeolten und die Lohn-
nebenkstengesenkiverden.



6.2 TheCorpora 147

Code Catayory Examples
PER persons and non-institutionalised drunken drivers, Michael
groupsof persons Dukakis, three single moth-
ers
PLACE places Massachusetts
TIME time/date lastyear

INST institutions,political entities,com- the Board of Representa-
panies, institutionalisedgroups of tives,MassachusettSupreme

persons Court,Massachusetts
THING physicalthing, sumsof monegy car, road
EVENT eventandtypeof event subscription,  application,
negotiation, computerised
phonecalls
ABSTRACT otherabstractoncepts birth control, SafeRoadsAct

Table 6.11. Sortalclassesvith the correspondingttribute valueandanexample

This sentenceconcernsa job creationprogramme. Uberstunden(overtime) is certainly
generic,becausehe proposarefersto overtimein general. The NP “Lohnnebengsteri (addi-
tional salarycosts)is problematic:eitherit refersto Lohnnebensistenin generalpr to aspecific
economicvariable.

Sortal Class: Thesortalclassedor theradionewstexts arelistedin Table6.11togethemwith
someexamples.Whenassigninga classto a referringexpressionthe classesareconsideredn
the orderin which they appeaiin thetableuntil a classhasbeenfoundto which the discourse
entity canbe assignedsatisactorily. The last class,“abstractconcepts”,is a sort of garbage
class.The catgyorieschosendiffer somavhatfrom thosethatwere usedfor BROWN-COSPEC
(AppendixC). Statesandprocessesyhich areusuallyrealisedby verb phraseshave notbeen
assignedeparateatayories,becausehey occurrarelyasnominalisationsOn the otherhand,
institutionshave beensingledout becausehey occurquitefrequentlyin thetexts.

Entity Status

To labelthe corporawith all taxonomief entity statusever designedn orderto comparetheir
empiricalcoveragewould have beenpointless becausenary taxonomiesarebut reducedver
sionsof fuller ones.For Aubix-4 andFFH/HR-RE, | operationalise@ntity statusasdistance
from lastmention,following the strateyy of e.g. (Ariel 1990,Givon1992). WBUR-LABNEWS
andDLF-RE, thecorporafor which | have accesso thespeectiiles, wereadditionallylabelled
with two taxonomiesthe source-basedchementroducedin Section5.2.2,andthe Givenness
Hierarchy (Gundelet al. 1993, c.f. alsoTable4.5). The Givennesdierarchylabelswere
placedaccordingto the original publication;asfar as| know, no annotatiormanualsor train-
ing materialareavailable. This makesannotatinghew materialdifficult becausen annotation,
mary minor issuescrop up thatarebestsettledby an extensve manual. Thatthe annotations
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have not beenvalidatedby anotherannotatormeansthat they representmy judgementsabout
themanagementf discourseentitiesin thesetexts.

| have not investigatedssuesof topicality further on this data. The main reasonis the
Germandata: mary storiesare sequencesf sentencesvith almostno overt contectual links.
Not mary sentencelhavetopics,andthematicprogressiortendsto beunorderedTheproblems
arediscussedh moredetailin Section6.4.1.Neitherdid | analysemy datain termsof Centering
Theory As we have seenin Section4.3.2,therearemary competingtakeson orderingthelist
of forward-looking centresand the properdefinition of units. A proper principled analysis
shouldcompareat leasttwo or threeof thesealternatvesin depth,andthat wasnot possible
for reasonsf time. Furthermorejn news discourseyeferentialcontinuity doesnot appearo
beveryimportantfor establishingcoherenceA primeexampleis the Gemayetext, a perfectly
normalnews report. Hence,we would expectarny Centeringanalysisto yield plenty of rough
shifts,andthatis exactly theresulta preliminaryanalysisof somediscoursesisingthe standard
algorithm(Brennaret al. 1987)gave.

6.3 Quantitati ve Analysis

| now turn to the first part of my analyseof entity statusin news discoursethe quantitatve

analyse®f thecorporadescribedn Section6.2. To begin with, Section6.3.1surneysthedistri-

bution of referringexpressionsandco-specificatiorsequencem thefour corpora.Next, Section
6.3.2dealswith influenceson theform of referringexpression®therthanentity status suchas
the semanticof the discourseentity. After this groundwork, we cansetaboutquantifyinghow

the statusof a discourseentity influencegheway in whichit will be mentioned.This analysis
will focusonthreequestions:

1. How arenew discourseentitiesintroduced?s therea differencebetweenracking refer
ents,thosethatwill be mentionedrequently anddeadendeferentsthosethatwill not
be mentionedout once?(Section6.3.3)

2. How areold discourseentitiesaccessedfSection6.3.4)

3. Canwe find correlatesof the differenttaxonomiesof entity statusdescribedn Section
5.2?Do sometaxonomieshave moreclearcut correlationghanothers?Section6.3.5)

Note on Percentagesand Accuracy: In orderto eliminate mistakes as far as possible,|
checledthe annotation®f the corporamyselfrepeatedlysearchedutomaticallyfor inconsis-
tentfeaturecombinationsandtook careto addthe annotationsn layers,following the recom-
mendatiorof (Hirschmanet al. 1998). First| labelledthe boundarie®f referringexpressions,
next, | establisheao-specificatiorsequencesndfinally, | insertedthe attributesof the refer
ring expressions.n eachstep,l caughta few earliermistales. Neverthelesssinceit wasnot
possibleto have anotherannotatoicross-checkhe annotation®f all four corpora,l mustallow
for a certainmargin of errorin my statisticalresults. To be on the safeside, all differences
betweenpercentagewhich aresmallerthan1% areboundto be variationswithin the maigin
of annotatorerror, andcontingeng tablecellswith lessthan5 itemsaretreatedwith duecau-
tion. To avoid suchsparsecells,| will alsocollapsecateyorieswhich,thoughsemanticallywell
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German American
DLF FFR HR WBUR AUDIX

# stories 31 17 13 4 4
total storylength(words/clauses) 2791/ 149 1073/70 1047/63 2112/112 1927/97
avg. storylength(words/clauses) 90/ 5 63/4 81/6 528/ 28 482/ 24
# discousseentities 646 252 214 323 326
% co-specificatiorsequences  86(13%) 45(18%) 52(24%) 113(35%) 46 (14%)
# referringexpressions 787 302 293 547 439
avg. # referringexpressions 25 18 23 137 110
discourse-old.e. 141(18%) 50(17%) 79(25%) 232(42%) 113(26%)
pronouns 49 (6%) 15 (5%) 20(7%) 88(16%) 28(6%)
definites 409(52%) 142(47%) 141(48%) 175(32%) 131(30%)
indefinites 87(11%) 41(14%) 32(11%) 38(7%) 75 (17%)
propernames 12023%) 57(19%) 62(21%) 66(12%) 98(22%)
bareNPs 122(8%) 47(16%) 38(13%) 180(33%) 107(24%)

Table 6.12. Distribution of referring expressionsin the four corporaAubpix-4, DLF-RE,
WBUR-LABNEWS, andFFH/HR-RE. Percentagem braclets;significantlyhigh or low per
centagegFishertest,p<0.01)arein bold face.

motivated,rarely occurin the data. This concernsn particularthe determinercateyoriesQNT
(quantifier)andcARD (cardinal),which occurredessthantentimesin eachof the corpora.

All percentagewill be roundedto the next full integer. For this reasonsomepercentages
maynotaddupto 100. | chosehisrathercoarseoundingbecausehe corporaaresosmallthat
onesinglechangeof annotatiorcanchangepercentageby asmuchas0.34percentag@oints.

6.3.1 Baselinel. DifferencesBetweenthe Corpora

Table6.12shavsthatthedistribution of referringexpressionsn thefour corporadiffersgreatly
Onefundamentatlifferences dueto thelanguagein GermanpareNPsarepermittedin fewer
contets thanin English. The comparisoris alsomademoredifficult by thefactthat,asTable
6.15shaws, the Germandatacontainsvery few generics.

In bothlanguagespossessiesandbareNPsfrequentlyco-occurwith genericdiscourseen-
tities. Thegenericpronounsn WBUR-LABNEWS comefrom longerpassagewhich describe
theconsequenced new laws. In onepassagef text R, the genericpronounis the secondoer
son“‘you”: theauthordirectlyaddressethelistenerto tell him thatif heis caughtdriving drunk,
he facescertainincorvenientconsequenceslthoughsheis actuallytalking aboutpotentially
drunkMassachusettsitizensin general.

In the Germancorporaandin the AubDIX-4 ageng copy, we find comparatiely mary first
mentions,corroboratingthe resultsof Biber (1992),which weresummarisedn Section5.1.1.
Only WBUR-LABNEWS departsfrom that pattern. This is alsothe corpuswith the highest
percentagef pronounsandthelowestpercentagef indefinitesandpropernames.Thereason
for this radical differenceis simple: the WBUR-LABNEWS texts arereports,they developa
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Corpus subject object prep.adjunct otheradjuncts
WBUR-LABNEWS  39% 30% 17 % 13%
DLF-RE 3B3%  19% 34 % 14%

Table 6.13. Distribution of syntacticfunctions. (Percentageareroundedandthereforedo not
addupto 100.)

Corpus person inst. place time thing abstract event
WBUR-LABNEWS  34% 13% 3% 3% 7% 38% 3%
DLF-RE 24% 19% 9% 5% 3% 23% 16%

Table 6.14. Distribution of sortalclasses.

coherenstoryandgive necessarpackgroundnformation. The othercorporafocuson getting
themainnews messagacross.Thisis alsotruefor thelongerAubDix-4 ageng reports.Upon
readingthem, it becomeglearthatthey aremainly a collectionof relevantmaterialwhich still
needdo be copy-edited.

Looking at the distribution of referring expressionsover grammaticalroles, we obsene
thatthe frequeng of adjunctsis far higherin DLF-RE (Table6.13). This effect canbe traced
to the genre“news flash”. As much information as possiblehasto be crammedinto a few
sentencesThisinformationshouldanswerthe classicaljuestionghatanews storyis supposed
to answer:Who did Whatto WhomWhereandWhen?WhereandWhenareprime candidates
for adjuncts. Modifiers of referringexpressionsvhosefunctionit is to help listenersidentify
thereferentquickly andefficiently.

Furthermore there are marked differencesin the distribution of semanticclassegTable
6.14). While aboutathird of all referringexpressionsn the WBUR texts referto people,anda
third to abstractonceptsthisdropsto afourtheachin theGermartexts. In contrasto WBUR-
LABNEWS, NPsin DLF-RE refermuchmorefrequentlyto events.Thereareseveralreasongor
this effect. First editorstendto reporteventsnotin VPs, but in NPs,with the eventexpressed
by a nominalisatioranda semanticallybleachedmnain verb suchas*“stattfinden” (took place).
SecondyeportingeventsasNPsmakesit easyto mentionseveral eventsin the samesentence,
eventsthat took place beforethat describedn the main VP or eventsthat standin a causal
relationshipwith it. Lastly, thereis a markup-specificeason:nominalisationsn Germanare
oftenexpressedy gerundconstructionsn English. Sincegerundsareverbforms,they do not
countasreferringexpressions.

6.3.2 Baselinell: Semanticinfluences

Entity statusis certainly not the only influenceon the choiceof article. Otherimportantin-

fluencesare countabilityandgenericity andto a certainextentalsosortalclass. For example,
genericstatementgaboutkinds frequentlyinvolve bareplurals(Carlson1977). In this section,
| describethe relevant patternghat surfacein the data,beforel discusshow entity statusmay
modify them. If not statedotherwise all significantassociationsverefound by a Fishertest,
significancelevel p<0.005. The significancelevel was chosenbecausehe analysisinvolves
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WBUR-LABNEWS

pronoun name def. poss. indef. bareNP total
generic 36% 0% 26% 4% 3% 52% 194(35%)
specific 64% 100 74% 51% 61% 48% 353(65%)

DLF-RE

pronoun name def. poss. indef. bareNP total
generic 10% 0% 3% 10% 1% 15% 43(%)
specific 90% 100% 9% 90% 92% 85% 745(95%)

Table 6.15. Effect of Genericityon Form of ReferringExpressions.Percentageare based
on absolutefrequeng of pronouns/ determinertype. Last column: absolutefrequeng of
generic/specifiin corpus

mary significanceests,someof which mightyield spuriouspositives.

Sortal Class: Which modifierswe canexpectto find in a referringexpressionsiependson
thesortalclassto whichit belongs.

In WBUR-LABNEWS, abstrachounstendto have morePPandadjectve modifiers.Institu-
tionsetc.,ontheotherhand,shav moreNP modifiers.Onereasorfor thisis thatin phrasesuch
as“BostonUniversitySchoolof PublicHealth” (text R, WBUR-LABNEWS) or “Massachusetts
SupremeCourt” (text 3, WBUR-LABNEWS), | analysedhe NP modifiers*BostonUniversity”
and“Massachusettsas a separataeferring expression.Incidentally “Massachusettsis part
of a co-specificatiorsequencéehat stretchegshroughthe whole text. Personsarelesslikely to
be referredto with a definite NP, andlesslikely to be describedwvith adjectves. In fact, most
personsn thesetexts arereferredto eitherby theirname(andsocialfunction),or by apronoun.
In DLF-RE, placenamegendnotto occurwith definitedeterminerg29.8%% vs. 52% overall)

In both corpora,eventsaresignificantlymorelik ely to comewith the indefinitearticle. In
DLF-RE, 18.70% of event NPshave anindefinitearticle, but only 6.98% of all referring ex-
pressionsn the corpushave it. In WBUR-LABNEWS, the numbersare 26.67% and5.67%,
respectrely. For EventNPsof thattype arefrequentlyusedwhenthe authorgivessomeback-
groundinformation.

Genericity: Thedefinitearticleis significantlylessfrequentwith genericreferentghanwith
specificones. This holdsfor both corpora(Table 6.15). However, genericreferentsand sen-
tenceswith genericreadingsare quite rarein DLF-RE, becausehesetexts reporton specific
events.Genericitybecomeselevantonly whenreportingthe reasongoliticianshave givenfor
takingcertainmeasuresor whenexplainingthe consequencesf political eventsfor thegeneral
public. Genericreferentghusoccurwithin prototypicalbackgroundnformation,which canbe
cutif necessary
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WBUR-LABNEWS
def. poss. indef. bareNP total

named 6% 0% 0% 0% 79 (14%)
countable 86% 8% 9% 78% 412(75%)
coll. +mass 2% 0% 0% 2% 8 (1%)
uncountable 6% 11% 3% 20% 49 (9%)
DLF-RE

def. poss. indef. bareNP total
named 32% 10% 0% 0% 248(31%)
countable 49% 48% 84% 70% 407 (52%)
coll. +mass 2% 0% 2% 2% 13(2%)

uncountable 17% 42% 14% 28% 122(15%)

Table 6.16. Distribution of determinerdor countablevs. massnouns/collectresvs. uncount-
ableheadnounsof referringexpressionsFor a definition of the countabilityvalues,seeTable
6.10.

Countability: Massnounssuchas“water”, “blood” usuallydo not take anarticle. However,
both massnounsand collectives are ratherrare in thesecorpora. Much more frequentare
abstractnounswhich occuronly in either singularor plural. They accountfor 8.8% of all
referringexpressionsn WBUR-LABNEWS andfor 9.6% of all referringexpressionsn DLF-
RE. Suchnounsareoften article-lessin the AmericanEnglishcorpus,but not in the German
corpus,wherethey tendto be associatedvith the definitearticle. This might be a language-
specificdifferencein article use,but sincethe subjectmatterof the two corporaalso differs
considerablyit couldalsobethecasethatdifferenttypesof abstrachounsoccurin eachcorpus.
DLF-RE hasconsiderablymore propernamesthan WBUR-LABNEWS (27.7% vs. 13.5%).
The definite article is significantly lessfrequentwith propernames;still, it occursfor some
institutionsandfor personsvho areintroducedbothwith theirnameandtheir function.

Summary: Sincethetexts barelycontainedary naturalkinds,classiccorrelateof genericity
werehardto measureHowever, the definitearticle did occursignificantlylessfrequentlywith
genericsn both corpora. Therewere someeffectsof sortalclass. The effectsof countability
were lessclearcut, partly becauseclassicmassnounsand collective nounswere ratherrare,
partly becauseassigningall abstractnounsthat cannotbe declinedfor numberto one class
could potentiallyobscuredistinctionswhich areimportantfor the distribution of articles.

We have seenthatthesemantic®f a discourseentity playsanimportantrolein determining
theform of areferringexpressionIn thefollowing sectionsywe will look atthe effect of entity
statusfocusingon the managementf discourseentities.In Section6.3.3,we will seehow the
particularcommunicatiorsituationin radio news affectsthe way new entitiesareintroduced,
andin Section6.3.4,1 examinehow theseentitiesaremaintainedandaccessedFinally, | ask
whetherary of the taxonomiesof entity statusdefinedin Section5.2.2canpredictaspectof
theform of referringexpressionsn radionews discourse.
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WBUR-LABNEWS AuUDIX-4 DLF-RE FFH/HR-RE

Definites 32% 26% 52% 49%
Indefinites 9% 23% 9% 15%
ProperNames % 20% 14% 17%
BareNP 42% 30% 18% 17%

Table 6.17. Percentagef first mentionsrealisedasdefinites/ indefinites/ propernamesd bare
NPs.bold: significantassociatiorbetweercateyory anddiscourse-ne

6.3.3 Intr oducing New Entities

Fromourdiscussiorof thegenreof radionewsin Section6.1,it followsthatmostfirst mentions
shouldbe definites. Therationalefor this is simple: Definitestendto be familiar anduniquely
identifiable (leaving the chicken-and-gg problemof which of the two is primary asidefor a
moment). News itemstendto be aboutfamiliar nens actorsandnations. In orderto give the
audiencea fair chanceof understandingvhat the news item is aboutbeforethe text is over,
first mentionsshouldalsobe uniquelyidentifiable. This requirements lessstrict for thelonger
Americantexts that can spendmore time elaboratingon backgroundnformation. A cursory
analysisof the texts alreadyconfirmsthis hypothesis:All texts shav a marked tendeng to
introduceevenrelatively well-known referentsby somepropertywhich makesthemuniquely
identifiable usuallytheir publicfunctionor their positionin theorganisatiorthatis beingtalked
about. For example,Michael Dukakisis referredto as“Governor” whenheis first mentioned
in text 3, WBUR-LABNEWS, andthen-chancelloHelmutKohl, a morethanfamiliar figureto
most Germansjs alwaysintroducedas “BundeskanzleKohl” (chancellorKohl) whenhe is
mentionedin the Germannews items. This descriptioncorrespondso a propername(Kohl)
plusanattributive nounwhich helpslistenersdentify Kohl by his function. Suchfirst mentions
instantlycall up the scriptsassociateavith thesepeoplein their official functionasGovernoror
Chancellor As we canseein the analyseof section6.4.2,this cuecanbe adaptediepending
onthenewsitem. The quantitatve resultssummarisedn Table6.17 presenta somavhatmore
comple picture. Although definites(including NPswith a possessie in determineiposition)
accountfor roughly half of all first mentionsin the Germancorpora,that percentagelwindles
to athird (WBUR-LABNEWS) or afourth (AubiXx-4) in theEnglishcorpora.Significanceests
(Fishertest,p<0.005)indicatethatthereis no statisticallysignificantassociatiorbetweerdefi-
nite descriptionsanddiscourse-ne entities,exceptfor Aubix-4, the (comparatrely) unedited
ageng copy. Rather definite descriptiongendto be distributedequally acrossfirst and sub-
sequentmentions. In the DLF-RE-data, definitesappearto be reserned for co-specification
sequencedirst mentiongthatstarta new sequencaresignificantlymorelik ely to be definites.

