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Abstract
The lack of adequatebasesof commonsenseor even lexical knowledge is perhapsthe main obstacleto the developmentof high-
performance,robust tools for semanticinterpretation. It is also generallyacceptedthat, notwithstandingthe increasingavailability
in recentyearsof substantialhand-codedlexical resourcessuchasWordNetandEuroWordNet,addressingthecommonsenseknowledge
bottleneckwill eventuallyrequirethedevelopmentof effective techniquesfor acquiringsuchinformationautomatically, e.g.,from cor-
pora.Wediscussresearchaimedatimproving theperformanceof anaphoraresolutionsystemsby acquiringthecommonsenseknowledge
requireto resolve themorecomplex casesof anaphora,suchasbridgingreferences.We focusin particularon theproblemof acquiring
informationaboutpart-ofrelations.

1. Intr oduction

The lack of adequatebasesof commonsenseor even
lexical knowledgeis perhapsthe main obstacleto the de-
velopmentof high-performance,robust tools for seman-
tic interpretation(except for caseslike pronouninterpre-
tation, wherea lot can be achieved on the basisof syn-
tactic information only). It is also generally accepted
that, notwithstandingthe increasingavailability in recent
yearsof substantialhand-codedlexical resourcessuchas
WordNetandEuroWordNet,addressingthecommonsense
knowledgebottleneckwill eventuallyrequirethe develop-
ment of effective techniquesfor acquiringsuch informa-
tion automatically, e.g., from corpora. Most currentwork
on lexical acquisitionso far, however, hasfocusedon ac-
quiring the type of knowledgeneededto improve the per-
formanceof parsers-e.g.,subcategorizationframes(Brent,
1993; Grefenstette,1993; Manning,1993; Resnik,1993;
Abney andLight, 1999)- ratherthansemanticinterpreters.
And alot of work onlexical acquisitionhasnotbeenshown
to improvetheperformancein othersemantictasks.

Thegoalof our researchis to improvetheperformance
of anaphoraresolutionsystemsby acquiringthe common-
senseknowledgerequireto resolvethemorecomplex cases
of anaphora,suchasbridgingreferences.We alsohopeto
acquirein theprocessinsightsinto whatkind of common-
senseknowledgeis actually neededfor the task. In pre-
vious work, we developeda systemfor resolvingdefinite
descriptionsthat employed heuristicalmethodsfor identi-
fying discoursenew descriptions,anduseda combination
of accessto WordNet1.6andheuristicsto resolvebridging
descriptions(PoesioandVieira, 1998;Poesioet al., 1997;
Vieira andTeufel, 1997; Vieira, 1998; Vieira andPoesio,
2000b;Vieira andPoesio,2000a).This systemwasexten-
sively evaluated,allowing us to identify wherecommon-
senseknowledgeis actuallyneeded,andwhattype- in par-
ticular, devising a classificationfor bridging descriptions
dependingon the sourcesof knowledgeneededto solve

them(Poesioet al., 1997;Vieira andTeufel,1997;Vieira,
1998).Morerecently, wehavebeenusingthedatacollected
in this first projectto improve the systemin particularar-
eas,andespeciallytheresolutionof bridgingreferences.In
thispaperwe discussthesemorerecentresults.

2. A Heuristic-BasedSystemfor Robust
Definite Description Resolution

The startingpoint for this discussionare the systems
for resolvingdefinitedescriptions(expressionslike thecar)
discussedin (Vieira andPoesio,2000b;Vieira andPoesio,
2000a). A first importantcharacteristicof this work was
that the developmentof thesesystemswas basedon the
extensive corpusanalysisreportedin (Poesioand Vieira,
1998);asecondonewasthattheannotatedcorpusproduced
asa resultof the analysiswasthenusedto systematically
evaluatethesystems.

Thecorpusstudydiscussedin (PoesioandVieira,1998)
revealedthat on average,our annotatorsclassifiedmore
thanhalf of all definitedescriptionsasfirst-mention–de-
scriptionswithout an explicit antecedentin the previous
discourse. Of these,about 22% were ‘larger-situation,’,
suchas the Querecho Plains of New Mexico in (1a); 22%
‘unfamiliar,’, like theeconomicknow-howto steerthecity
througha possiblefiscalcrisis in (1b);and8%‘associative’
(or ‘bridging references’(Hawkins, 1978; Clark, 1977)),
like thekitchenin (1c).

(1) a. Out here on the Querecho Plains of New
Mexico, however, the mood is more up-
beat trucks rumble along the dusty roads
andburly menin hardhatssweatandswear
throughtheafternoonsun.

b. They wonderwhetherhe hasthe economic
know-howto steerthecity througha possi-
ble fiscal crisis, andthey wonderwho will
beadvisinghim.



c. Onceinside, shespendsnearly four hours
measuringand diagrammingeachroom in
the80-year-old house, gatheringenoughin-
formationto estimatewhat it would costto
rebuild it. While sheworks inside,a tenant
returnswith several friendsto collect furni-
tureandclothing.Oneof thefriendssweeps
broken dishesand shatteredglass from a
countertopand startsto pack what can be
salvagedfrom thekitchen.

Theresultconcerningtheprevalenceof discourse-new de-
scriptionsled us to develop heuristicmethodsfor identi-
fying them, basedin part on the discussionin (Hawkins,
1978). Particularly effective heuristics were checking
whetherthe headof the clausewas a predicatelike fact,
result; and if the definite was post-modifiedby a rela-
tive clause.Overall, theseheuristicsachievedR=69%and
P=72%. For anaphora,we developedheuristicsfor deal-
ing with premodification,to avoid, e.g.,a matchbetween
the red car and the blue car, while allowing the houseto
matchthe 80-year-old Victorian house. We also develop
segmentationheuristics,to restrictthenumberof potential
antecedents.Overall, the systemachieved62% recall and
83%precisiononanaphoricsameheaddescriptions.

Our work on bridging descriptions–themain topic of
this paper– was basedon a classificationof bridging de-
scriptionsinto classesdependingon the sort of informa-
tion neededto resolve them(Poesioetal., 1997;Vieiraand
Teufel,1997;Vieira, 1998)which heavily reliedon previ-
ousclassificationsproposedby (Clark,1977;Sidner, 1979;
Strand,1996).We identifiedthefollowing classes:

� casesbasedon well-definedlexical relations,suchas
synonymy, hypernymy and meronymy, that can be
found in a lexical databasesuch as WordNet (Fell-
baum,1998)–asin theflat . . . theliving room;

� bridging descriptionsin which the antecedentis a
proper name and the descriptiona common noun,
whoseresolutionrequiressomeway of recognizing
the type of objectdenotedby the propername(asin
Bach . . . thecomposer);

� casesin which the anchoris not the headnounbut a
nounmodifying anantecedent,asin thecompanyhas
beensellingdiscountpackages. . . thediscounts

� casesin which the antecedent(anchor)is not intro-
ducedby an NP but by a VP, asin Kadaneoil is cur-
rentlydrilling two oil wells.Theactivity . . .

� descriptionswhose the antecedentis not explicitly
mentionedin the text, but is implicitly available be-
causeit is a discoursetopic–e.g.,theindustryin a text
referringto oil companies;

� casesin which the relation with the anchoris based
onmoregeneralcommonsenseknowledge,e.g.,about
cause-consequencerelations.

Our corpuscontained204 bridging descriptions,dis-
tributedamongtheclassesaboveasfollows:

Class Total Percentage
Syn/ Hyp / Mer 12/14/12 19%

Names 49 24%
CompoundNouns 25 12%

Events 40 20%
DiscourseTopic 15 7%

Inference 37 18%
Total 204 100%

Thealgorithmswe proposedwerebasedon a combina-
tion of accessto WordNet1.6andheuristics(Poesioet al.,
1997;Vieira andTeufel,1997;Vieira andPoesio,2000a).
The systemachieved R=29%andP=38%on bridging de-
scriptions.If we only considertheresolutionsdueto infor-
mationpresentin WordNet,theresultsareasfollows:

Class Total Percentage
Syn/ Hyp / Mer 4/8/3 39%

Names+ CompoundNames 19 25.7%
Total 34 16.7%

We found threetypesof problemswith WordNet. First of
all, therewasaproblemof missingdata- certainwords,like
crocidolite, werenot in the lexicon. Secondly, we found
that certainlexical relationswerecontext-dependent:e.g.,
slump, crashandbustareall virtually synonymsin theWall
StreetJournalcorpus,but not in WordNet.And finally, we
foundthatin orderto ensuremonotonicity, informationoth-
erwisepresentin WordNetwassometimeslocatedin posi-
tionsthatmadeit difficult to find. Thus,for example,Word-
Netcontainstheinformationthatfloor is partof room, but
it doesnot containthe informationthat rooms arepart of
houses or homes, but only that they arepartof buildings;
so in orderto resolve a bridgingdescriptionwall on house
involvesa fairly complex searchmechanisms.Our exper-
imentsindicatedthatwhile thesemechanismsimprove re-
call, they affectprecisionverybadly.

Two versionsof the systemwereevaluated. Onever-
sion only resolved directly anaphoricdefinitesandidenti-
fied discourse-new descriptions;this systemhadR=53%,
P=76%. Version II also attemptedto find the anchors
of bridging descriptions;this versionhad a higher recall
(57%)but a lowerprecision(70%).