In general,the indefinite is the only really reliable indicator that a referring expression
evokesa new discourseentity is the indefinitearticle. However, sinceit is lessimportantthat
deadendliscourseentitiesbe identifiable,we would expectthat the indefinite article is more
strongly associatedvith themthanwith first mentionsof tracking entities. Table 6.18 con-
firms thathypothesisthe indefinitemostly occurswith deadencentities,entitiesthatarenever
accesse@gainandwere merelyintroducedto supply backgrouncknowledge. In AuDIX-4,
FFH/HR-RE andDLF-RE, bareNPsperforma function thatis similar to that of indefinites:
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def. (poss.) indef. name bareNP pronoun total

DLF-RE

firstmentions 84% (100%) 100%  75% 9% 6% 646 (82%)
deadend % 9™) 92% 65% 91% 2% 560 (71%)
tracking 14% (3%) 8% 10% 6% 4% 86 (11%)
hearemew 63% (93%) 95% 81% 23% 6% 471 (60%)
newv anchored 8%  (59%) 2% 0 0 0% 37 (5%)
FFH/HR-RE

first mentions 81% 96% 100% 68% 0% 466 (78%)
deadend 64% 81% 93% 41% 0% 379 (64%)
tracking 17% 15% 7% 27% 0% 87 (14%)

WBUR-LABNEWS
firstmentions 63% (91%) 95% 42% 76% 13% 322 (59%)

deadend 56% (69%) 63% 21% 54% 3% 212 (3%%)
tracking % (22%) 32% 21% 22% 10% 110 (20%)
hearemewn 42% (63%) 55% 1% 22% 5% 132 (24%)
new anchored 25%  (60%) 29% 8% 12% 3% 82 (15%)
AUDIX-4

first mentions 66% 99%  66% 93% 7% 326 (74%)
deadend 53% 88% 4% 91% 7% 280 (64%)
tracking 13% 11% 1% 2% 0% 46 (10%)

Table 6.18. Formsof first mentions. Percentageare basedon the absolutefrequeny of the
typesof referringexpressionn the corpora.

they are usedfor entitiesthat arereferredto but once. This tendeng is lesspronouncedn

WBUR-LABNEWS:. mostof the texts are aboutspecificissues,andkey conceptshatrelate
to theseissuessuchas“birth control” in text T, arealwaysdeterminerlessWe do not getthat
effectin AuDIX-4 becausehetexts| selectedrom thatcorpusareclassicahewsitems,reports
abouteventsandactions.

For DLF-RE and WBUR-LABNEWS, which | codedusingthe full source-basedcheme,
Table6.18 shavs how hearemew andbrand-n& anchoreddiscourseentitiesarerealised.In
bothcorporabareNPstendto behearerold conceptsNamesaremuchmoreoftenhearemen
in DLF-RE. This is partly dueto my restrictve assumptionsboutthe audience(JohnDoe,
c.f. pagel37), partly to the fact that the news items reporteventsfrom all over the world.
In DLF-RE, only definitesshav no significantcorrelationwith hearerold/naev. The pictureis
differentfor WBUR-LABNEWS: in thatcorpus,only indefinitesandpossessiesareusedmore
frequentlywith hearemew discourseentitiesthanwith hearerold ones.
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WBUR-LABNEWS
adjectve NP PP relatveclause

total 12% 12% 18% 5%
first mention 24% 15% 19% 8%
hearemewn 24% 25% 33% 12%
DLF-RE
adjectvte NP PP relativeclause

total 21% 1% 13% 1%
first mention 23% 22% 15% 1%
hearemen 26% 23% 1% 1%

Table 6.19. Entity statusandmodifierusein radionews. total: baselinefirst mention:discourse
new; hearemew: unknowvn to hearer

Whennew discourseentitiesareanchoredthey mostly occurwith a definite or indefinite
article. In WBUR-LABNEWS, somenamesandbareNPsareanchorecaswell. The numbers
might suggesthat anchoringis not very frequentin the corpora. In particular the editorsof
DL F-RE fail to anchordiscourse-n& entitiesto discourse-olanes.But thisanalysisoverlooks
that discourse-ne entitiescanalsobe anchoredn the hearers world knowledge® All news
actorsareintroducedwith modifiersthatdescribeheir (mostlypolitical) function. For example,
the nameof the DanishForeignSecretaryeludesme atthe moment,but | know thattheremust
besuchapersonn Denmarkandwhenl encountethename‘Uf fe Ellemann-Jensenh DLF-
RE asamodifierof theNP “DanishForeignSecretary”] canimmediatelyplacehim. Table6.19
documentghatin both WBUR-LABNEWS and DL F-RE, modifiersare usedmore frequently
for first mentionsthanfor subsequententions. Thereis a goodreasonfor this pattern:if a
new discoursereferentis not hearerold, andif it is very difficult or impossibleto introduce
it via bridging, it makessenseo introducemodifierssuchasattributive NPs, adjectves, PPs,
andrelative clausessincethey cancarryinformationwhichwill helptheaddresseg&lentify the
discourseentity thatthereferringexpressionintroduces.

6.3.4 AccessingOld Entities

We expectto find threepatternsn our data:

1. The distancebetweenanaphoricdefinite referring expressionsand their antecedentss
largerthanthe distancebetweeranaphorigoronounsandtheir antecedentdn particular
pronounsare preferredintra-sententiallyandinter-sententiallyif the antecedenis in the
previoussentenceelse,we getdefinitedescriptionsThisis the standargattern(c.f. e.g.

McCoy andStrubel1999).

5] usetheterm“anchored’becausét is agoodmetaphorput it would alsobereasonabléo resene anchoring
for themorespecificoperationof “anchoringin discourse-oldnformation”.
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2. Personsaremorelikely to occurin co-specificatiorsequencesnore salient,andhence
morelikely to bereferredto by a pronounthanothersortalclasses.This patternis sug-
gestedoy thenews factorPERSONALISATION —eventstendto bereportedastheactions
of persons—an@TTRIBUTION—it is importantto have élite sourcesandto namethem.

3. Discourse-oleentitieswill tendto surfacein subjectpositionandas(possessie) genitive
adjunctsithey anchorthe new informationin a sentenceo the precedingdiscourse.

We will dealwith eachof thesethreehypotheses turn.

Distanceto Last Mention:  Ourfirsthypothesiss partially confirmed:pronoungredominate
only whentheantecedernis in thesameunit; else definites namesandbareNPsareused even
whenthe antecedenis in the previous sentence.Table 6.20 presentgletailedresultsfor defi-
nites,propemamesandpronouns But contraryto whatwe find in the BROWN-COSPEC-corpus
(c.f. Table7.7), pronounsarerarely usedfor inter-sententialanaphora—thiss the domainof
definitesandpropemamesThepatternreflectsatendeng thatwe alreadyencounteredn page
132ff.: Anaphoricdefinitescornvey new informationaboutthediscourseentity they specify We
thusgetthe curiouscaseof an expressiorthatrefersto somethingold—thediscourse-oldlis-
courseentity—with “new” information. This shaws very clearly that, just ase.g. Lambrecht
(1994)amgued,Givennesshouldbe separatedhto two dimensionsthe givennes®f discourse
entities,which canbe separatedh turn into identifiability andactivation,andthe givennesof
information.| will pursuethatpointfurtherin my concludingargumentsn Section8.2.

Table6.20alsoshows cleardifferencedetweerthe genres.The editedreportsof WBUR-
LABNEWS comeclosesto the patternsof BROWN-CosPEC asdocumentedn Appendix7.1.2.
AUDIX-4, theageng copy, alreadydeviatesfrom this pattern.Althougheverytext is aboutone
maintopic andalthoughthe texts areaslong asthosefrom WBUR-LABNEWS, thetexts have
lesspronouns.Onreadingthem,they appeato belesscoherent.Thereasorfor thisis simple:
Thetexts areintendedasraw materialfor editors;too muchpolishingwill be awasteof time if
your audiencewill only usearbitrarysnippetsof whatyou have written, anyway. Most of the
namegeferto personsandplaced(c.f. Table6.21).

Sortal Class: The datain Table 6.21 largely confirm our secondhypothesis:Pronounsac-
countfor morethanhalf of all subsequententionsof peopleand physicalobjects. This ten-
deng is far morepronouncedn DL F-RE thanin WBUR-LABNEWS: Not only arebut 4 of all
68 referencedo abstractobjectsdiscourseold, but none of themis realisedby a pronoun.
Discourse-oldpersons,on the other hand, are pronominalisedas frequentlyas in WBUR-
LABNEWS. Events,times,abstractconceptsandinstitutionsare mostly referredbackto by
definites. The resultson BROWN-COSPEC suggestthat the samepatternshold in academic
prose,althoughthesetexts canbe saidto be “about” abstractconceptswhile news texts are
arguably“about” peopleandevents.

Syntax: Again, the dataconfirm our hypothesis But thereis no syntacticpositionon which
eitherfirst mentionsor subsequenmentionshave a lock (Table6.22). In bothtexts, first men-
tionsdominatein objectpositionandasprepositionabdjunctswhile subsequeninentionsare
morelikely to be subjectsandgenitive adjuncts.But thefirst mentionsin non-subjecposition
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WBUR-LABNEWS AuDIX-4

pronoun definite name total pronoun definite name total

sameunit 72% 18% 4% 67(2%) 83% 11% 9% 18(16%)
previousunit 35% 15% 36% 75(32%) 18% 34% 3% 38(34%)
beforeprev. unit 3% 2% 29% 87(38%) 7%  52% 32% 57(50%)

DLF-RE FFH/HR-RE

pron. definite name total pron. definite name. total

sameunit 88% 6% 6% 32(23%) 68% %  24% 34(26%)
previousunit 28% 48% 22% 60 (43%) 14% 500 32% 66(51%)
beforeprev. unit 2% 67% 24% 49 (35%) 10% 59%  31% 29(22%)

Table 6.20. Distanceto lastmentionfor determineitypesandmodifiers. Percentagearerela-

tiveto therow totalsfor eachcorpus

WBUR-LABNEWS

person inst place time thing abstract event
% discourse-old  53% 53% 41% 7% 3% 33% 7%
% pronouns 48% 11% 0% 0% 53% 27% 0%
% definites 15% 35% 0% 1006 20% 42% 100%
% names 23% 16% 86% 0% 0% 6% 0%
DLF-RE

person inst place time thing abstract event
% discourse-old  41% 18% 9% 5% 8% 6% 12%
% pronouns 48% 22% 0% 0% 50% 0% 2%
% definites 26% 68% 29% 100% 50% 2%  13%
% names 26% 11% 7% 0% 0% 0% 0%

Table 6.21. Effect of sortalclasson the form of discourse-oldeferringexpressionPercentage
of mentionswhich arediscourse-oldandthe percentag®f discourse-oldnentionswhich are

realisedby a pronoun,a definiteNP, or aname.
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WBUR-LABNEWS
subject obj. prep.obj. prep.adj. gen.adj. total

first mention 48% 71% 83% 73% 25% 5%
subsequenmention  52% 2% 17% 2% 75% 41%
DLF-RE

subject obj. prep.obj. prep.adj. gen.adj. total
first mention 71% 95% 88% 93% 32% 82%
subsequenmention  29% 5% 13% 7% 68% 18%

Table 6.22. Distribution of first vs. subsequenmnentionsacrosssyntacticpositions

WBUR-LABNEWS
subject obj. prep.obj. prep.adj. gen.ad,.

tracking  54% 29% 28% 17% 38%
deadend 46% 71% 72% 83% 63%
DLF-RE

subject obj. prep.obj. prep.adj. gen.ad,.
tracking  28% 10% 4% 8% 8%
deadend 72% 90% 96% 92% 92%

Table 6.23. Distribution of first mentionsacrosssyntacticpositions:deadendmentionedonly
once)vs. tracking(startof a co-specificatiorsequence)

arerarelytakenup againanaphorically Table6.23shawvs thatfirst mentionsin subjectposition
aremorelikely to starta new co-specificatiorsequencehanthosein otherpositions. In fact
57% of all co-specificatiorsequences DLF-RE begin with a referringexpressionin subject
position;for WBUR-LABNEWS, thisfigureis 51%. The next mostpopularpositionsfor start-
ing a new sequencare prepositionalobjectsfor DLF-RE (24%) anddirectand prepositional
objectsfor WBUR-LABNEWS (eachl6%).

6.3.5 How Useful are Detailed Taxonomies?

In Sectionss.3.3and6.3.4,we have relied mainly on aspect®f entity statuswhich areeasyto
operationalisefirst mentionvs. subsequentnention,distanceto lastmention,andanchoring.
In this section,we explore the associatiorbetweenmore complex measure®f entity status
andthe form of a referringexpression.Fromnow on, | will focuson WBUR-LABNEWS and
DLF-RE, thetwo corporawhich wereannotatedn greaterdetail becausdull prosodiclabels
areavailablefor both.

The centralquestionis: To whatextentcanthe form of areferringexpressiorbe predicted
from the statusof the underlyingdiscourseentity? To make the statisticalanalysiseasiey |
collatedthedifferentvariablesusedsofarto characteris¢heform of areferringexpressiorinto
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TI REF ul FA  AC IF
WBUR-LABNEWS 19% 5% 26% 17% 13% 20%
DLF-RE 13% 12% 33% 24% 12% 6%

Table 6.24. Frequenyg of Givennesd#ierarchycateyories(c.f. Table4.5)

STAT3 new \ med old
STAT4 BN \ AC U A
SOURCE BU BA SIT FRAME PART VAL ISA SET EVENT INF U AC

WBUR-LABNEWS

954 15.00 4% 10.00 05% 0.0% 0548 4.2% 1% 0.54% 13% 41%

DLF-rRE

35% 5% 3% 11% 05% 1% 0.5% 0.0% 1% 3% 22% 18%

Table 6.25. Frequeny of categyoriesfrom source-basedchemec.f. Section5.2.2

onemetavariableForM with five values:BARE for bareNP, PRO for a pronoun,DEF for the
definitearticle,INDEF for theindefinitearticle,andpPN for all propernames.

This sectionis structuredasfollows: Finally, | investigatevhetheroneof thesetaxonomies
of entity statusogethemwith someinformationaboutthe semanticof the discourseentity, is
sufficientto predictthe form of referringexpressions.

First, let usexaminehow thedistribution of thethe cateyoriesof the morefine-grainedax-
onomiesdiffer in the two corpora. With respecto Givennessas measuredy the Givenness
Hierarchy thetwo corporaWBUR-LABNEWS andDL F-RE differ in two mainaspectsDLF-
RE hasmore referring expressionswvhich specify uniquely identifiable or familiar discourse
entities,while in WBUR-LABNEWS, more discourseentitiesare in focus (c.f. Table 6.24).
Again, this reflectsthe factthatthe two corporacomefrom differentgenres:on onehand,we
have long reports,or Berichte, in Buchers (1986)terms,on the otherhand,pureinformation
(Meldungen). This differencebecomesven clearerwhenwe look at the frequeng of the cat-
egoriesin the source-basedchemgTable6.25): DLF-RE containsfar morereferenceso (as
yet) unusedentitiesandto brand-n& unanchorednesthanWBUR-LABNEWS. Thedetailed
subcatgorisationof inferrablesappearsinnecessaryatleastfor newstextswhichcoverabroad
rangeof topics: In bothcorporaframe-basedhferenceslominateby far.

Beforewe move onto significanceesting,let usfirst look at somequantitatve measuresf
thestrengthof theassociatiometweerdifferenttaxonomie®f entity statusandForM. For this
purposewe will use Amax and GoodmanandKruskal's 7, which aredescribedn Appendix
B.4. Therelevantresultsaresummarisean Table6.26.

Ther values(Eq. B.14)allow usto comparenow muchof thevariationin form is explained
by entity status.Althoughnoneof thetaxonomiess perfect,the Givennesdlierarchyemeges
asa clearwinner. In both corpora,its 7-valueis largest. In WBUR-LABNEWS, SOURCE and
KDIST explain similar amountsof variation—eenthoughSoOURCE is far morecomple. For
DL F-RE, theperformancef KDIST is roughlyequialentto thatof STAT4, thereducedrersion
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SOURCE STAT4 STAT3 DISC HEAR KDIST GHIER
WBUR-LABNEWS Amax 0.22 0.20 0.22 0.39 0.26 0.30 0.28
54% 15% 11% 10% 6% 22% 36%

T 0.103 0.068 0.055 0.016 0.040 0.114 0.169

DLF-RE Amax 020 025 024 038 037 037 0.36
49% 18% 12% 9% 9% 28% 45%

T 0.115 0.071 0.050 0.035 0.044 0.077 0.236

Table 6.26. Associationbetweentaxonomiesandform of referringexpressions.For Amax, |
bothgivetheabsolutevalueandthevaluein perceniof the highestpossible) for thatcombina-
tion of cateyories

of souRcCE. Of thetwo dichotomiesHEAR andDISC, HEAR hasthe greaterexplanatorypower.

Amaxmeasureto whatdegreewe couldclaimthatentity statuds the causeof theparticular
form obsened. The connectionsare strongesfor the two mostdetailedtaxonomies SOURCE
andGHIER. They arefollowed by KDIST, a variablewhich, as| have aguedin section5.3,
measurestructuralentity status.The othertaxonomiesarefar lesspowerful.

7 and Amax provide two differentperspectreson the strengthof the associatiorbetween
form of referring expressionand entity status. Generalisedinear modelsoffer yet another
testof predictve power: How well doesentity statuspredictspecificaspect®f form, andcan
additionalinformationaboutthe semantic®f thediscourseentity improve thatprediction?The
methodologyis similar to thatin Section7.2.1: Startingwith a pool of predictorfeatures,n
eachstep,we addthat predictorto the modelwhich improvesthe modelmost. The quality of
themodelis measuredby AIC (An InformationCriterion),whichtakesinto accounbothmodel
sizeandmodelfit; thesmallerthe AIC, the better We keepaddingthe predictorwhich reduces
AIC by the largestamountuntil eitherno predictorcanimprove AIC or all predictorshave
beenused.This proceduras calledstepwisdorward selection For moreonlogisticregression,
consultAppendixB. Thebasicsetof predictorsusedhereconsistof thethreesemantideatures
SEM, CNT, andGEN plusdistancefrom lastmention(kDIST). For eachof the six taxonomies
DISC, HEAR, STAT3, STAT4, GHIER, and SOURCE, | addedthe taxonomyto the basesetand
ran stepwiseforward selection. The methodologyis appliedto threetasks: decidingwhether
areferringexpressionshouldbe realisedasa pronoun,decidingwhetherit shouldbe realised
with a definitedeterminerandfinally, decidingwhetherit shouldberealisedasa bareNP.

We beggin with pronominalisation.As we have seenin Chapter4, mostagumentsin the
debatesaboutgivennessandmostapplicationan anaphoraesolutionandgeneratiorfocuson
theseforms. | will explore constraintson pronominalisatiorin more detail in Chapter7. In
thatstudy entity statusis operationalise@sdistancefrom last mention,andsortalclassis the
only semantianformationaboutdiscourseentitiesthatwascodedin the corpus.Both decisions
were motivated by methodologicalconsiderations:distanceis the most reliable measureof
entity statusthereis, andsortalclasscanbe annotatedeliably if anexternalknowledgesource
is usedthat suppliesthe relevant ontologicalinformation. On the radio news data,l examine
whetherthesedecisionscan also be justified empirically For both WBUR-LABNEWS and
DLF-RE, only GHIER andKDIST wereincludedin ary of the final modelformulae. DISsC,
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WBUR-LABNEWS

model AIC after including feature
formula AIC  KDIST tax. CNT SEM  GEN
default AIC =484.59
KDIST only KDIST + CNT + SEM 292.82 306.43 n.a. 296.52 292.82 no
KDIST and. ..
GHIER GHIER + KDIST + CNT + SEM  266.85 276.83 303.83 269.02 266.85 no
DLF-RE
model AIC after including feature
formula AIC  KDIST tax. CNT SEM  GEN
default AIC =369.1

KDIST only KDIST + CNT + SEM + GEN 125.77 151.63 143.17 129.10 125.77 no
KDIST and...
GHIER KDIST + GHIER + CNT + SEM 115.18 151.63 136.42 122.93 115.18 no

Table 6.27. Pronominalisatiornn radio news: predictve power of semantideaturesdistance,
andqualitatve taxonomief entity status.italics: lastfactorto beincluded,final AIC

HEAR, STAT4, STAT3, andSoURCE all yieldeda higherAIC thankDIST in thefirst selection
step,andoncekDIST hadbeenincludedin the model,the variablesare not neededanymore.
The only exceptionis DIsc, corpusDLF-RE, which is includedin the model PRO ~ KDIST
+ CNT + SEM + GEN + DISC, andreduceghe AIC from 125.77to 125.70. Table 6.27 gives
moredetailsaboutthe modelswith KDIST andGHIER. It shavs thatforward selectionchooses
roughlythe samevariablesin the samesequencen bothcorpora.But on WBUR-LABNEWS,
theresultingmodelsaccountor lessvariation:the bestmodelalmosthalvesthe AIC, while on
DLF-RE, thebestmodelreducesAIC by two thirds.

Fromtheseresults,we candrav two conclusionsFirst entity statusis the key to predicting
pronounsadditionalsemantidnformationaboutthe discourseentity doesnot greatlyimprove
performanceoncewe know its status. Second,in orderto predictwhetheran entity will be
pronominalisedwe needto describedifferencesn the statusof entitieswhich have already
beenintroducednto thediscourseThisis whatboththe Givennes#ierarchy(GHIER) andthe
distancemeasurgkDIST) do, andit is the reasorwhy they are so successfubn the pronomi-
nalisationtask. But whathappensavhenwe wantto predictotheraspectf form, suchasthe
presencef a determineror whetherspealerswill usea definite description,or whetherthey
will useanindefinite?

With regard to definites (Table 6.28), DLF-RE exhibits more variation than WBUR-
LABNEWS: theAIC of thebasicmodel(predictdefault) is 687.73for the American,but 1093.1
for the Germandata. On WBUR-LABNEWS, neithersemanticinformation nor entity status
accountfor muchof thatvariation: the largestreductionof the AIC we getis around10%. On
the DL F-RE corpus,however, we canmanageo reducethe original AIC by roughly 20%, and
thekey to thisis, again,the GivennesdHierarchy As with pronominalisationthe semantic®of
thediscourseentity is lessimportant.
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WBUR-LABNEWS

model AIC after including feature
formula AIC  KDIST tax. SEM CNT GEN
default AIC =687.73
KDIST only SEM + CNT + GEN + KDIST 635.07 635.07 n.a. 66359 644.72 638.48
KDIST and. ..
GHIER GHIER + CNT + SEM + GEN + KDIST 608.3 608.3 654.14 608.74 623.17 608.45
DLF-RE
model AIC after including feature
formula AIC  KDIST tax. CNT SEM GEN
default AIC =1093.1
KDIST only KDIST + CNT + SEM + GEN 1041.27 1061.8 n.a. 1041.27 10445 1041.5
KDIST and. ..
GHIER GHIER + SEM + CNT + KDIST + GEN  850.24 850.79 916.19 857.45 865.68 850.24

Table 6.28.Definitedescriptionsn radionews: predictive powerof semantideaturesdistance,
andqualitatve taxonomief entity status.italics: lastfactorto beincluded,final AIC

For bareNPs(c.f. Table6.29),thisis different: here,the mostimportantfeatureis almost
alwayscNT, countability The besttaxonomyis, again,the Givennesddierarchy whichyields
the mostparsimoniousnodelon both corpora: BARE ~ GHIER + CNT. Again, on DLF-RE,
this modelexplainsfar morevariationthanon WBUR-LABNEWS: althoughbothcorporastart
with the sameAIC for the default model,the combinationof GHIER + CNT manageso reduce
the AIC by athird on DLF-RE, andby afourthon WBUR-LABNEWS.

In orderto determinewhich categorieson the Givennesdiierarchyaremainly responsible
for its performancel inspectedhe coeficientsof thefitted models. The mostimportantcate-
goriesareon onehand“active” (Ac) and“in focus” (1IF), on the otherhand“referential” (REF)
and “type identifiable” (T1). The first two cateyoriesare evidenceagainstdefinitesand bare
NPs,while the secondwo tendto pointto bareNPs,but rule out definiteNPs.

Summary: Theresultsl have presentedn this sectionall point to one conclusion: when
predictingthe form of areferringexpressionjt is moreimportanthow accessibler salienta
discourseentity is thanwherethis accessibilitycomesfrom. This confirmsthe claimsof Ariel
(1990).Distancefrom lastmentionis agoodmeasuref thisaccessibilitybut it is severelylim-
itedin onerespectit doesnot categyorisediscourse-n& entitiesfurther But suchcateyoriesare
necessaryaswell: Thatis the main messag®f the performancencreaseshatthe Givenness
Hierarchyyieldedacrosgheboard.In particular it appearsmportantto distinguishexpressions
which arereferentialor merelyidentify atype from thosewhosereferentcanbe uniquelyiden-
tified. To putit moredrastically the Givennesdierarchyperformsso well becauset lumps
identifiability andaccessibilitytogether And thesearethe two maininfluenceson the form of
referringexpressionshat Chafe(1994)hasidentified.

But entity statusdoesnot tell the whole story. This is the messagef the AIC values: A
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WBUR-LABNEWS

model AIC after including feature
formula AIC  KDIST tax. SEM CNT GEN
default AIC =695.97
KDIST only CNT + KDIST + SEM + GEN 551.76 561.72 n.a. 558.36 603.79 551.76
KDIST and. ..
GHIER CNT + GHIER 530.37 no 530.37 no 603.79 no
SOURCE CNT + KDIST + SOURCE + GEN 542.18 561.72 542.8 no 603.79 542.18
STAT4 CNT + KDIST + STAT4 + GEN + SEM  547.34 561.72 551.26 603.79 547.34 550.29
DISC CNT + KDIST + SEM + GEN + DISC  549.22 561.72 549.22 558.36 603.79 551.76
DLF-RE
model AIC after including feature
formula AIC  KDIST tax. CNT SEM GEN
default AIC =681.23
KDIST only CNT + KDIST + GEN 551.14 555.70 n.a. 584.39 no 551.14
KDIST and...
GHIER GHIER + CNT 434.45 no 477.69 434.45 no no
STAT4 CNT + STAT4 + GEN 543.18 no 548.93 584.39 no 543.18
STAT3 CNT + KDIST + STAT3 + GEN 543.48 555.70 549.56 584.39 no 543.48

Table 6.29. Bare NPsin radio news: predictve power of semanticfeatures,distance,and
gualitatve taxonomiesf entity status.talics: lastfactorto beincluded final AIC
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sizeableamountof the variation could not be explainedby selectedsemanticinformation or
by a judiciously chosentaxonomyof entity status. In particular muchof the variationin the
distribution of definite descriptionss not accountedor. This shavs how importantit is to
considerotherfactorsthan cognitive processing.For radio news, | would suggestwo genre-
specificpressuresthe pressurdo cramasmuchaspossibleinto asfew wordsasfeasible,and
acompletelyunjustifieddesireto avoid repetitions.

Finally, a word of warning aboutthe validity of theseresults: | did not have accesgo
training materialfor the annotatiorof the Givennesdierarchy Thereforemy interpretatiorof
the catggoriesmight not always agreewith that of (Gundelet al. 1993),andwhenin doubt,
| was certainlyinfluencedby their previous resultsas presentedn their paper Secondmary
of the cellsin thelogistic regressionrmodelsreportedin this sectionwereempty This always
causesumericalproblems,especiallyif the amountof datais assmall asit is here. These
numericalproblemsaffect the forward selectionresults,in particularwhenthe modelalready
containstwo factors,andathird andfourth factorhasto be added.l decidedagainstexplicitly
specifyingwhich cells could be expectedio remainemptyin the contingeng tables.Sincethe
analysegpresentedherearelargely exploratory | did not wantmy linguistic prejudicego bias
theanalysistoo much.

6.4 Qualitative Analyses

In this section,| approachhetexts from a completelydifferentmethodologicahngle: Instead
of gatheringstatistics, give detailedanalysef five texts. A setof four texts (Section6.4.1)
comesfrom DLF-RE. | chosethe Germantexts becausd am far more familiar with their
contentandcontext thanwith thatof the WBUR-LABNEWS texts, which areheavily deconte-
tualised. The analysiscentreson the role of referringexpressionsn radio news, revisiting in
detailsomeinterestingpatternghathave only beenalludedto in the maintext.

Thefifth one(Section6.4.3)is ashortnews reportwhich hasbeenanalysedn detailby van
Dijk (1985a)onthe basisof his approacho text structure.

6.4.1 German Radio News
Two Dayton Stories

ThroughoutNovember21,1995,thewar in Bosniadominatedhe news. The audienceof DLF

werekeptupto dateonthelatestdevelopmentsn the DaytonpeaceconferenceThewholeday,

conflictingstatementandassessmentsouredin, all concerninghequestion:Will thetalksbe
continuedor not? Thefirst story, givenin Figure 6.4, explainsthe situation,while the second
story, reproducedn Figure6.5, reportson reactionsof Germanpoliticians.

Thefirst storyis news becausét concernsaturningpointin a conflictthathadbeenrich in
personadrama(NEGATIVITY, PERSONALISATION) andthathadcapturedhe interestof both
pressand audiencefor four yearsalready(CONTINUITY, RELEVANCE). This conflict wasin
Europe(PROXIMITY), andthe crucial eventis unfolding asthe day goesby (RECENCY). Its
topic is the US ultimatumto the Daytondelegates but thattopic is never expressedexplicitly
by aNP Insteadjt surfacesasthefirst sentencetheleadsentenceSentenceopicsarealmost
impossibleto identify; thenews item appearsasa successionf all-nev sentences.
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Thesecondstoryisin asenseco-OPTED by thefirst. It reportsonhow two prominentpoliti-
ciansthen-chancelloKohl andthesocialdemocratsinternationahffairsexpertVerheugensee
the currentsituation. Both are ELITE politicians,andcanbe supposedo representhe views
of their party (ATTRIBUTION). Thetopic of thatstoryis “reactionsfrom Germanpoliticiansto
the Daytonsituation”, but thattopic is never madeexplicit. Faithful news listenerscanreadily
identify thattypeof item, which Zehrt(1996)calls“Bonner” Meldung(official newsitem),and
which consistsof reportingwho saidwhat on topic. Whenwe analysewhat eachsentences
about,therearetwo alternatves. If we pursuethe strandwhich consistsof the commentson
the Dayton peacetalks, thenthe main contextual link of the first two sentencess the Dayton
conferencethe third introducesa new topic (a solution of the problemsthat only considers
Bosnia),andthe fourth sentenceakesup thattopic in the NP “ein derartiger~rieden”(suc a
peace a peacebasedon sucha solutionof the problems).If we pursuethe strand“who said
what”, thenthe first andthird sentencestroducenew topics(Kohl resp. Verheugenpndthe
secondandfourth continuethesetopics.

In bothtexts, it is madevery clearthatthey reportstatementby others.Thesecondsentence
in thefirst storyis in pastconjunctve, a sign of reportedspeechandin the secondstory all
mainclausesontaineitherafull verbfrom thelexicalfield of sayingor anequvalentidiomatic
prepositionalphrase(*nach seinenWorten”, in his words). This leadsto someavhatlong and
convolutedsentences.

After thesemoregeneraktylisticcommentslet usnow turnto entity status .Both texts have
stronginter-textual links: They follow eachotherimmediatelyin the presentationthe second
text comment®onthefactsreportedn thefirst one. TheNPs“der Bosnienlkonferenzn Dayton”
(theBosniaconfeencein Daytor) and“der Verhandlungeim Dayton” (thetalksin Dayton) in
thefirst sentencesf eachtext areboth difficult to understandvithout the connectiorto other
newstextsthattheaudiencénave seenn theweeksandmonthsbefore. Theanaphoriaefinites
in subsequentdentenceareoftensynoryms, suchas“der DelegationenausBosnien,Kroatien
und Serbien”(the delegationsfromBosnia,Croatia,and Serbig . . . “die Vertreterder Konflik-
tparteien”(therepresentativesf thewarring partieg in thefirst text, or “der Verhandlungeim
Dayton” (thetalksin Dayton) . .. “die Konferenz’(the confeencg in the secondext.

In the last sentenceof the first text we even find an interestingpronominalanaphor The
“sie” (they) canbothrefer backto the delegatesandto the Americanmediators. The second
interpretationis reinforcedby parallelism(two subjectNPs), the first by receng (the object
NP comeslater in the sentencehanthe subjectNP). The ambiguity is only resohed in the
remainderof the sentencelt would not make senseo leave the Americanmediatorsalonein
orderto clarify openquestions.On the otherhand,the two possessie pronounsn the second
text arerelatively easyto resohe—hbothreferto the currentmainnews actor

Whatconsequencedo theseobsenationshave for entity status?The discourseentitiesare
certainlynotcentratlto thestructureof thenewstexts. In orderto understandheseextslisteners
needknowledgeaboutnews schematain particularabouttypesof newsitems. They alsoneed
backgroundknowledgeaboutcurrentaffairs; this helpsthemconstructthe initial descriptions
of the discourseentities. Listenersalsoneedthat knowledgewhenaccessingld entities, or
they would notbeableto decipherthe synorymsor resolve ambiguougronouns.
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1. Die USA habender Bosnienlonferenzin Dayton eine neueFrist bis zum Nachmittag
gesetzf

2. Sollte bis sechzehJhr MitteleuropaischerZeit eine Einigungnicht erzieltsein,wirden
die Gespacheder DelegationenausBosnien Kroatienund Serbienformell beendef.

3. Weiter hiesses, die amerikanischeiermittler hattendie Vertreterder Konfliktparteien
am Verhandlungsorallein zuriickgelassenn der Hoffnung, dasssie untereinandedie
letztenstrittigenFragerklarenkonnten?

Figure 6.4. Warin Bosnia:theU.S. Ultimatum. November21,12:00,story 1

1. BundeskanzleKohl hat vor denKonsequenzerinesScheiterngder Verhandlungerin
Daytongewarnt?

2. In Singapuy der letzten StationseinerAsienreise sagteder Kanzlervor dem Rickflug
nachDeutschlandgeswarefatal, falls die Konferenznicht zu einer positven Regelung
kommensollte 1°

3. DeraulRenpolitisch&precheder SPDBundestagsfraktiorerheugenyertratheutefriih
im Deutschlandfunklie Ansicht,esreichenichtaus,in DaytoneineLdsungderProbleme
zufinden,die sichausschlieRliclauf Bosnienbeziehe'!

4. Ein derartigerFriedenwarenachseinenWorteninstabil 12

Figure 6.5. Warin Bosnia:Commentf Germanpoliticians.November21,12:00,story 2
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6.4.2 Two Rau Stories

In contrastto the two Daytonstoriesdiscussedn the last section,the storiesin Fig. 6.6 and
6.7 are abouta person,not aboutcertainevents. Both storiesstring togethertwo apparently
disparatenewsitem:

e A certainMr Horstmannhasbeennamedas a nen secretaryof statein North Rhine
Westphaligd NRW),

¢ in theaftermathof arecenteadershigrisisin the SocialDemocratidParty, Johannefau
affirmsthathewill notleave politics.

In the first text the first story predominates Although the secondnews item alsoreports
on Horstmanns appointmentthe emphasiss on Rau. His commentsaresetin a new context,
thatof the currentleadershigcrisisin the SocialDemocraticParty. Oneof the main storiesof
thedayis the vote of confidencahatRudolf Scharpingthenleaderof the SocialDemocratsn
parliamentandnow Secretaryf Statefor Defence hasaskedfrom his colleaguesWhatkeeps
bothnewsitemstogethelis the mainprotagonistJohannefau.

In thefirst text Rauis introducedas“Ministerprasident”(prime minister)aftertheleadhas
statedthe main news. In thatlead,the function comesfirst, followed by the personwho will
fill it. The secondsentencestatesthe source,Rau,while the third and fourth sentencegjive
backgroundnformation: Who wasthepredecessor®hy did the postbecomdree?Whenwill
the changetake place? Sofar, the item hasfollowed the classicalnens schema.But then,in
thefifth sentencethetraditionalschemas broken: thestoryreportsRau’s answetrto aquestion
thatmusthave beenputatthe pressconferencavherehemadeHorstmanns nominationpublic,
a questionthatchallenge$im to commenton the consequenca$atthe currentturmoil in the
SocialDemocratsleadershiwill have for him.

The lead of the secondtext focuseson Rauss reactionto that turmoil: He will dedicate
himselfto governingof his Bundeslandhow thathis positionin federalpolitics haswealened.
This part of the news item againshaws the classicalstructure: the lead (what Rau plansto
do next), how thattranspired(he said so beforejournalists),followed by one more sentence
of Rau’s opinionsand a backgroundsentence.The news aboutthe new secretaryof stateis
relegatedto thefinal third of the story, andwherethefirst news item connectedrau’s reaction
to thenamingof Horstmanrby a*“Zugleich” (onthe sameoccasion)in this item, thetwo parts
are simply concatenatedThe structureis alsoslightly permutedwith respecto the classical
schema. First comesthe source,Rau, then the news, appointmentof Horstmann,then the
backgroundwhatwill happerto Minteferingwhy did the positionbecomdtree?)

Thereferringexpressionsn bothstoriesshow patternghataretypical for radionens. News
actorstendto beintroducedtogetherwith their function. If they have several functions,jour-
nalists prefer that which is most pertinentto the currentcontext. This explainswhy Rauis
referredto as“Ministerprasident”throughouthefirst story, which startedasa reportaboutan
appointmenhe madein his functionasprime ministerof a Bundeslangwhereasn thesecond
story, heis introducedasvice presidenbf the SocialDemocraticParty (SPD).In thefifth sen-
tenceof thatstory, whenthefocusswitchego theappointmenbf HorstmannRauis referredto
as“D UsseldorfelRegierungschef, leaderof the governmenin Diisseldorfwhere,asall adult
Germansshouldknow, the governmentof North RhineWestphalias located. The definite NP
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is not only a welcomesynorym, it alsohighlightsthe function of JohannefRauthatbecomes
relevantto the story now.

Of thesix pronounghatoccurin the two texts, two arepossessies,andfour personapro-
nouns.Both possessieshave intra-sententialsubjectantecedentsThreeof thefour pronouns
occurin reportedspeechin subjectposition,andreferto the spealer, Rau,whois alsothe main
topic of the story. The last pronoun,which occursat the startof the last sentenceis some-
what moredifficult to resole. It doesnot referto Rau,the old topic, but to Horstmann.The
discourseentity correspondingo Horstmannwasintroducedn the previoussentenceandit is
highlightedby the markedword order(predicatebeforesubject).

The anaphoriadefinitesin thesestoriestendto compressnuchinformationinto the space
of a few words. For example,in both stories,all relevant information about Muntefering,
Horstmanns predecessois pacled into one NP followed by a relative clause. Otherentities
thatareevoked frequently be it directly or indirectly, arethe Ministry of Labout Health,and
Sociallssuedfirst text), andthe SocialDemocratidParty (SPD).In bothcases| did notassign
co-specificatiorsequence$o the mentionsof theseentities,becausenostof thesementions
areindirect. In the secondext, the SPDis mentionedwice aspartof a compoundsentences
1 and6), once,it hasbeenelided (the “MannheimerParteitag” (Mannheimparty corvention,
sentencel, is obviously the party conventionof the SPD),onceit is referredto by the setof
its memberq“die Sozialdemokraten(the SocialDemocats), sentencel), andonly onceasa
party (“der SPD”, sentence8). The sequencef allusionsto the Ministry is even more com-
plex. Firstly, in sentencel, it is evoked by an NP thatrefersto the function of its incumbent,
then,in sentencehree,it is evoked aspartof a compound(“Ressort-"in “Ressortchef head
of department andfinally, in sentencd, it is referredto by anuniquelyidentifying name(that
is, uniquelyidentifying onceyou know thatthe Landwhich is evoked by the compounds the
NRW). Listenershave to know aboutthesemannerismselse, it will be almostimpossibleto
follow thenews.

6.4.3 The Gemayel Text

In this section,| focuson a longer text that hasalreadybeenanalysedfor macrostructural
boundariedy (vanDijk 1985a). The aim of the analysisis to describehow discourseentities
aremaintainedhroughoutiongerstretcheof text, andto determinehow centralthe discourse
entitiesare. Thecompletetext is reproducedn AppendixA.1.

In my analysisof the Gemayeltext, | will firstaddressomeproblemswith identifying re-
ferringexpressionsThen,l concentrat®ntheform of subsequennentionsandfinally, | focus
ontheinterplaybetweerco-specificatiorsequenceandthe superstructuref the discourseas
identifiedby vanDijk (1985a).

Identifying Referring Expressions: Thetext illustratesquite nicely four commonproblems
with assigningeferringexpressionstimes,coordinationspredicatesandidioms.

First, mary dateshave beenlabelledasreferringexpressionsalthoughit is hardto imagine
a continuationthatrefersbackto thesedatesby a personapronoun.In the SortalClasslabels
definedin AppendixC, all of theseNPswould be classifiedas Times, and Timesasa class
rarely getreferredbackto by NPsor pronouns.Regardingcoordinationd followedthe MUC
guidelines(Hirschmanand Chinchor1997): If the coordinatedNPsbelongto co-specification
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1. NeuerMinister fur Arbeit, Gesundheitund Sozialesin Nordrhein-Westilen wird der
SPD-Politiker Horstmannt3

2. Diesteilte MinisterprasidentRauheutein Dusseldorfvor Journalistemmit.4

3. Damit tritt der einundvierzigahrige Horstmann die Nachfolge des bisherigen
RessortchefdMiinteferingan, der dasAmt des SPD-Bundesgeséftsfuhrersiibernom-
menhat!®

4. Deroffizielle Wechselm Landesarbeitsministeriumird nachAngabervon Rauvermut-
lich in dernachstenWochevollzogen?®

5. Zugleichtrat der Ministerptasidentallen SpekulationeriiberseinenmoglichenRiickzug
auf Ratenausder Politik entggen!’

6. Raubekiaftigte, er werdesichauf demnachsterParteitagwiederum dasAmt desSPD-
Landeswrsitzendenn Nordrhein-Westhlenbewverbent®

Figure 6.6. New Secretaryof Statein NorthrhineWestphalianamed. November21, story 5,
13:30

1. Nach dem Fuhrungswechsebei den Sozialdemokratemwill sich der stellvertretende
SPD-\brsitzendeRau auf sein Ministerprasidentenamin Nordrhein-W\stflenkonzen-
trieren?®

2. Rauwies heutein Dusseldorfvor Journalisteralle Spekulationerzuriick, er wolle sich
allmahlichausder Politik zuriickzieher?®

3. Im tibrigenhalteer seineStellungin der SPDnicht fur gefahrdet?!

4. Auf demMannheimerParteitaghatte Rau bei seinerWiederwahl zum stellvertretenden
Vorsitzendenediglich achtzigProzentder Stimmenerhalter??

5. DerDusseldorfeRegierungschefeilte mit, neuern.andesministefiir Arbeit, Gesundheit
und Sozialesverdeder einundvierzigahrigePolitiker Horstmanr??

6. EristdamitNachfolgerdesbisherigerRessortchefdiintefering,derdasAmt desSPD-
Bundesgesaiftsfihrersibernommernat?

Figure 6.7. Rauwill notleave politics. November21, story5, 14:30
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sequencethemselesthey aremarkedasseparateeferringexpressionselse,only thecoordina-
tion itself is marked. Thefirst cases illustratedin paragrapt{14), whereonly the coordination
is marked,the secondn paragrapt{18), whereBegin andDraperaremarked separately

In contrasto themostrecentversionof theMUC guidelined did notlabelpredicatingNPs
asreferringexpressionskFor example,in paragraplfs) theNP “Lebanons president’refersto a
functionthatBashirGemayelkould have held,hadhelivedninemoredays.To methe primary
function of this NP is to predicatea potentialfunction of Gemayel,not to referto oneof the
constitutionallyfixed positionsin Lebanesesociety The NP “a personelectedpresident”in
paragrapl{6) is aborderlinecase:on onereadingit canbe saidto betypeidentifiable,because
it refersto the setof all peoplewho have ever beenelectedpresidenof Lebanon.On the other
reading,it singlesout Gemayelbecausef all president-electsf Lebanonhewasthefirst to
beassassinate®n thatreading the NP predicates new propertyof Gemayel Anothertricky
caseare nominalisedidioms. The collocation“in fear”, paragrapi7), wasnot labelledasa
referringexpression pecauseat appearsighly idiomaticto me. On the otherhand,although
“raised fears” in paragraph(5) is also a highly stereotypicalcollocate,| labelled“fears” as
referring,becausét is the objectof “raise”.

Tracking DiscourseEntities: The co-specificatiorsequencef the story shav a number
of interestingpatterns. Table 6.30 protocolsall sequenceby paragrapmumber The central
entity is clearly BashirGemayelthe assassinateshanhimself,andhis deathandassassination
arerecurringthemeslIn thelastparagraphswvo othercentralentitiessurface:MenachenBegin
andYasselArafat. IsraelandLebanon two countriesalsobecomemoreprominentin the last
paragraphdyut in thesesentenceghey appeaasagentsandpatientsnotaslocations.

Table 6.31 protocolsthe form of referring expressiondor all discourseentitiesthat were
mentionednorethanonce.For eachreferringexpression) determinedts form (pronoundef-
inite, indefinite, propername,other), whethertherewere nominal or adjectval pre-modifiers,
andwhetherprepositionalphraseccurredas post-modifiers.A referringexpressionwasla-
belleddefiniteif eitherthedefinitedetermineror agenitve occurredn determineiposition.

News makerstendto beintroducedwith their full nameandfunction; hencethefive proper
nameswith prenominalmodifiersthat occurasfirst mentions(c.f. Table6.31). The definites
concernevents,suchas Gemayels death,his assassinatiorgndthe news of his death. Some
discourseentitiesonly surface sporadicallyin the text, suchasthe city of Jerusalem.lIt is
only mentionedasthe commandoasefor high-rankinglsraeliofficials. In termsof a statistical
modelthe presencdor rather: the first mention)of ary Israeli official shouldpredicta men-
tion of Jerusalemjust asary mentionof a statemenby anU.S. presidensshouldincreasehe
probability of the White Houseor Washingtonbeing mentioned. Theseprobabilitiesencode
journalisticcorventions.

News actorsare mostly referredbackto by their namesor by pronouns. Four of the ten
anaphorigpronounshave their antecedenin the precedingsentencdrom the sameparagraph,
all othershave intra-sententiaintecedentsin thefirst third of the text, roughly up until para-
graph(6), subsequenmentionsare usedto give new informationaboutimportantnews actors
and locations. For example,we learn aboutGemayelthat he wasthe first president-elecof
Lebanonto be assassinatedhathe wasa Maronite Christian,his age,andhis political affilia-
tion. About Lebanonwe learnthatthe countryis “deeply divided”. Suchanaphoriadefinites
that carry discourse-n& or refreshrelevant hearerold information accountfor most of the
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Class Description No. of paragraph

Person Arafat 19,20,20
Begin 16,16(i), 16(i), 17,18, 18(i)
Draper 17,18
Gemayel 2,4,5,5(i), 5(), 6,9,10,11,11,13,13(i), 14,14, 16,17,20
Wazzan 9,9(i)

Group Israeliforces 1,2,4
Israelimilitary command 2,4

Event G!sassassination 2,4,9,15,16,20
G/sdeath 5,6,9,17
news of G/sdeath 9,15
theblastthatkilled G. 11,12

Object  Gemayels body 11,11(i),12

Location westBeirut 2,4
Israel 8,19,19(i), 20,20
Jerusalem 2,16,17
Lebanon 3,5,5(i), 8,17,18,20,20

Table 6.30. Co-specificatiorsequences the Gemayeltext. For eachentity, all paragraph#n
whichit occursareprotocolled.(i): intra-sententiahntecedent

anaphoricdefinitesin the text. The mostfrequentadjectval pre-modifierin the subsequent
mentionds “criminal”, andit is usedfor describingBashirGemayels assassination.

Relation to NewsSchema: AsvanDijk (1985apage85) remarksthe structureof this story
is notatall linear. Thefirst fifteen paragraphsremainly strungtogetherby the factthatthey
are all somehwv relatedto Gemayels death,while the last five focus on the reactionof two
mainplayersin the Middle East,Begin andArafat. Thefirst six paragraphseporton the latest
eventsandrefreshthe mostimportantbackgroundnformation. Paragraphg7) and(8) areall-
new sentences;ontextual links areweak. They reportconsequencestherthanthe invasionof
Israelitroops. Paragraphg9) and(10) areagainonly heldtogetherby the factthatbothreport
reactionsfrom high-rankingLebaneseooliticians. We briefly regain referentialcontinuity in
paragraphg13) and (14), which reporton relevant aspectof Gemayel$ history, but this is
disruptedagainby paragraph{15), which beginsthe sectionwith verbalreactiondrom outside
Lebanon.Thethreeverbalreactionsarecontrastedy place:in the White House(Reagan) . .,
in Jerusalen{Begin) .. ., in Rome(Arafat).

All in all co-specificatiosequencedo notcontributegreatlyto thecoherencef thetext. Its
coherencés mainly guaranteetdy thefactthatreadersarefamiliarwith thenews superstructure
andtheplaceghatcanbefilled there.
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modifier definite pronoun propername other
first mention none 1 1 4 0
prenominal 1 0 5 1
post-nominal 1 0 0 0
subsequennention none 3 10 29 0
prenominal 6 0 2 5
post-nominal 6 0 0 0

Table 6.31. Formsof referringexpressionsn co-specificatiorsequences

6.5 Summary

In this chaptey| analysedatternsof co-specificationn corporaof (radio) news texts, focusing
on DLF-RE, an excerptfrom the StuttgartRadio News Corpus(Rapp 1998), and WBUR-
LABNEWS, anexcerptfrom the BostonUniversityRadioNews Corpus(Ostendoriet al. 1995).
In contrasto earlierresearclonthesecorpora(e.g.Hirschbeg 1993,RossandOstendorfl996,
Mohler1998,Muller 1998),l exploredto whatextentresultsfrom mediastudiesabouttheform
andcontentof radio news caninform a linguistic analysisof suchtexts. Who getsreferredto
how andwhenin radionews appeardso be not somucha linguistic but rathera sociolinguistic,
even a political issue. The communicatiorsituationin the radio news domainis so complex
thatit is virtually impossibleto classifythe informationin the news text into a dichotomyof
givenversusnew information. Evenwhenrestrictinggivennesgo the givennesf discourse
entities,we facethe problemthatnews “consumers” the typical addresseesf radio news, are
decidedlynothomogeneoud-or the purposeof this study | mind-simulateda politically rather
uninterestegersoncalled“John Doe” and annotatedhe texts accordingto how Johnwould
probablyprocesghem. | hadto make informed(or, beingtrueto my simulation,uninformed)
guessesasto which news makerswould seenfamiliarto him, andwhich oneshewould beable
to uniquelyidentify.

In the analysis,| focusedon the connectionbetweendeterminertype, pronominalisation,
and entity status. Regardingthe choicebetweenpronounandfull NP, entity statusis highly
successful:Mesauressuchas distancefrom last mentioncan explain more than 50% of the
variationin the data. But whenit comesto definite determinersor bare NPs, entity statusis
a lot lesssuccessfulcovering only around20% of the variationfor bareNPs, and lessthan
10% for definites.| concludefrom theseobsenationsthatto make entity statusthe principle
accordingto which languagestructuretheir optionsfor referring,asAriel (1990)does,is at
leastquestionable.This small study hasclearly shovn that other influenceson the form of
referringexpressionsare stronger For radio news, this might be the constraintto crammuch
informationinto little time, which seducegditorsto cramseveralpropositiongin the senseof
vanDijk 1980)into onesinglereferringexpression.

A moredetailedanalysisshowvs thatsuccessfuentity statusvariablescover the two dimen-
sionsproposedoy Chafe(1994),identifiability andactivation. Too muchdetail appeargo be
harmful,astheinvestigationof the very detailedsource-basedchemeproposedn Section5.2
hasshaved. Pronounsareveryrarein corporal lookedat, andin contrasto the patternfound
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in cross-genreorpora,suchasBROWN-COSPEC, mostof thesepronounshave intra-sentential
antecedentefinitesdo not shav ary preferencdor anaphoricityor cataphoricity Their dis-
tribution doesnot appeaito be affectedmuchby the linguistic context. Maybein radio news,
definitedescriptionsaretheunmarled,defaultform of referringexpressionsindefinitesonthe
otherhand,almostexclusively occurasfirst mentions.But in contrasto whatis claimedin the
literature(e.g. in the processingnstructionsof Givon (1992,1995a)),mostof the discourse
entitiesthatareintroducedby indefinitesarenever mentionedagain.

A detailed,qualitative analysisof four Germanradio news text anda brief journal article
provided further insightsinto how referring expressiongeflect entity status. In the German
texts, referringexpressionsare carefully chosemot only to specifya discourseentity, but also
to evoke the script that the addresse@eedsin orderto processhe information corveyed in
the news item. In otherwords, the referring expressionsot only specify discourseentities,
they alsosetthe scenefor them. Whenthe underlyingstory hasbeenrunningfor a while, the
definitereferringexpressionsendto exploit intertextual relationsbetweemewsitemsthathave
precededhem. Theanalysisof thenewspapeagrticleabouttheassassinatioof BashirGemayel
shaws that, at leastin somegenresyeferringexpressionsarenot asimportantfor establishing
textual coherenceaslinguistic theorieswould lik e to suggestsWith this brief news report, its
coherenceomesmainly form the factthatit adheredo familiar patternsof news presentation;
referringexpressionsareusedto highlightrelevantaspect®f the personghataretalked about.
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In the previous chapter | have amguedthatif we wantto examinelinguistic correlatesof en-
tity statusin a large-scalecorpusstudy we should measureentity statuson the basisof co-
specificatiorsequencedn thischapter| putthesimpledistancemeasuralefinedonpagel11f.
to the testin a detailedstatisticalcross-genretudy of pronominalisatiorpatternsin standard
AmericanEnglish. The pronominalisatiortask canbe definedby a simplequestion:Iin which
contects shouldwe usea pronounto mentiona discourseentity? This taskis an important
subtaskof themorecomplex taskof generatingeferringexpressions.

This chapteris structuredasfollows. In Section7.1, 1 discussinfluenceson pronominal-
isation. Many of theseinfluencesare very difficult to measuresuchaspersonailstyle, others
arestraightforvard, suchasagreementSevenfactorsareidentifiedthatcanbe annotatedeli-
ably: agreementsortalclass,form of the antecedentsyntacticfunction, syntacticfunction of
theantecedenthumberof competingantecedentgnddistanceo lastmention. The corpuswe
will usehere,BROWN-COSPEC, is describedn AppendixC. In Section7.2,| examinewhether
thesefactorscanbe usedto predictwhetherareferringexpressiorshouldbe pronominaliseabr
not. In particular we areinterestedn factorsthat performwell acrossgenres.First, logistic
regressions usedto systematicallytestthe predictve power of the factors(Section7.2.1). A
preliminaryversionof this sectionhasbeenpublishedas (StrubeandWolters 2000). We also
examinewhetherthe predictve power of the factorsis robust with respectto genre(Section
7.2.2). Next, in Section7.3 1 examinehow thesefactorsfarewhenotherapproacheareused
to learnthe pronominalisatiortask. Two approachesre compared:automaticrule induction
and exemplarbasedlearning. Finally, in Section7.4 | discussthe resultsof this chapterin
the context of previous researchon generatingreferring expressionsand point out potential
applications.

7.1 Influenceson Pronominalisation

Theinfluencediagramin Fig. 7.1 shavs how linguistic and extralinguisticfactorsinteractin
the choiceof linguistic forms.

In this figure,“Genre” standdor all constraintsvhich comefrom corventionsimposedby
adiscoursecommunityfor thediscourseurposeof atext. Examplesof genresarelettersto the
editor, academiaesearcharticles,or law texts. However, assoonaswe apply this definition
to standardepresentatie corporasuchasthe Brown corpusor oneof its mirror corporasuch
asthe LancasteiOslo-Begencorpusof British English (Johanssomrt al. 1986),we run into
trouble, becausdhe catgyoriesthat were usedfor samplingthe texts are a jolly mixture of
genressub-genresanddomains(Lee submitted). A surwey of the literatureshows thatthere
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aretwo alternatves: eitherre-classifythe completecorpus,as(Kessley Nunbeg and Schitze
1997) have done, or make do with the existing cateyories. For our purposesve chosethe
secondalternatve, becausét doesnotrequireusto designa schemedor determiningthegenre
of arbitrary written English discourse which is what Lee (submitted)endedup doing, and
becaus¢heresultsareeasyto replicateby others.Thetextswe chosearefully documenteénd
describedn AppendixC, wherel alsodiscusghe Genrevariablein moredetail.

“Content” standsfor constraintamposedby the content. Domain-specificommunication
cornventionsare alreadycoveredunderthe headingof “Genre”; whatl meanhereis thatthere
arepreferredwaysof talking aboutpeople events,situations statesgetc. For example,humans
tendto be mentionedas subjectagentswhile situationsrarely, if ever, take the agentrole, in
particularif thewriter is notin amoodfor metaphor

“Style” standdor the style of writing. Individual style leavesclearmarkson a level aslow
asthe frequeng of functionwords(MostellerandWallace1964,Holmes1994). In their data,
Henschelet al. (2000)found a constraintthey call repetitionblocking: Never usea pronoun
two sentences arow to referto the samediscourseentity. To me,this appeargo beagenre-
specificstylistic constraint.Both in newspapeicopy andin the pedagogicatiescriptionsof the
MUSE corpus,it is importantto get muchinformationacrossefficiently, andnew information
aboutadiscourseentity canbe smuggledjuitewell into ananaphoridefiniteNP. Thisway, the
writer avoidsafull tensedclause.If we areto believe textbook writers suchas Schneideand
Raue(1998),computershouldnot necessarilypetaughtto mimic this questionablédehaiour.

“Formal Constraints™are constraintdmposedby grammay while “Structural Constraints”
areimposedby text structure,suchas co-specificatiorsequencesjiscoursesegmentbound-
aries,andrelationsbetweenthosediscoursesggments. Although the discourseentitiesthem-
selvesandtheirsemantigropertiedelongto thedomainof contenttheir statusn thediscourse
is astructuralconstraint Exampledor theeffectsof theseconstraintiave beengivenin Chap-
ter4.

Whetherthe reasondor usinga pronouninsteadof a full NP arethe samefor eachgenre,
thatstill appeardo be anopenquestion.We know thattherearelarge differencesn the distri-
bution of pronounsversusfull NPsacrosgyenres.Table7.6 demonstratethis for the BROWN-
CosPec-corpus,andBiber (1992)obtainedsimilar resultson his corpusof spolenandwritten
British English.Fox (1987)took this obsenationonestepfurther. Shearguedthatthe pronoun
resolutionstratgiesof areadediffer somavhatfrom thoseof alistener Toole(1996)examined
the distribution of referringexpressionsn four differentgenressciencefiction, book reviews,
informal corversationsand currentaffairs intervievs. Sheconcludeghat the distribution of
referringexpressionsn all four genresfollows the predictionsof Ariel’s (1990) Accessibility
Theory but this is difficult to verify, sincehertablesonly relateto the completecorpus,never
to singlegenres.

In this study we examinewhetherwe can“explain avay” the genredifferencesf we feed
our pronominalisatioralgorithmswith the right features featuresthat can explain why one
genrecontainsmore pronounsthanthe other For example,supposeve have a genreA that
hasmary pronounspf which mostarefirst- andsecond-persopronounsanda genreB with
the sameamountof third-personpronouns,but with no first- or secondpersonones. This
differencecanbe explainedby an Agreemenfeaturethatcoversnumber Whetherwe canfind
suchasetof factorsthatpredictspronominalisationndependentf genre thatwill bea central
guestionin the researchreportedin this chapter The following Section7.1.1 describesand
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Formal/Structural
Constraints

Figure 7.1. Constraintson the choice of linguistic forms. We are mainly interestedin the
dependenciesignalledby arrowvs with filled heads.

motivatesthe factorsthat were usedin our experiments,and Sections7.1.2and7.1.3present
somepreliminaryguantitatve dataaboutthe distribution of thesefactorsandtheir connection
to pronominalisation.

7.1.1 The Factors

We will model selectedconstraintsby threetypesof factorshere,which are summarisedn
Table7.2:

formal constraints that comefrom the agreemenvalue of the referringexpression(AGREE)
andits syntacticfunctionin the sentencét occursin (SyN). Thepossiblevaluesof these
featuresarediscussedn detailin sectionC.1.

contentconstraints that comefrom the semanticof the discourseentity. AGREE is already
somesort of a contentfactor becausehird personmasculineand feminine pronouns
arealmostalwaysusedfor personsWe supplementethisfactorby sortalclass(CLASS),
which hasbeenshavn to berelevantfor pronominalisationandcanbeannotatedeliably.
In particular we wantedto explore distinctionsbeyond the familiar [+ animate]on the
basisof a more detailedontology The sortal classannotationsare discussedn more
detailin AppendixC. | reproducehe annotatiormanualfor the sortalclassannotations
in AppendixC.2.

structural constraints that comefrom the position of a discourseentity in a co-specification
sequenceThesefactorsare: distanceto lastmention(D1sT), the numberof competing
antecedent€CoOMPANTE), parallelism(PAR), form of theantecedenfFORMANTE), and
syntacticfunctionof theanteceden{SYNANTE).

PAR is definedonthebasisof syntacticfunction: areferringexpressiorandits antecedent
areparallelif they havethesamesyntacticfunction. COMPANTE is definedasthenumber
of all discourseentitieswith the sameagreementeatureshatoccurin the previous unit
or in the sameunit beforethe currentreferring expression. For DiIST, we replacedthe
continuousprdinalmeasurealiscussedn Section5.3 by a categyorical variablewith four
possiblevalues,which aregivenin Table7.1. This new variableallows usto cover both
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-1 first mention

0 antecedenn sameMCU

1 antecedenin previousMCU

2 antecedenmorethanoneMCU ago

Table 7.1. Valuesof thevariableDiIsT

NP level
AGREE Agreementn persongenderandnumber
Values: 1sg.,1pl,2sg.,2pl., 3sg.masc.3sg.fem.,3 sg.neut.,3 pl.
SYN Syntacticfunction
Values: subject,object,PPadjunct,other
CLASS SortalClass
Values: seeTableC.2
Co-specificationlevel
SYNANTE  Syntacticfunctionof antecedent
Values: first mention,deadendsubject,object,PPadjunct,other
FORMANTE Formof theantecedent
Values: first mention,deadendpronoun possessie pronoun,demonstratie pronoun,
definiteNP, indefinite(with bareNP), propername
DisT Distancefrom lastmention
Values: no antecedenin discourseantecedenin sameMCU,
antecedenin previousMCU, antecedengarlier
PAR Parallelism
Values: occurswith samesyntacticfunctionin previoussentenceyes/ no
COMPANTE ambiguity
Value: numberof competingdiscourseentities

Table 7.2. Overview of factors.All factorsarecategorical, COMPANTE is ordinal.

first mentionsand subsequenimentions,whereasthe ordinal measurewas only well-
definedfor subsequentnentions.The Major ClauseUnit (MCU) is definedin Definition
5.7,pagelll.

Thefactorswereselectedn the basisof threecriteria:

1. they canbederivedfrom existing annotations

2. they canbe annotatedeliably

3. they canbeannotatedjuickly - the moredetailedthe analysisthe slower will theanno-

tatorsbe

The secondcriterion was the reasonwhy we did not annotategenericity countability or
thematicroles. PoesioHenschel HitzemanandKibble (1999)have shavn thatit is very dif-
ficult to designannotationmanualswhich allow to annotatehesefeaturesreliably. Thematic
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rolesarealsoeliminatedby thethird criterion. All linguiststhatgive principleddefinitionsof
thematicroles (Dik 1989, Halliday 1994, Jaclendof 1992)basethesedefinitionson eithera
classificationof the main verb (Dik, Halliday), or on a decompositiorof the main verb into
semantigprimitives(Jaclkendof). A principledanalysisof thematicroleswould thereforere-
guire a deepand carefulanalysisof eachproposition. It alsointroducesanotherconfounding
factor: not only canannotatorslisagreeon thematicroles, they canalsodisagreeon the verb
classifications.

Although the way in which discourseis structuredinfluencespronominalisatiorn(seee.g.
Fox 1987, Wiebe 1991, Wiebe 1994, Kibrik 1996), we will not investigatetheseinfluences
here. Thereare severalreasondor this. First beforewe canstudyhow hierarchicalstructure
affectspronominalisationbeit temporal,intentional,or attentionalwe first needto investigate
thelinearbasecasethoroughly SecondBROWN-COSPEC hashot beenannotategroperlyfor
discoursestructureyet, andto devise anannotatiorschemendimplementsuitableannotation
toolswould soonhave led beyondthe scopeof this thesis.We could have simply estimatedlis-
coursesggmentboundarie®y paragraphboundariesFor example,Zadrozty andJenserf1991)
treatparagraphsisbuilding blocksof discoursecoherentunits on the basisof which a formal
discoursesemanticsanbe specified.But the resultspresentedn Table7.10demonstrat¢hat
the pictureis not asstraightforvard assomeof the literatureseemdo suggest.Sincetherela-
tion of paragraph$o morecornventionallinguistic notionsof discoursestructureis in factquite
complex (Chafe1994),1 preferto leave a studyof paragraph$o a dedicatedstudyof discourse
structurewhereparagrapharecomparedvith otherapproacheso discoursestructure.

The aspectf discoursestructurethat are relevant for pronominalisationrmay vary from
genreto genre,just asFox (1987)assumedn her study For somegenressuchasnarratve,
temporalrelationshipamay be relevant, for others,suchaspolice reports,formulaic building-
blocks. Toole (1996)arguesthatfor the purpose®f analysisjt is crucialto usethe sameunits
for all genresFor herstudy shechoosegropositionsandepisodessanalysisunits,following
(Tomlin 1987a). Since her units are cognitively motivated,they do not dependas much on
syntacticcriteriaasour MCUs. Ontheotherhand thepropertieof spolenandwrittenvarieties
of alanguagecandiffer quite drastically andfor somedata,suchascornversationsye clearly
needothermethodsof analysighanfor e.g.legaldocumentsFox adaptederanalysismethods
to thetexts sheworkedon. This may make comparisondetweergenresmoredifficult, but her
resultsarenonethelessalid.

Sincewe rely on co-specificatiorsequencewith identity links to determineghe antecedent
for apronoun therearesereralinterestingypesof pronounsve cannotcover: discourse-deictic
pronounsandplural pronounghatco-specifywith two non-coordinatediscourseentries.For-
tunately thesepronounsare relatively rarein our data. We also do not distinguishbetween
personabnddemonstratie pronounsbecaus@lemonstraties,again,arecomparatrely rarein
our corpus. All three,demonstraties, discourse-deictipronouns,and plural pronouns,are
still hotly debatedesearchopics. More andmoreresearcherpresentcorpus-base@ork on
demonstraties (e.g. Botley 1996, Byron 1999) and discoursedeixis (e.g. Eckert and Strube
to appearEckert and Strube1999). We expectthatwe canintegratethesepronounsn future
versionsof BROWN-COSPEC.

The Brown corpuswas chosenas the basisfor our work becauset is arguably the best
studiedcorpusof American Englishthereis. Numerousquantitatve linguistic resultshave
beenpublishedon it, anddueto numerougevisions,its annotationarestableandreliable. We
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Code Description

CF PopularLore non-fiction,narratve or agumentatre
CG BellesLetters,Biographies non-fiction,agumentatie / expository
ck GeneraFiction fiction, narratve
CL MysteryFiction fiction, narratve

Table 7.3. Thegenresn BROWN-COSPEC

Genre #discourse #seq. % full NPs % pronouns

entities total first second third
CF 1223 125 80.4% 19.6h 1.4% 0.1% 18.1%
CG 1290 120 84.8% 16.2% 9.1% 0.2% 6.9%
CK 1071 113 63.8% 36.2% 8.1% 0.4% 27.™%
CL 954 170 64.4% 35.64 5.3% 2.4% 27.8%

Table 7.4. Frequeng of pronounsn genres#sed:numberof co-specificatiorsequencesAll
percentagebasedon thetotal numberof referringexpressions.

did notincludedialoguein this studybecausat is not clearhow the units for the analysisof
spolenlanguageshouldbe defined;eventhe MCUs (Definition 5.7, Section5.3) that we will
useherefor written languagerepresena compromisebetweensyntacticconstraintssemantic
structureandeaseof annotationandotherunit definitionsclearly needto beinvestigated.

The genredefinitionsaretaken directly from the Brown corpuscatejories. They aresum-
marisedagainin Table 7.3 for corvenience. Although, as we have seen,they have several
disadwantagesthe cateyoriesthatwe selectedarerelatively homogeneousxceptfor cr. Both
CF andca containmarkedly fewer pronounghanck andcL. Thesurprisinglyhigh percentage
of 16.2% for cG is mostly dueto thefirst personpronounsin the expositorytexts (c.f. Table
7.4).1n all othergenresmostpronounsarein thethird person.

In thefollowing two subsectiond, will reportsomepreliminaryquantitatve analyse®f the
factorsdefinedin the precedingsectionwhich shouldhelp us interpretthe resultsin Sections
7.2and7.3. First,in Section7.1.2,we will describethedistribution of referringexpressionsn
BROWN-CosPEC. Then,we will examinetherelationshipbetweeneachof the valuesof these
factorsandPRroO in moredetailin Section7.1.3.

7.1.2 Distances Definites,and Pronouns

Table7.6 shavsthatthedistribution of referringexpressionyarieswidely, evenwithin genres.
For example,texts ck25 andck 29 have the smallestnumberof sequences the corpus,but
thisis dueto thefactthateachof thesetexts hastwo mainactorswhich arementionedn most
sentences.

The texts from the two narratve genres,ck and cL, have fewer discourseentitiesthan
the others,but thereare moreandlongerco-specificatiorsequenceandhencemorereferring
expressions. Although the mediansequencédength doesnot vary greatly betweentexts and
genres,the maximumsequencdength does. A more detailedinspectionof co-specification



180

7 Pronominalisation

Genre Text #entities #sequences % entities sequencéength
in sequences median maximum
CF 1226 128 10.44% 3 73
19 472 44 9.3%% 2 11
27 441 41 9.30% 2 5
31 313 43 13.74% 4 73
CcG 1290 120 9.30% 2 67
2 433 41 9.47% 2 16
11 410 51 12.44% 2 32
35 447 28 6.26% 3 67
CK 1081 123 11.38% 2 123
5 314 59 18.7%% 2 96
25 398 29 7.2% 2 109
29 369 35 9.4%% 2 127
CL 851 166 19.51% 3 175
4 292 51 17.4%% 3 89
6 247 49 19.84% 3 175
22 312 66 21.1%% 2.5 67
all 4448 537 12.07% 3 175

Table 7.5. Distribution of DiscourseEntities
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Genre Text #ref. expr. % definites % indefinites % pronouns % 3rd person
sg.n. sg.m./f.  pl
CF 1725 22.50 47.83 19.59 2.96 7.65 1.68
19 602 24.58 54.65 16.61 2.66 3.99 1.50
27 506 24.51 55.14 13.83 5.93 1.38 2.57
31 617 18.80 35.17 27.23 0.81 16.37 1.13
CG 1707 23.78 56.12 16.17 2.28 0.35 1.29
2 544 31.99 57.17 7.35 3.31 0.18 0.37
11 570 20.18 55.61 21.75 2.63 0.88 2.46
35 593 19.73 55.65 18.89 1.01 0.00 1.01
CK 1848 17.05 38.91 36.15 4.33 13.58 1.68
5 593 20.07 31.03 36.93 8.26 17.88 2.53
25 624 15.87 43.91 3590 3.21 18.75 1.60
29 631 15.37 41.36 35.66 1.74 4.44 0.95
CL 1846 22.05 32.94 35.64 4.93 13.76 3.20
4 587 25.04 31.18 35.26 3.92 17.72 3.92
6 625 25.28 28.48 38.08 6.08 19.84 1.60
22 634 16.09 38.96 33.60 4.73 4.10 4.10
all 7126 21.27 43.64 27.22 3.67 9.02 1.98

Table 7.6. Distribution of forms of referringexpressionsn BROWN-COSPEC. All percentages
arebasedn thetotal numberof referringexpressionsThe percentagef pronounds basedn
both personabndpossessie pronouns.
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Genre % first mentionsas. . .
total deadendnly trackingonly
def. in./bare pro. def. in./bare pro. def. in./bare pro.
CF 25.94 64.27 2.60 25.77 65.57 2.10 27.34 53.13 6.25
CG 26,51 68.06 1.01 2590 69.32 0.60 32.50 55.83 5.00
CK 23.68 63.27 4.26 23.28 65.45 3.97 26.83 46.34 6.50
CL 29.26 61.22 2.35 27.34 66.23 1.32 37.13 40.72 6.87

all 29.26 6455 250 2547 66.78 2.00 31.41 48.32 6.13

Table 7.7. Formsof first mentionsn BROWN-COSPEC. Pronounpercentagegseferto personal
pronouns.

Genre % occurassubsequennentions

def. in./bare pro.
CF 18.04 4.48 86.15
CG 15.76 8.35 92.07
CK 18.73 4.87 90.36
CL 38.82 14.31 96.21
all 23.15 7.68 92.07

Table 7.8. Form of subsequenmnentionsin the BROWN-COSPEC-cOrpus

sequencdengthsshaows that narratve texts do not just have more sequenceghey have more
long sequencesThis explainswhy we find morepronounsandlessindefinites/ bareNPsin ck
andcLthanin cF andca.

Definites: As Table7.8 shavs, mostdefinitesarefirst mentions.This confirmsthe resultsof
e.g. Fraurud(1990). IndefinitesandbareNPsappearto specialisdan first mentions.They are
especiallyfrequentacrossgenresfor first mentionsof discourseentitiesthat are not accessed
again,so-calleddeadendentities(c.f. Table 7.7). This might be dueto a tendeng that we
have alreadyobsened in the Gemayeltext, Section6.4.3: Importantentitiesthat are new to
thediscoursareintroducedby definite NPswhich containenoughinformationto build a new,
uniquelyidentifiablerepresentatiofor thatentity.

Now that we have someideaof the contexts in which non-anaphoridefinitestendto be
used,let us turn to anaphoricdefinites. According to Table 7.8, pronounsare the default
anaphoriaeferringexpressionsTables7.9 and7.11suggesthatdefinite NPsareusedinstead
of pronounaundertwo circumstances:

1. The antecedenbccursmorethanoneunit ago. This holdsfor 68.67 of all anaphoric
definites.

2. The next mentionwill occurin the next MCU. This holdsfor 48.47% of all anaphoric
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Genre Dist. 0 Dist. 1 Dist. > 1
total % realisedas. .. total % realisedas. .. total % realisedas. ..

def. in./bare  pro def. in./bare  pro def. in./bare  pro

CF 11.94 6.80 0.97 88.83 9.68 14.37 9.58 59.28 7.30 25.40 15.08 15.87

CG 8.08 5.07 5.80 88.41 8.26 12.77 23.4 5957 8.08 2826 28.26 35.51

CK 16.45 0.99 230 94.74 1553 2.79 3.14 89.20 9.52 27.27 10.80 41.48

CL 14.46 3.00 4,12 89.89 18.47 8.21 5.28 79.47 20.97 3152 14.99 32.30

all 12.84 3.50 3.06 91.04 13.14 8.33 8.12 75.85 11.61 29.14 16.32 32.29

Table 7.9. Distanceto last mentionvs. form of referring expressiondan BROWN-COSPEC.
Percentagef mentionsatdistance®,1, > 1 realisedasdefinites,indefinites,pronouns.

definites. The tendenyg is even more marked for indefinites,againincluding bareNPs
(67.8%%).

The strengthof thesepatterndiffersfrom genreto genre.The texts from cF andcG showv
markedly more anaphoricdefinitesthanthosefrom ck andcL. The mediandistanceto last
mentionalsovariesgreatly It is highestfor the two narratve genreswhich alsohave more
pronounsvhosedistancerom their antecedenis greatethan1 MCU. This effectcouldbedue
to thefirst-persorandthird-persomarratorsn the narratve texts.

In the experimentalliterature,researcherbave found thatanaphoriadefinitescuesthe be-
ginning of a new episode(Vonk et al. 1992). This predictionis not quite borneout by the
corpus. For eachparagraphn thetexts, | determinedvhethertherewasa referencebackto a
discourseentity in the precedingsentenceandif so, whetherit wasrealisedby a pronounor
not. Theresultsaresummarisedn Table7.10. In fact, the only text wherethis hypothesiss
confirmedis cr31. In all othertexts thereareeitherno cross-paragrapantecedents thefirst
sentencesf paragrapher thesearerealisedby a pronoun.But if we examinethesepronouns
closer we find that mary referto the main actorof a long discoursesggmentstretchingover
the completeor atleasthalf thetext. Alternatively, the pronouncanbe afirst-persomarrators
“I". Finally, in text cG35, the speechthatpronounis oftena“we” which refersto “the Amer-
ican nation”. In the text wherewe seethe expectedbehaiour, cF31, the authordiscusseshe
behaior of severalpeoplein turn. Onthe basisof theseresultsl would venturethe hypothesis
that anaphoricdefinitesare more likely to be usedepisode-initiallyif the protagonistof the
discoursesggmentschangdrequently

Pronouns: Mostof the subsequententionsin the corpusarepronouns—acrosgenres.As
the distanceto the last mentionincreasesthe tendeng to pronominalisedecreasesapidly.
The distribution of pronounsover distanceshows a sharpfall, especiallyin comparisorwith
the more gentleslopeof definites(c.f. Figure 7.2). Although the distributions of definites,
indefinites,and pronounshave the samemode, 1, their mediansdiffer markedly (c.f. Table
7.11). Pronoungendto have their antecedenin the sameclause.But if they arethemseles
antecedendf areferringexpressionthatexpressiortendsto occurin thenext clause.
Pronounspredominatef the antecedents in the sameunit. This default wealensif the
antecedenis in the previous unit, andit wealensevenmorefor the non-narratre genreshan
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Genre CF CG CK CL

Text 19 27 31 2 11 35 5 25 29 4 6 22
# paragraphs 15 12 26 13 10 39 46 5 14 45 29 13
cross-paragrapantecedents 4 0 14 1 3 21 12 4 13 21 14 5
pronominal 1 0 2 O 3 16 12 4 12 18 13 5

Table 7.10. Form of referringexpressionsvith cross-paragrapantecedentd-or eachtext, the
table givesthe numberof initial sentencesvherereferring expressionshave cross-paragraph
antecedentésecondine) andthe numberof thesereferringexpressiongealisedaspronouns

Genre mediandistanceo . . .
lastmention next mention
def. indef. pronoun def. indef. pronoun
CF 1 2 0 1 1 1
CG 2 1 1 2 1 1
CK 7 2 1 1 1 1
CL 5 4 1 3 1 1

Table 7.11. Mediandistanceo lastandto next mention.

for thetwo narratve ones. The surprisinglylarge numberof “long-distance’pronounswith a
distanceto the last mentionof morethan 2 units hasseveral causes:First first- and second-
persondiscourseentitiesare always referredto pronominally no matterhow long they have
not beenmentioned. Second,in all texts wherelong co-specificatiorsequence®sccur the
associate@ntitiesarethe main protagonist(spf the story. Moreover, the storyis told through
the eyesof oneof theseprotagonists Suchsequenceaccountfor mostof the pronounsn the
corpus,andfor mary long-distancepronounsaswell. Thefirst-mentionpronounsare mostly
first- andsecondoersonpronounsa smallnumberhasa clause-lgel antecedent.

7.1.3 Influence of Isolated Factors on Pronominalisation

After we have examinedthe distribution of referring expressionsn our corpus,let us now
reformulatehefactorswe will work with asrandomvariabledn thisandthefollowing sections,
thefactorsSYNANTE, SYN, FORMANTE, PAR, CLASS, DIST and AGREE, whosevaluesare
discretecatagories,will be modelledasa polytomouscateyorical variable,while COMPANTE
is an ordinal variable. Pronominalisatioris coveredby the variable PrRo. It canhave two
values:PrRO, which standdor theeventthatareferringexpressions realisedasa pronoun,and
NP, which standgfor the eventthata referringexpressions realisedasa full NP. Whatis the
distribution of this variable,our targetvariable?Is it closeenoughto the binomial distribution
to justify theuseof logistic regression?

In orderto examinethe distribution of the randomvariablePrRo, 1000randomsamplesof
100 referring expressionseachwere dravn from the corpus(with replacement)andin each
samplethenumberof pronounsvascounted.Figure7.3shavsthedistribution of thesecounts.
The meannumberof pronounsn thoserandomsampless 27.29~ 27, the variancethat was
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completecorpus Genres
CF CG CK CL
empiricalmeanz 27.29 19.91 16.11 36.22 35.31
empiricalvariances? 21.00 16.55 13.75 23.70 23.33
estimatedrariances? 19.84 15.94 13.52 23.10 22.84
&/ g? 1.06 1.04 102 1.03 1.02

Table 7.12. Mean,variance anddispersiorof PRO.

estimatedrom thedatais 21.00.Thecorrespondingneansandvariancegor eachof thegenres
isshavnin Table7.12.

Thebinomialdistributionis thestandardnodelfor binaryvariablessuchasPro. In termsof
thebinomialmodel(c.f. AppendixB.2), we countall pronounsassuccessesndall full NPsas
misses.ppro (or p, for short)is the probabilitythata referringexpressiorwill berealisedasa
pronoun.For asamplesizeof 100referringexpressionsthedatayieldsanestimateof p=0.2691.
Thecorrespondindpinomialdistributionis plottedoverthehistogramin Fig. 7.3. Theempirical
distribution is somavhatbroaderthanthe theoreticalone,andthe countsaroundthe meanare
muchmorelik ely to occurthanthe binomial distribution would predict. The differencein the
peaksof the two distributionsmay be dueto the small numberof sampleshat were usedto
estimatehe empiricaldistribution. Many pronouncountswhich areaccommodateah thetails
of thatdistribution are extremelyunlikely to occur The variancethatwasmeasuredrom the
dataalsotendsto be a little larger thanthe variancewe would expectfrom a pronominally
distributed variable. But the ratio of thesetwo variancess alwayscloseto 1, asTable7.12
shavs — not enoughto claim that PRO is seriouslyover- or underdispersed.All in all, the
binomialdistribution fits PRO remarkablywell, thereforewe cansafelyuselogistic regression,
which assumeshatthetargetvariable,in our casePrRoO, hasjust sucha binomialdistribution.

Next, we examinethe relationshipbetweereachof thefactorsandPro. Table7.9 demon-
strateclearlythatdistancealonecannotaccountfor all occurrencesf pronounsn our corpus,
althoughtherearestrongdefaults: Almostall intra-sententiahnaphoran the BROWN-COSPEC-
corpusare pronouns,and mostinter-sententialanaphorawith the antecedenin the previous
clauseare pronominalisedaswell. From a theoreticalpoint of view, this is not surprising.
First, therewill always be contexts whereboth pronounsandfull NPsare equally adequate,
andwherethe choicebetweerthe two optionsis essentiallystylistic. Secondaswe have seen
in Chapter4, thereare mary factorsapartfrom distancewhich influencehow pronounsare
interpreted—thesyntacticstructureof the sentencethe discoursestructureof the text, the se-
manticstructureof the propositiondgn which thereferringexpressions used,andsoforth.

For the ordinal COMPANTE variable,the Kruskal-Wallis testwasused,andthe y2-testfor
the other nominal,variables.We found statisticallysignificantassociation®etweenPro and
eachof thesevenfactors.Theseassociationhold bothfor all referringexpressionandfor those
thatoccurin sequencesf co-specifyingreferringexpressionsAll of thetestsweresignificant
atthep<0.001-level, with theexceptionof PAR: for expressionshatarepartof co-specification
sequencetheeffect of thatfactoris not significant.

For eachfactor we determinedvhethersomevaluesare bettercuesto pronominalisation
thanothers. Thetestwe usedis basedon the factthat PRO hasa binomial distribution. P(pro
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> x;n,p) givesthe probability that x or more referring expressionsare pronominalisedn a
sampleof sizen if the “true” probability of finding a pronounin the populationfrom which
the samplewasdravn is p. In our case,n is the numberof referringexpressiorwherefactor
X hasvaluew, andp is the relative frequeng of pronounsin the populationfrom which we
drawv our samplesIf P(pro> z;n,p) < 0.001,thenareferringexpressions significantlymore
likely to berealisedasa pronounif X = v». Theratherstrict significanceevel of 0.001was
choserbecauseve conductmary tests,andwith alessstrict significancdevel, chancesarethat
sometestswill give spuriousresults. We usedthreebasedatasets: the completedataset,all
referringexpressionsn co-specificatiorsequencegndall third persorreferringexpressionsn
sequences.
Theresultscanbe summarisedsfollows:

AGREE: NPsreferringto the first and secondpersonare always pronominalised;Third per
son masculineor feminine NPs, which canrefer to persons,are pronominalisednore
frequentlythanthird persomeuterandthird personplural.

DisT: Pronounsarestronglypreferredf thedistanceo theantecedent 0 or 1 MCUs.

SYN,SYNANTE,PAR: Referringexpressionsare morelikely to be pronominalisedn subject
position than as a PP adjunct, and referring expressionswith adjunctsas antecedents
are also pronominalisedessoften thanthosewith antecedents subjector objectpo-
sition. Pronounsare preferredas possessie determinersandreferringexpressionghat
co-specifywith anantecedenpossessie pronounarehighly likely to be pronominalised.
We alsonoticestronggenre-independemtffectsof parallelism.

CoMPANTE: COMPANTE hasa significanteffect aswell: the medianambiguityfor nounsis
3, themedianambiguityfor pronound). Closerinspectiorrevealsthatthisis mainly due
to first andsecondpersonandthird persomrmasculineandfemininepronouns.

The sortal classesshov a numberof interestingpatterns(c.f. Table 7.14). Not only do
the classediffer in the percentagef deadendkntities, thereare also marked differencesn
pronominalisability Thereappeato bethreegroupsof sortalclasses:

1. Person/Gpoup or [+animate],with the lowestrate of deadendentities and the highest
percentagef pronouns. This is not only dueto the first and secondpersonpersonal
pronouns.

2. Location/PhysicalObjector [-animate,-abstractlyith roughly two thirds of all entities
notin sequenceandasignificantlylower pronominalisatiomate.

3. Concept/Action/Event/Bperty/State/Concepr [+abstract] with over 80% deadendn-
tities. Within this group,Action,Event,andConceptarepronominalisednorefrequently
than Stateand Property. Time is the leastfrequentlypronominalisectlass. An impor-
tantreasonfor the differencebetweenLocationand Time, which are both propertiesof
situations,might be that Timesare almostalwaysreferredbackto by temporaladwerbs,
while locations,especiallytowns and countries,canbe accessedia third personneuter
personapronounsaswell asspatialadwerbs.
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SYN all CF CG CK CcL
subject 42.61 37.32 32.58 59.58 40.40
PPadjunct 486 2.84 2.19 13.30 12.56
object 14.40 9.80 6.37 23.00 24.69
other 31.12 32.36 35.19 29.31 29.19
SYNANTE all CF CG CK CL
subject 72.60 72.31 70.27 87.93 66.10
PPadjunct 32.86 32.50 23.08 45.45 38.46
object 66.01 56.36 60.00 71.95 72.22
other 70.90 57.38 77.48 78.08 58.11
FORMANTE all CF CG CK CL
definiteNP 31.89 43.37 24.36 46.97 23.64

indefiniteNP 50.12 61.05 35.34 66.25 45.45
personapronoun 85.44 73.08 93.39 90.29 83.52
pOSSessie pro. 83.48 67.95 89.65 86.31 85.22
propername 47.51 46.51 18.18 58.62 45.28

Table 7.13. Pronourfrequenciegor all valuesof syntacticfunction(Sy N), syntactidunctionof
theanteceden{SYNANTE), andform of the antecedenfFORMANTE). italics: not significant
atp<0.01
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Class Person Group [+anim] PhysObj Loc [-anim,-abs]
% deadend 17.28 46.09 20.86 65.46 63.25 34.90
% pronouns 63.39 28.41 59.04 10.17 5.65 9.42
% pron.in sequences 79.42 60.93 78.01 38.89 20.78 35.56
Class Event Action State Prop. Concept Time [+abs]
% deadend 88.00 84.10 87.78 88.52 79.93 92.93 84.07
% pronouns 6.00 6.16 3.22 2.46 6.89 0.32 5.28
% pron.in sequences 60.00 45.28 39.13 42.86 42,01 7.14 41.30

Table 7.14. Pronominalisatiorof discourseentitiesfrom differentsortalclasses.% deadend
and% pronounsaregivenrelative to the total numberof discourseentitiesin a class,the last
row is relative to all non-firstmentionsof discourseentitiesfrom a class.Bold: no significant
deviation from meanpercentagever all sortalclassestp<0.01

Overall,the[+ animatedistinctionthattheliteraturehasbeenfocusingonindeedappearso
bethe mostimportantone.More comple< ontologiesgvenif they areassmallasours,will not
necessarilyell usmorepreciselywhento pronominaliself we examinedanaphoriaevicesin
generalwe coulddeterminenhy thisis so: arelocationsandtimesjustdispreferrecantecedents
for pronouns?r arethey lesslik ely to beantecedentsf anaphoriadevicesin generalnomatter
whetherpronounor adwerb? To what extentis this patternthat somediscourseentitiesfrom
somesortalclassesaremuchmorelikely to bereferredbackto thanotherslanguage-specific?
Theseanswersare left to future work, for which other corporamay be necessary Here, we
focusonlaying somegroundwork concerningoronominalisationn AmericanEnglish.

7.2 DiagnosticPrediction: Logistic Regression

The factors defined in the previous section shov strong statistical associationswith

pronominalisation—aqrmore precisely with a binary variable PRO that codesfor eachrefer

ring expressionwhetherit is realisedasa pronounor not. Now, we examinewhetherthese
factorscanbe usedto predictwhethera givenreferringexpressiorwill be pronominalisedin

otherwords,we wantto know whethertherandomvariableshatcodethesefactorscanbeused
to predictthe value of an eighthrandomvariable,Pro. In this section,we concentraten a
methodwhichis particularlyeasyto analyselogisticregression(c.f. AppendixB.3 andAnder

sen1990,Agresti 1990, Lindsay 1995). Using logistic regressionwe canfind answergo the
following threequestions:

Question1: How powerful are the factors we have defined? If afactoris powerful, it will
accountfor a significantamountof the variationin the dataset. Significancecanbetestedby
variousmethodswe useboththe F-test(McCullaghandNelder1983)andthelik elihoodratio
test(Andersenl990,Agresti 1990) here,wherethe teststatisticis equalto the deviance. The
largerthe amountof variationaccountedor, the higherthe F-score the higherthe reductionin
deviance. The deviancemeasureshe distanceof the currentlogistic regressionmodelto the
saturateanodel,a modelwith perfectfit whereeachcountis modelledby a separat@arameter
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Suchamodeloverfitsthedataandhasno explanatorypower atall. The power of asinglefactor
F in isolationcanbe estimatedn the basisof the model

(7.2) PRO~1+F

A modelcanbe evaluatedusingthe AIC, which standgor “An InformationCriterion” (Akaike
1974). Thelower the AIC, the better The measureewardsa goodfit to the dataandpunishes
modelswith mary parameterswhich arelik ely to overfit the data. It consistsof the deviance,
which correspondsoughlyto theamountof unexplainedvariation,andatermthatincorporates
thenumberof degreesof freedomof the model. The moredegreesof freedoma modelhas,the
moreproneit is to overfit; the smallerthe amountof unexplainedvariation,the betterit fits the
data.

If the modeldefinedby Equation7.1 hasa low AIC, the factorF is powerful; it explains
a greatamountof the variationin the data. For example,DIST is clearly the mostpowerful
criterion,while SYyN andCoMPANTE arerelatively weak(Table7.15).

Whenthe modelconsistsof severalfactors,the sizeof the contribution of a factordepends
crucially onthosefactorsthatarealreadyin the model: if two factorsX, Y arenot orthogonal,
if they accountfor similar aspect®f thevariationin thedata,thentheeffect of X will bemuch
lessdramaticwhenY hasalreadybeenincludedinto the model,andvice versa.For example,
FORMANTE coversmuchof thevariationthatDiST canexplain (c.f. Table7.17).

Question2: Which factors are necessaryfor prediction? In orderto evaluatetherelevance
of eachfactor we usesimpleforward selection(Agresti1990,VenablesandRipley 1997).We
startwith the mostparsimoniousnodel PRO ~ 1, which alwayspredictsthe default value,in

this case,full NP”. Ouraimis to find themodelPro ~ 1 + F; + ... F; with the lowestAIC.

F, is thefactorwhich reduceghe AIC (Eq. B.9, page268) of the basemodelPRO ~ 1 by the
largestamount,F, is the factorthat maximally reduceghe AIC of PRO ~ 1 + F;, andsoon,
until the AIC cannotbe loweredanymoreby addinga new term. If you compareTables7.15
and7.16,you caninstantlyspotthe factorsthatwereaddedto the modelfirst: they areprinted
in bold face,becausehey yieldedthe lowestdeviance. AIC addsa penaltyfor the degreesof

freedomto the deviance,but for the mostpowerful factorson eachdataset, that penaltywas
alwayssmallerthanthedistanceo the next largestdeviance. The numberof parametersf the
modelsin Table7.15is df(F) (the degreesof freedomof the factor)+ 1 (for the constanterm);
theresultingAIC penaltyis thus2  (df(F) + 1) = 2 * df(F) + 2.

Question 3: Is the influence of one factor on the target variable, PRO, somehav medi-
ated by another factor? In this case the interactionbetweenthe two factorswill explain a
significantamountof variationthatthetwo factorsin isolationcannotaccountor.

For example,in Table 7.18, we find that thereis a large interactionbetweenDIST and
COMPANTE, the numberof competingantecedentsThe rule behindthis is obvious: Do not
pronominalisaf therearecompetingantecedents the sameor in the previous MCU, evenif
distanceo lastmentionis O or 1.

In particular we would like to know whetherwe canbuild a genre-independemhodel of
pronominalisatiowith the factorswe have defined.In this contet, two questionsarise:
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DataSet AGREE CLASS COMPANTE Dist FORMANTE PAR SYN SYNANTE

CF 1337 1372 1616 805 958 1472 1418 947
CcG 821 1020 1365 683 562 1248 1197 676
CK 1471 1480 1968 972 1076 2060 2200 1122
CL 1579 1633 2044 1212 1226 1911 2325 1471
all 5363 5722 7186 3802 3953 6867 7330 4355
AIC +16 +20 +4 +8 +18 +4 +8 +12

Table 7.15. Devianceof modelsPrRo ~ 1 + F. bold: smallesdeviancefor eachdataset,italics:
largestdeviance.Note: thistabledoesnot give thereductionin deviance, asmostothersdo, but
thedeviancethatremainsunexplainedby the model. The smallerthe value,the better Thelast
line givesthetermthatyou needto addto the deviancein orderto getthe AIC.

1. Doesgente influencethe associationdbetweera factor F and PRO?
If yes,thentheinteractionbetweergenreandF in thefollowing modelshouldbe signifi-
cant:
(7.2) PRO ~ F + Genre+ F:Genre

Factorsfor which theinteractionF:Genreis not significantarerobust theirinfluenceon
pronominalisationheremodelledby the variablePro, remainshe sameacrosggenres.

2. CanwepredictPrRo equallywell for all genres?
If yes,thenthe percentagef correctlypredictedpronounsshouldbearoundthe same A
relatedquestionis: Is thereany combinationof featureghatyields optimalresultsfor all
genresWe will focusonthesequestionsn section7.3,whenwe discusexemplarbased
andrule-base@pproacheto pronominalisation.

7.2.1 Powerful Predictors

Themostpowerful factor thefactorthatexplainsthelargestamountof variationin the data,is
clearly DisT. Table7.15shaows thatit is closelyfollowed by FORMANTE. Thetwo wealest
factors,ontheotherhand,are SYN and COMPANTE.

The resultsof the forward selectionexperimentsare summarisedn Table 7.16. On the
completedataset,theprocedureyieldsthesequenc®1sT, AGREE, CLASS, FORMANTE, SYN,
SYNANTE, COMPANTE, PAR. Thesequence®or thegenresshaw interestingdifferences.

CLASss doesnot play a role in cG and cL, and FORMANTE, the secondmost powerful
feature,is not neededor genrecr. We testedon the full datasetwhetherit makessenseto
replaceCLASS by the factor NEWCLASS with the threecateyories[+animate],[+abstract],[-
animateA -abstract].ThemodelPrRO ~ 1 + NEWCLASS hasa devianceof 5918.6andanAlC
of 5924.6. The new factor performssomevhat worsethanthatfor CLASs (Tah 7.15). But
whenit comesto building a model, NEWCLASS is only insertedafter FORMANTE and SyN.
Although the additionalamountof devianceit canexplain is still significant(p < 0.001),the
sizeof theeffecthasbecomesmall: 73.5. Table7.14suggestsvhy: we have lostthedistinction
betweenTimesandnon-Times.Within the [+abstractlcatgory, Timeshave specialstatusthey
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completecorpus CF CG CK CL
Factor Factor Factor Factor Factor
F, DistT 4542 DisT 902 FORMANTE 949 DisT 1446 DisT 1192
Fo AGREE 800 AGREE 105 AGREE 128 CLASs 145 AGREE 262
F3 CLASS 170 SyYN 63 DisT 113 AGREE 60 FORMANTE 73
F, FORMANTE 110 CLAss 32 SYN 42 SYNANTE 18 COMPANTE 18
F5 SvYN 64 PAR 3 COMPANTE 3 SYN 12 n.a. n.a.
F¢ COMPANTE 32 COMPANTE 3 na n.a. COMPANTE 6 n.a. n.a.
F; SYNANTE 11 n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

Table 7.16.Forwardselectiorresults.For eachgenreandfor the completedataset,we givethe
sequencén which thefactorswereaddedaswell asthereductionin deviance.The greaterthe
reductionin deviance thebetter italics: improvements not significantat p<0.01

arehardlyever pronominalised.

SYNANTE, which is alsoquite powerful, is only usedtwice, for the completedatasetand
for genreck. In both casesjts contribution is not significantat p<0.01. This indicatesthat
SYNANTE on the onehandand FORMANTE and DIST on the othercover muchof the same
ground.All threefeaturescodea distinctionbetweerfirstandsubsequennentions.SYNANTE
and FORMANTE additionally distinguishfirst mentionsof deadendentities, which are only
mentionedonce,from first mentionsof discourseentitieswhich are mentionedat leastmore
thanonce. It is the additionalinformationin the featurewhich countshere: the form of the
antecedenascodedin FORMANTE appeardo be moreimportantthanits syntacticfunction.
PAR only occursonce(genrecr), andits contrikutionis notsignificant.Sinceit is alsonotvery
powerful, judging from Table 7.15, we will drop the featurein our future experiments. This
yieldsthemodelin Eq. 7.3:

(7IF: PRO ~ DIST + AGREE + CLASS + FORMANTE + SYN + SYNANTE + COMPANTE

The modelis purely additive; it doesnot includeinteractionsbetweerfactors. This approach
allows us to filter out factorswhich only mediatethe influenceof other factors,but do not
exert ary significantinfluenceof their own. Resultsof a first evaluationof the full modelare
summarisedn Table7.20. The modelcanexplain morethantwo thirds of the variationin the
completedatasetand predictspronominalisatiorquite well on the datait wasfitted on. The
matterbecomesnoreinterestingvhenwe examinethe genre-specificesults.Althoughoverall
predictionperformanceemainsstable themodelis obviously suitedbetterto somegenreghan
to others. The bestresultsare obtainedon cG, the worston cL (mysteryfiction). In the cL
texts, MCUs areshort,a third of all referringexpressionsarepronounsthereis no first person
singulamarratorandmostparagraphgvhich mentionpersonsareabouttheinteractionbetween
two persons.

In orderto find out which valuesof the factorsareparticularlyimportantfor predictingthe
correctvalueof PrRo, we examinedthe parameter®f eachvaluein the fitted model. All val-
uesof DIST have very strongweightsin all models;this is clearly the mostimportantfactor
For AGREE, the first and secondpersonare strongsignsof pronominalisationaswell as,to
alesserdegree,masculineandfemininethird personsingular The mostimportantdistinction
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excluded fit % explainedvariation
AIC  %correct DisT AGREE CLASS FORMA. SYN SyYNA. COMPA.

none 2686 92.6 544 21.1 5.7 3.8 23 05 1.1
CLASS 2785 93.3 544 21.1 n.a. 4.7 28 05 1.1
AGREE 2984 92.6 544 n.a. 14.3 6.2 27 0.6 1.1
Dist 3346 90.2 na. 35.8 6.1 32 3 0.8 0.1
DisT + CLASS 3443 90.2 na. 35.8 n.a. 33.7 34 0.8 0.1
DiIsT + AGREE 3597 89.6 na. n.a. 314 354 31 0.8 0.2
AGREE + CLASS 3098 92.6 544 n.a. n.a. 13.1 35 05 3.6
DisT + AGREE + CLASS 3739 894 n.a. n.a. n.a. 52.6 40 0.7 1.7

Table 7.17. Effect of leaving out ary oneof thethreemostimportantfactorson modelfit. The
deviancevalueis the remainingdeviance;it measuresvhatis left unexplainedby the model.
The smaller the better italics: significanceis p < 0.05, for all otherfactors,p < 0.005 or
better

provided by CLASS appeardo be that betweenPersonsnon-Personsand Times. This also
holdswhenthe modelis only trainedon third personreferring expressions.For singularre-
ferring expressionspersonhoodnformationis reflectedin genderandgenderis codedin the
agreementeature.But sinceEnglishdoesnot distinguishgenderin plural forms, AGREE can-
notreplaceCLASs for plural referringexpressionsAnotherimportantinfluenceis the form of
theantecedentThe syntacticfunction of thereferringexpressiorandof its antecedenareless
important,asis ambiguity

In orderto examinein moredetailhow importanteachfactoris, wefittedthemodelfrom Eq.
7.3 on the completedataset,omitting oneor moreof the threecentralfeaturesD1ST, AGREE,
andCLAss. Theresultsaresummarisedh Table7.17. Themostinterestingindingis thateven
if we excludeall threefactors,predictionaccurag only dropsby 3.2%. This meansthatthe
remaining4 factorsalsocontainmostof the relevantinformation, but that this informationis
codedmore“efficiently”, soto speakjn thefirst three.

How importantis sortal class,which was, asthe discussionn AppendixC shaws, rather
costlyto annotate?

Well, remarkablyenough when sortal classis omitted, accurag increasesby 0.7%. The
increasen AIC canbeexplainedby adecreasé theamountof explainedvariation. A third re-
sultis thatinformationaboutthe form of the antecedentansubstitutefor distancanformation,
if thatinformationis missing.Both variablescodethe crucialdistinctionsbetweerexpressions
thatevoke entitiesandthosethatacces®vokedentities.Furthermorea pronominalantecedent
tendsto occuratadistanceof lessthan2 MCUs. Thecontribution of syntacticfunctionremains
stableandsignificant,albeitcomparatrely unimportant.

Although DisT is clearlythe dominantfeature thereareconsiderablénteractionsetween
DisT andthe six otherfactors. For eachfactor F, we constructa model PRO ~ DIST + F
+ DisT:F andexaminethe reductionin deviancethat eachtermyields. The resultsare sum-
marisedin Table 7.18. DIsT interactsstrongly with COMPANTE: the higherthe ambiguity
thelesslikely it is thatanentity will be pronominalisedregardlessf distanceto lastmention.
Interestinglythereis almostno interactionwith thetwo syntacticfactors,SYN andSYNANTE.



7.2 DiagnosticPrediction:Logistic Regression 195

FactorF Interaction

Name df Deviance Deviance Significance
AGREE 7 800.2 78.6 p<0.001
COMPANTE 1 327.0 156.5 p<0.001
CLASS 9 542.3 76.5 p<0.001
FORMANTE 7 498.5 60.4 p<0.001
SYN 3 205.8 20.7 no
SYNANTE 4 147.8 8.5 no

Table 7.18. Devianceof TermsF andDisT:F in modelDisT + F + DisT:F. For all factorsthe
reductionof devianceis significantat p<0.001.The degreesof freedom(df) of DIsT are3, the
degreesof freedomof theinteractionsare3x df(F)

Name #cat. AIC F-ratios x? df
C; Genre C;:Genre
DisT 4 3704.6 1521.0 30.3 43 492 9
FORMANTE 9 3889.7 560.0 16.6 3.8 674 24
SYNANTE 6 4263.5 815.0 31.8 3.1 928 15
AGREE 8 5260.5 377.0 32.2 3.1 1219 21
CLASS 10 5585.6 306.1 44.0 3.5 1860 27
COMPANTE n.a. 7009.6 929 2.2 29 757 3
SYN 4 71645 3449 25.0 14.1 2138 9

Table 7.19. Factorsin pronominalisation# cat: numberof cateyories(exceptfor COMPANTE,
which is ordinal). For COMPANTE, x2%(C;,Genre)is Kruskal-Wallis x2. italics: value not
significantatp < 0.01.

Both factorsreducedeviancelessthanary of the otherfour. This suggestghat mostof the
relevantinformationthatthey contributeis alreadyimplicit in the DiST variable.

7.2.2 The Influence of Genre

Thefrequeng of pronounsn our datavariesgreatlywith genre(Table7.4). The distribution
of our predictorfeaturess alsoaffectedsignificantlyby genre asthe x2-testsreportedn Table
7.19shav. Tables7.13and 7.9 documentthe effect of threefeatureson pronominalisation,
both for the completecorpusandfor eachgenre. DiST allows two very robust and general
predictions:pronounsshouldnot beusedasfirst mentionsandanaphoravithin thesameMCU
shouldbe realisedas pronouns. Intersententiallypreferencesire more variable. The values
of SyN, ontheotherhand,yield no clearpredictionsbeyond a tendeng to avoid pronounsn
adjunctor directobjectposition;moreorer, thistendeng is subjectto stronggenreinfluences.
For eachof the sevenfeatures,Table7.19shows the AICs of themodelsPro ~ C; + G +
C;:G andthe F-ratiosof eachmodelterm. The mostpowerful featureis clearly DisT, with the
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Model testdata set

CF CG CK CL all
MF 92.2 96.7 91.8 91.0 92.6+0.0
MF without CLASs 92.4 96.8 91.7 90.7 93.04+0.0
MP 91.9 96.1 91.4 90.1 92.6+0.0
MPR 91.7 96.0 91.7 90.0 92.6+0.0

Table 7.20. Performancef logistic regressiormodels.bold: bestmodel

lowestAIC andthe largestF-ratio of all. COMPANTE, oneof the wealestfactors,is surpris-
ingly robust: the interactionbetweenthat featureandgenreis not significant. The additional
amountof variationexplainedby Genreand COMPANTE:Genreis not evensignificant.Further
logistic regressionexperimentsshav that onceDIST hasbeenincludedinto a model, neither
FORMANTE nor SYNANTE explainsalargeamountof theremainingvariation.Instead AGREE
andCLAss becomamportantterms. Although neithervery robust nor very powerful, AGREE
is the only featurethatallows to predictthe first andsecondoersonpronouns.CLASS is both
lesspowerful than AGREE, andcoverslessgenre-relatedariation (GenreF-ratio for AGREE:
32.2, GenreF-ratio for CLASS: 44.0). SyN is the leastrobust featureof all seven, with an
F-ratiofor SYN:GENRE of 14.1.

Theseresultssuggestwo alternatvesto the modelMF in Eq. 7.3: A modelwhich only
takesinto accountthe mostpowerful featureg MP), anda modelthat combinespowerful and
robustfeaturefMPR). Thetwo modelsaredefinedby thefollowing equations:

(7.4) MP:PRO ~ DIST + FORMANTE + AGREE + COMPANTE
(7.5) MPR:PRO ~ DIST + FORMANTE + SYNANTE + AGREE

Table7.20comparesheperformancef thefull modelMF, thefull modelwithout CLASS, MP,
and MPR. The modelswere evaluatedfirst by ten-fold cross-alidation on the completedata
set. For the cross-walidation, the datasetwasdividedinto ten parts. In turn, eachof theseten
partssened astestset,while the othernine formedthe training set. Table 7.20 reportsmean
andvarianceof the resultson the testsets. We evaluatedgenre-independendgy training on
threegenresandtestingon the fourth. Table7.20shows thateliminating CLASS improvesthe
performanceof thefull model. Apparently the fine-grainedclassdistinctionsallow the model
to overfitthetrainingdata.MP alsogeneraliseslightly betterthanMPR, althoughCOMPANTE,
which wasthe mostrobust predictor is muchlesspowerful than SYNANTE. The differences
betweenrthe four modelsareall greaterthantwo standardieviations.

7.3 Predicting Pronominalisation

We have seenthat we needto supplemenDIST by a numberof otherfeaturesif we wantto
modelthe pronominalisatiorpatternsn the dataadequatelyNow, we will explorewhetherwe
canuseour knowledgeaboutinfluenceson pronominalisatiorfor improving the performance
of classifierawhich areto learnthe classificatiortask. We are particularlyinterestedn finding



7.3 PredictingPronominalisation 197

powerful and robust features: While powerful featuresshould significantly increaseaverage
performancenthetestset,robustfeatureshouldconsistentlypoostperformancevhentraining
andtestdatais not from the samegenre.We cannotexpectthatthe bestfeaturesetfor logistic
regressionwill alsobe the bestfeaturesetfor an arbitrary MachineLearningalgorithm. The
algorithmsin thefield differ too muchin the propertiesof the datasetthatthey canmodel.

In MachineLearning,therearetwo main approacheso featureselection:Filtering deter
minespotentialgood factorson the basisof statisticaldataanalysis,while in wrapping the
spaceof all possiblefeaturecombinationds searchedor an optimal combinationby training
the classifierwith mary differentfeaturesets. However, if we needto find an optimalfeature
set,we needto usewrapping(Kohavi andJohn1998)}

In this section,we combinefiltering andwrappingin orderto determinefeaturesetswhich
allow us to predictwhethera referring expressionshouldbe pronominalised. We start with
DisT, our measureof entity status,andthe mostpowerful predictoraccordingto the logistic
regressiormodels.COMPANTE is notincludedby defaultbecauséts predictive poweris rather
low.

1. How well do the classifiersperformjust on the basisof Dist? (This is the “filtering”
componenbf featureselection:DisT wasfilteredfrom the original setof nine predictors
onthebasisof logistic regressioranalysis.)

2. Which combinationof the six featuresSYN, SYNANTE, CLASS, FORMANTE, AGREE,
andCoMPANTE givesthegreatesboostto thisbaselingperformance?Thisis the“wrap-
ping” componenbf featureselection.)

3. How doesthe optimalcombinationvary acrosggenresAre thereary featuresvhich are
includedpatrticularly often? And what canthe logistic regressionmodelstell us about
thesefeatures?

We experimentedwith two different approacheso Machine Learning: exemplarbased
learning,representedby IB1(-1G) (Aha, Kibler and Albert 1991, Daelemansyan denBosch
andWeijters1997)andrule induction,representethy RIPPER(Cohenl1995). The algorithms
IB1(-IG) andRIPPERwerechoserbecaus¢hey arewidely usedin the Computationalinguis-
ticscommunity Bothalgorithmscandealwith categoricalaswell asordinalandinterval-scaled
featuresalthoughthe similarity measureof IB1(-IG) is gearedto cateyorical data. Therefore
only theeffect of cateyoricalfeaturescanbereasonablgomparedcrossalgorithms.Thealgo-
rithmsaredescribedn moredetailin Sections7.3.1and7.3.2togethemwith theresults.

We trainedthe algorithmsusingninedifferentsetupgor our data:

SetupA: 10-fold cross-alidation on the completedataset. This setupshovs how well the
algorithmsfarewhenthey have noinformationaboutthe genreof atext.

SetupscrF, CG, cK, cL: 10-fold cross-alidationon the 4 genre-specificlatasets. Thesefour
setupsreveal whetherthe algorithmsperformbetteron somegenresthan on others. It
alsoestablishesptimalfeaturesetsfor eachgenre.

LIt is beyondthe scopeof thethesisto discusdeatureselectiortechniquesn detailhere.
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SetupsTcCF, TCG, Tck, TcL: train on all datafrom threegenres,teston all datafrom the
fourth. Thesefour setupgestportability acrosggenres.

We judgedthe performanceof eachalgorithmaccordingto four measuresclassification
accurag, pronounrecall, NP recall, and the numberof false positives. Thesemeasuresre
definedby thefollowing setof equations:

(# correctlypredictedpronounsandfull NPs)

(7:6) Accumey = (# referringexpressionsn the corpus)
7.7) PronounRecall — (# correctlypredictedpronouns)
' (# pronounsn thecorpus)
(7.8) NP Recall — (# correctlypredictedoronouns)
' (# pronounsn thecorpus)
(7.9) FalsePositives — (# pronoungredictednsteadof full NPs)

(# referringexpressionsn the corpus)

Sincea pronouncontaindessinformationaboutpotentialantecedentthanafull NP, it is more
difficult to resole. Thereforeit is betterto have few falsepositvesthana high pronounrecall.

We alsoexploredhow the parametesettingsof the algorithmsinfluencethe performance
of theresultingclassifier Ideally, onewould performsuchexperimentsusinga validationset
for testingwhich is differentfrom both the training and the testdata. Our corpuswas not
sufficiently largefor this. As aresult,the parametesettingsarein a senseoptimisedfor thetest
datawe workedwith.

7.3.1 Instance-Based_earning

The Algorithm:  Thebasicalgorithmis quitesimple: Storeeveryinstancen thetrainingdata
in anexemplarbase Whennew instancesieedo beclassifiedcomparghemto theinstancesn
the exemplarbaseandassignthe new instanceshe classof the mostsimilar instance(s) Each
instanceconsistsof a description,which canconsistof feature-alue pairs, plus the classor
cateyory thathasbeenassignedo thatinstance For pronominalisationye represeninstances
asfeature-aluepairs,andthe classesre“Pro” and“full NP”.

This simplealgorithmlies at the heartof all instance-basekarning(IBL) techniquesand
mary papershave proposedextensionsand modificationsto it. Aha et al. (1991) call that
baselinealgorithmIB1. All versionsof IBL sharethe assumptiorthatsimilarinstanceshould
belongto similar classesThey differ onthreegrounds/Ahaet al. 1991,page40):

e the similarity functionn This functionis crucial to the succes®f the algorithm. Many
schemeshave been proposedfor weighting featuresaccordingto their importance
(WettschereckAha andMohri 1997). In IB1-IG (Daelemanst al. 1997),the features
areweightedaccordingto their informatiity.

e theclassificationfunction This functiondetermineghe classof the new instanceon the
basisof the similarity judgementdrom the similarity function. It canbe extendedin
variousways: only take themostsimilar instanceanto accountprganiseavoteamongthe
the £ mostsimilarinstanceskeeptrack of how oftenaninstancerom the exemplarbase
helpedclassifyanew item correctly andsoon.
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¢ theinstancebaseupdatefunction: This functiondecideswvhethera new instanceshould
beincludedinto the exemplarbase.

Exemplarbasedapproachedave beendevelopedfor mary taskssuchas grapheme-to-
phonemecorversion(van denBosch1997), parsing(Bod and Schal1997), word-senselis-
ambiguation(Veenstrayan den Bosch,DaelemansBuchholzand Zaviel 2000), andrelative
pronounresolution(Cardieto appear). Daelemansyan denBoschand Zaviel (1999) have
shawvn thatinstance-basel@arningalgorithmsare particularlywell suitedfor naturallanguage
learning,becausen mostsuchlearningtasks,the catgyoriesdo not form large clustersin the
spaceof all possibleinstances.Instead,they are scatterednto mary clustersboth small and
large, correspondindo regularities,sub-rgularities,andplain irregularinstances.They show
thata versionof the basicIB1 algorithmwherethe contritutionsof eachfeatureare weighted
with its informationgain (IG) outperformdB1 on mary naturallanguage-relatethsks.

Informationgainis a quantitatve measureof the informationthat a predictorvariable P
containsaboutthe value of the tamget variableC. The entropy H(X) of a variable X codes
theinformationit corveys. The moreuncertainwe areaboutthe value of a variable,the more
informativeit is. Theentroyy is definedasfollows:

(7.10) Z —p(X =v)logp(X = v)

H(C|P = v) measuretheuncertaintythatremainsaboutthevalueof thevariableC' if we know
thatvariable P hastakenon valuev. To computethe informationthat P corveys aboutC, we
justneedto sumuptheH(C|P = v) for all valuesv of P. Now, we candefineinformationgain
asfollows:

Definition 7.1 (Information Gain) TheInformation Gain IG(P,C) describeghe reductionin
theentropyof H oncewe knowthevalueof P.

(7.11) IG(P,C) = Zp H(C|P =)

Theinformationgainof featureswvith mary valuesis potentiallyhigherthanthatof features
with few values,but mary valuesare not necessarilybeneficialto learning, sincethe more
valuesa featurehas,the higherdimensionathe featurespace andthe moredifficult inductive
learningbecomes.Thereforewe will usegain ratio (GR) insteadof 1G here. GR is givenby
theequation
(7.12) GR(P,C) = IG(P.C

H(P)

Results: Theinstance-base@arningresultsweregatheredisingthe TIMBL packag&Daele-
mans,Zavrel, van der Slootandvan denBosch1999). First, we explore how the parameter
settingsof the algorithmaffect its performance.We concentrateon two adjustmentsdiffer-
entneighbourhoodizes(parametek, valuesl,3,5)andgain ratio weighting as proposedoy
(Daelemanset al. 1997). In orderto determineif theseadjustment$iave ary significantef-
fectson our resultsmeasuresye conductedANOVAs for all four measuresndall ninesetups.
Theinfluenceof gainratio weightingis alwayssignificant(p<0.001),aswell astheinteraction
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no Gain Ratio Gain Ratio overall
k=1 k=3 k=5 k=1 k=3 k=5 k=1 k=3 k=5 noGR GR
accurag 91.84 91.47 91.34 91.86 91.94 9197 9185 91.71 91.66 9155 91.93

falsepositves 4.10 4.61 481 405 395 389 408 428 435 451 3.96
pronounrecall 84.92 83.06 82.34 85.11 85.49 85.69 85.01 84.76 84.01 83.44 85.43
NP recall 94.43 94.62 94.71 9439 9436 94.32 94.41 94.49 9452 9459 94.36

Table 7.21. Performanceof IB1 with/without Gain Ratio weighting and for differentneigh-
bourhoodsizes

CF CG CK CL Tcr TcG TcK TcL
accurag - noGR 90.65 94.68 90.99 88.80 90.55 94.32 90.63 88.44
accurag - GR 91.49 95.37 91.94 89.27 91.04 94.68 91.20 88.96
pronounrecall-noGR 69.32 76.64 85.69 84.98 78.37 79.83 81.88 85.39
pronounrecall- GR 75.53 83.11 88.58 86.68 82.68 86.69 83.69 87.23

Table 7.22. Averageeffect of gainratio weightingfor differentgenres

betweerpresencef weightingandneighbourhoodaize (p<0.001)In mostcaseswe alsofind

a significanteffect of neighbourhoodize. Table7.21illustratesthe typical sizeanddirection
of theseeffects. Gain ratio weighting clearly improvesthe performanceon pronouns:there
are0.5% lessfalsepositivesand2% more correctlyrecalledpronouns.The NP recall, on the

otherhand,dropsslightly. The weightingalsoreducegerformancevariationwhenthe neigh-
bourhoodsizeis varied.Indeed withoutweighting,nearesheighbourconsistentlyoutperforms
k=3 andk=5—exceptfor NP recall. With weighting,this effect is exactly reversed:now, k=5

outperformghetwo othersizesexcept,again,for NP recall.

For the genre-specifidatasets,we almostalwaysfind stronginteractionsbetweenGenre
andweighting (p<0.01). The only exceptionarethe accurag resultson the tasksTCF, TCG,
Tck, and TcL. Although weighting always increasegerformancethe size of thesegains
varies.Table7.22shows thattheimprovementsarelargestfor genrescr andcaG. For example,
pronounrecallis increasedyy 6.86 percentaggointsfor taskcG, andby 6.47 for TcG. For
CL andTcL, this gaindwindlesto 1.7 and1.84 percentaggoints,respectrely. The effect of
neighbourhoodizeis alsomediatedoy Genre—sometimesot k=5 givesthe bestresults but
k=3 or k=1. For instancethe averageaccurag ontaskTcc with weightingis 94.72% for k=1,
94.68% for k=3, and94.63% for k=5. Theseresultsareinteresting:Not only doeseachgenre
appearto requirea specificcombinationof input features,but the optimal parameter®f the
learningalgorithmalsochangewith genre.In particular somegenresare moresusceptiblgo
smallneighbourhoodthanothers.

In the following, we will discussthe resultsfor IB1-IG with Gain Ratio weighting and
neighbourhoodizesof k=5 andk=1. We will focusontheresultsfor k=5, sincethatparameter
settingresultsin alargerfeatureset.We only reportaccurag, sincethenumberof falsepositves
andpronounrecallboth correlatepositively with accurag.

Table 7.23 summariseshe performanceof IB1-IG on the nine tasks. For eachfactor we
determinedwhetherit hasa significantinfluenceon accurag usingan ANOVA. Overall, the
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exemplarbasedapproactperformsaswell asrule inductionor logistic regression.It succeeds
in capturingmary of the relevantregularitiesthat determinewhena pronounwill be usedin-
steadof anNP. Themostimportantfactorsare AGREE, FORMANTE, andCOMPANTE. Includ-
ing themimprovesperformancesignificantlyfor six to seven of the nine tasks. Comparedo
resultsfor k=1, givenin Table7.24,we find thatk=5 only improvesresultsfor two genrescc
andcL, while thevariationin performancencreasesincreasingheneighbourhoodizeusually
makesinstance-basedassifieranorerobustandincreaseperformanceaslong asthe neigh-
bourhoodis homogeneousnough(DudaandHart 1973,Ahaet al. 1991). As aconsequence,
morefeaturescanform the basisfor the classificatiordecision.The clearpreferenceatternof
AGREE, COMPANTE, and FORMANTE thatwe find for k=5 is conspicuouslabsentor k=1,
which doesnot tolerateadditionalfeaturesaswell. Two featuresareusedfar morefrequently
with k=5 thanwith k=1: COMPANTE, themostrobustpredictor andSyNANTE, thethird most
powerful factor But SYNANTE almostnever hasa significantpositive effect on performance,
whereasCOMPANTE is highly usefulfor 6 of the 9 tasks.

To getanideaof thetypeof mistalesthattheinstance-basedassifieramake, we examined
which instancesn the test setare misclassified,and which featurevaluescauseconsistent,
typical errors. Sincewe used10-fold crossvalidation, the union of all 10 testsetsgivesthe
original dataset.All percentagereportedbelon werecomputedor theunionof all testsets.

OntaskA, whereall genreswere pooled,the baselinevaluesare acceptable4.6% of all
full NPs are mistalenly classifiedas pronouns,and 14.5% of all pronounsare misclassified
asfull NPs. In generalthereis a cleartendenyg to classifya givenreferring expressionasa
full NP. A moredetailedanalysisshaws thatthe classifieris hinderedby the strongdistance-
basedlefaults.80.5% of all nounswhoseanteceder@ppearsn the sameMCU aremistalenly
classifiedaspronouns;or nounswith anantecedenin the previous MCU, thatrateis 55.3%.
Furthermorepnly 22.3% of all first-mentionpronounsareclassifiedcorrectly Thedataclearly
doesnot containenoughinformationto offsetthesestrongdistancedefaults. Anothersourceof
treacherouslefaultsis FORMANTE. In 55.9% of all casesvherefull NPshave a pronominal
antecedentthe systemgenerates pronouninsteadof a full NP. For AGREE, the effects of
the defaultsarenot asstrong. Becausanostthird personneutersingularentitiesarefull NPs,
41.7% of all third personneuterpronounsare not predictedcorrectly We find the reversefor
third personsingularfeminine: Here,mostmentionsare pronounsand26.4% of full NPsare
mistalenly pronominalised.

The samepatternscanbe obsenedfor the genre-specifitaskscF, ck, andcL, who have
a high percentagef third-personpronouns. Most full NPswith antecedentg the sameor
previousMCU areconfusedvith pronoungcr: 74.7%, ck: 89.3%, cL: 73.2%). ForcL, 79.3%
of all full NPswith pronominalantecedentare misclassifiedandfor ck, 70.0%. The only
exceptionis CG, thegenrewith the highestpercentagef full NPs.Here,the misclassifications
dropto 26.0% for full NPswith nearbyantecedentsndto 35.3% for full NPswith pronominal
antecedents.

7.3.2 Rule Induction

The Algorithm:  RuleinductionalgorithmssearcHhor rulesto performthetaskthey aresup-
posedto learn. They extractthe rulesfrom the patternghey find in their training data. Some
algorithmscanalso be bootstrappeadvith previous knowledge(PazzaniandKibler 1992). A
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IB1-IG—k=5
DataSet Distonly DAFA bestoverall accurag
accurag featuredncluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE
all 90.1+ 1.0 92.7+0.8 92.7+0.9 X X X X - X
CF 91.5+22 91.2+1.0 929+1.3 X X - - X -
CG 91.6+22 95.7+15 96.6+1.7 X X - X X -
CK 90.7+19 922419 93.0+21 X - - - - X
CL 86.8+2.2 90.5+19 90.9+1.4 X X X X - -
TcCF 91.1 91.3 92.7 X - - - - X
TcG 94.7 95.7 96.1 X X - X - X
Tck 90.7 92.2 92.3 - X - X - X
TcL 86.8 90.1 90.6 X X X X - X
Table 7.23. Resultsfor IB1-I1G with k=5. For resultsthat were obtainedwith 10-fold cross-
validation, the standarddeviation is given aswell. DAFA: accurag for featureset DisT,
AGREE, FORMANTE, COMPANTE. X signalsthat the accurag improvementsachiezed by
includingthatfeaturearesignificant. An X indicatesthatthe featurebelongsto the featureset
which yieldedthe reportedmaximal performancea minusindicatesthat the featurewas not
included.Bold face:theinfluenceof afeatureon accuray is significant(ANOVA, p<0.01)
IB1-IG—k=1
DataSet Distonly = DAFA bestoverall accurag
accurag featuresncluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE
all 90.1+ 1.0 92.7+0.8 92.7+0.8 X X - X - -
CF 914+ 18 91.0+1.0 93.0+1.7 X - - - X -
CG 952+ 18 958+ 14 96.2+1.2 X - X X - -
CK 90.7£1.8 918+ 1.7 93.0+0.2 X - - - - X
CL 86.8+ 2.1 90.2+ 1.8 90.6+1.5 - - X X - -
TcF 91.1 91.8 93.0 X - - - - X
TcG 94.7 96.1 96.1 X X - X - -
TcK 91.1 91.1 92.3 - X - X - -
TcL 89.0 89.5 90.6 - - X X - -

Table 7.24. Resultsfor IB1-1G with k=1. For resultsthat were obtainedwith 10-fold cross-
validation, the standarddeviation is given as well. DAFA: accurag for featureset DIST,
AGREE, FORMANTE, COMPANTE.
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popularfamily of rule inductionalgorithmsthatincludesCART (Breiman,Friedman,Olshen
andStonel984)andC4.5/5.0(Quinlan1993,Quinlan1996)representheserulesasdecision
trees.Whentherulesarerepresentedssets thealgorithmhasto specifythesequencé which
they have to beapplied. Therulesthatarelearnedcanbein variousformats,proceduralif ...
then” rulesor Prolog-styleHorn clausesasin Inductive Logic ProgrammindILP, Muggleton
andDe Raedt1994,Bratko and Muggleton1995,Wrobel 1996). Rule inductionalgorithms
canbeevaluatedby their performancen unseerdata,andby having expertsexaminetherules
thatthey generateqLangley andSimon1995). We will usebothevaluationmethodshere.

Thealgorithmwe usehere RIPPER(Cohenl1995,Cohen1996),builds on Quinlan’s (1990)
FOIL, which learnsfirst-orderrules,and Furnkranzand Widmer’s (1994) IREPR, an algorithm
for generatingsmallandconciserule sets. Thealgorithmgeneralisesvell: it performsaswell
asC4.5ruleqQuinlan1993)on a setof 37 benchmarkproblemsput is considerablyfaster

RIPPERtakesthemostfrequentcateyory of thetargetvariableasdefault, andtriesto model
the conditionsunderwhich the lessfrequenttargetsoccur If thetamgetvariablehasmorethan
two categories,it first inducesrulesfor predictingthe leastfrequenttarget category, thenrules
for the secondleastfrequent,and so on, until it reacheshe most frequentcateyory, which
becomedhe default. In our case,the default is “full NP”, the category that is predictedis
“Pro”. Full NPsareanaturaldefault. Not only arethey muchmorefrequentin thedatasetthan
pronounsthey arealsosemanticallyricherandlessambiguous.

Furtherdetailsof thealgorithmaresketchedn Figure7.4. TherulesthatRIPPERgenerates
have theformat
(7.13) TARGET : —CONDITION; A ... A CONDITION,,

For categorical predictorvariablesX, conditionshave the form X=x;, wherex; is oneof the
possiblevaluesof X; for ordinalandinterval-scaledvariableswe have X< 6 or X> 6, whered
is athresholdrom thedataset.If only positverulesareallowed,thenonly theseconditionscan
occurontheright handsideof arule,if negativerulesareallowed,aswell, thentheseconditions
canalsooccurin negatedform, e.g.asX!=x;. To classifya new instanceaccordingto therules
generatedby RIPPER theexampleis testedon eachrulein turn, startingwith thefirst one.The
rulesareorderedaccordingto the numberof examplesthey coveredin thetrainingdata.If the
conditionsof arule matchtheinstanceijt is assignedhetargetcategory. If norule matchesthe
default cateyory is assigned.

Sincetheform of RIPPERS rulesis relatively simple,andsincethe optimisationpassdoes
not checkwhethersomeof the generatedulesarenotin factsubsumedby a moregenerabne,
therule setsthatRIPPERgeneratesvill notbeoptimalfor all learningtasks,andit cancontain
its shareof redundanciesaswe will seein thefollowing paragraphs.

Results: Thetaskof RIPPERwasto inducerulesfor predictingthe occurrencenf pronouns.
Ruleswerenot forcedto cover a minimal numberof examples,andredundantuleswere not
allowed. We experimentedvith two parametersthetypeof allowedrules(positive or negative),
andthe lossratio, which is definedasthe ratio of the costof a false negative to the cost of
a falsepositive. Sincefalsepositives (pronounsin the wrong place)are lessdesirablethan
falsenegatives(omissionof pronouns)we only experimentedvith positive lossratios. We did
not performan exhaustve searchof the parametespace;instead,we trainedRIPPERon the
completedatasetfor thelossratiosl (default),1.25,1.5,and2. Table7.25shavsthatpermitting
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Input: dataset,numberof iterationsk
Processing:

while numberof iterations< k do
geneamterule setfor ead target category C (exceptdefault):
while (therule sethasnotgrown too comple)
and (therearestill positve examplesfor cateyory
C which arenot coveredby ary rule in therule set)do
split training datainto growing andpruningdata
genematea new rule:
while therule still coversnegative examples
addthe conditionwith the highestinformationgain
onthegrowing data
prunethenew rule:
deleteary final sequencef conditionsfrom the new rule
choosethe versionthatmaximiseghe pruningmetric
onthepruningdataset
remove all positve examplescoveredby the new rule from thetrainingdata
for eachrule from therule set
testwhetherit shouldbereplacedoy anew rule or
revisedby addingmoreconditions

Output:setof rulesorderedaccordingo coverage

Figure 7.4. Outline of the RIPPER algorithm. Positve examplesare exampleswhich have
beenclassifiedunderthe target category C, negative examplesare examplesthat have been
classifiedunderary of theothercatayories. Thecompleity of therule setis measuredn terms
of total descriptionlength. The categyoriesare orderedaccordingto their frequeng: the least
frequentis modelledfirst, the mostfrequentbecomeghe default.
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only positiverules positive andnegative rules

=1 1=1.25 =15 [=2 =1 1=1.25 =15 [=2
median  91.96 92.17 91.83 91.70 92.25 92.00 91.97 91.56
minimum 90.11 90.11 89.55 89.73 89.90 90.11 89.80 88.55

Table 7.25. Accurag for differentrule typesandlossratios. Resultsare basedon the mean
performancen 10-fold CV runsoverthecompletedataset.

RIPPER—negative and positive rules, testdata

DataSet Distonly DAFA bestoverall accurag
accurayg featuresncluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE

all 90.1+14 929+1.2 93.1+1.0 X X X X X X
CF 91.5+21 923+14 92.7+2.0 X X - - X -
CG 91.6+1.7 96.2+09 96.7+1.2 X - - X X -
CK 90.7+2.3 928+1.6 93.1+1.3 X X X X - X
CL 86.8+1.6 90.8+£0.8 91.0+0.8 X X - X X X
TCF 91.5 91.1 92.2 X - X - X -
TCG 91.6 94.6 96.3 X X X X - -
Tck 90.8 92.4 93.2 - X X X X X
TcL 86.8 90.1 91.2 X X X X - -

Table 7.26. Resultsfor RIPPER |=1.25, positive andnegative rules,on thetestset.

For resultsthat were obtainedwith 10-fold cross-alidation,the standarddeviationis givenas
well. DAFA: accurag for featuresetDIST, AGREE, FORMANTE, COMPANTE. Bold face:the
influenceof afeatureon accuragy is significant(KruskalH-test,p<0.01)

negative rulestendsto increaseaccurag. Thelossratio is not asimportantfor performance.
Our small-scalesearchndicateshat1.25is agoodvalue.

The resultsfor lossratio 1.25with negative and positive resultsare documentedn Table
7.26.IncludingAGREE, COMPANTE, andFORMANTE almostalwaysboostsaccurag. CLASS,
SYN, andSyNANTE arealsofrequentlyincluded,but they arenot asrelevantfor performance.
Table 7.27 demonstrateguite nicely that the consistenpatternof AGREe, COMPANTE, and
FORMANTE only emegeswhenwe take generalisationnto account—namatterif we teston
datafrom the samegenre(slasthetrainingdataor if we teston differentgenres.If we merely
takeinto accounperformancenthetrainingdatathemostimportantfeaturesareFORMANTE,
SYNANTE, and AGREE. Thesearealsothe threemostpowerful featuresafter DIST in Table
7.19. SYNANTE is only dethronedby COMPANTE whenwe determinehe bestfeatureson the
basisof thetestdataset.

Themainincreasean accurag comesthroughthe transitionfrom DisT only to DAFA. For
tasksA, CF, cK, andcL, the performancencreasdrom DAFA to the bestfeaturesetis belov
0.5%, for TcF, TcG, Tck, andTcL, it is somavhathigher- around1%. It appearshatfor the
T-tasks,somenecessaryulesarejust not generatedpecauseherelevantpatternsaretoo weak
in the training data. Table 7.28 shavs that we find similar patternsif we only allow positive
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RIPPER—negative and positive rules, training data

DataSet Distonly DAFA DAFS bestoverallaccurag
accurag featuresncluded
AGREE CoOMPA. CLASS FORMA. SYN SYNA.
all 90.1+ 0.2 95.0+ 0.7 96.1+0.8 96.2+ 0.6 X - X X X X
CF 91.8+£ 0.2 948+0.8 96.7+0.4 96.7+0.4 X - - X - X
CG 91.8+ 0.2 96.7+04 96.8+0.6 98.2+0.4 X - - X X X
CK 90.7£ 0.3 945+ 0.8 945+0.7 95.3+0.5 X X X X - X
CL 86.8+ 0.2 952+ 0.6 954+09 957+0.1 X - X X - X
TcF 89.7 954 94.7 97.2 X - - X X -
TcG 89.6 95.5 95.4 96.6 X - X X - X
Tck 89.9 95.9 96.1 97.1 X X - X X -
TcL 91.3 95.6 96.6 96.8 X - X X - -
Table 7.27.Resultsfor RIPPER |=1.25, positive andnegative rules,on thetraining set.
For resultsthat were obtainedwith 10-fold cross-alidation, the standarddeviation is given
aswell. DAFA: accuray for featuresetDIST, AGREE, FO