3. Addressingthe commonsenseknowledge
bottleneck using lexical acquisition

The resultsjust mentioned,while comparableto those
obtainedby othersystemson thesametask,areclearlynot
sufficient for any real application. The evaluationof the
systempointedout a numberof areaswhereimprovement
wasneededto improvethisperformance.

Theworseresultsby far wereobtainedon bridgingde-
scriptions.Part of the problemwasthatour systemdidn’t
includemethodsfor resolvingbridging descriptionsbased
on ’causal’ informationor on thematicroles,but even on
the 19% of bridging descriptionsdependingfor their res-
olution on informationcontainedin WordNet (synonymy,
hyponymy, andmeronymy) we only had39%recall. Bet-
ter lexical resourceswereneededfor this purpose,but im-
proving on theseresultswasclearly going to be difficult.



One type of bridging descriptionsin which we could ex-
pectto improvetheperformanceof thesystemwasdefinite
descriptionsreferringto antecedentsintroducedby proper
names.Our methodsfor resolvingthesebridgingdescrip-
tions worked betterthan thosefor otherclasses(R=66%,
P=95%)but state-of-the-artnamedentity recognitionsys-
temscanachieveabout90%precisionandrecall(Mikheev
etal., 1999).

Some researchers’s solution to the shortcomingsof
WordNet hasbeento augmentit by addingfurther hand-
coded information (Harabagiu,1997). In part because
we hadobservedthatmany lexical relationswerecontext-
dependent,we decidedinsteadto test vector-basedmeth-
odsfor unsupervisedlexical acquisition(Lund et al., 1995;
Scḧutze,1997). Thesemethodsarebasedon the assump-
tion thatthemeaningof each(senseof a)word 	 is simply
avectorof ‘features’–which,in thesimplestcases,aresim-
ply otherwordsthatoccurin thevicinity of 	 . Thereason
for our interestin thesemethodswerethe resultsby Lund
etal.,1995),whofoundahighcorrelationbetweenthelexi-
calassociationsacquiredin thiswayandthelexicalassocia-
tionsdiscoveredbymeansof semanticprimingexperiments
(Mosset al., 1995). Lund et al’s resultsencouragedus to
testwhethertheanchorfor a bridgingdescriptioncouldbe
foundsimplyby finding theantecedentmoststronglyasso-
ciatedwiththat description–henceforth,the PRIMING HY-
POTHESIS.1 We alsohopedthatthesemethodscouldeven-
tually beusedto traindomain-specificlexica.

In a seriesof experimentsdiscussedin (Schulte im
Walde,1997; Poesioet al., 1998),we usedthe BNC cor-
pusto acquirethis type of lexical meaningsfor the bridg-
ing descriptionsandtheirantecedentsin thecasesof bridg-
ing referencestestedin (Vieira and Poesio,2000a). Part
of our goal was to find the bestvaluesfor the corpusac-
quisitionmethod.We tried variouswindow sizes,vicinity
measures,and varioustypesof corpuspreprocessing,in-
cluding lemmatizationand tagging; the bestresultswere
obtainedwith the configurationusingwindows of size10,
lemmatizedbut untagged,andusing the cosinemetric as
a vicinity measure. With this configuration,we found
that thepriming hypothesisdidn’t hold in thesimpleform
sketchedabove–foronly 22.7%of bridgingdescriptionsthe
strongestlexical associatein the previous five sentences
wasalsothecorrectanchor. Theresultsperclassof bridg-
ing descriptionsobtainedusingthelexical knowledgebases
trainedthis wayaresummarizedin thefollowing table:

Class Total Percentage
Syn/ Hyp / Mer 4/2/2 22.2%

Names+ CompoundNouns 17 23%
Events 5 16.7%

DiscourseTopic 1 7%
Inference 6 13%

Total 46 22.7%

Thefollowing tablecomparesinsteadtheseresultswith
thoseobtainedwith WordNet(andnootherheuristics)over-
all, andon theWordNetcategoriesonly:

1This possibility has beenraised,amongothers,by Carter,
1987).

Class Total WordNet Vector-Based
Syn/ Hyp / Mer 38 4/8/3(39%) 4/2/2(22.2%)

Overall 204 34 (16.7%) 46(22.7%)

As the tableshows, at leastfor synonymy the resultswith
theautomaticallyacquiredlexicawerecomparableto those
we had obtainedwith WordNet: the accuracy for syn-
onymy was36%,identicalto thatobtainedwith WordNet.
Theworseresultswereobtainedwith meronymy (accuracy
=16.7%vs25%with WordNet)andhyponymy (accuracy =
14.3%,vs. 57.1%)(Schulteim Walde,1997;Poesioet al.,
1998).And in all of thesecases,we foundthatwewerefar
from achieving the bestpossibleperformance,at leastfor
synonymy: for example,doublingthe sizeof the training
corpusfrom 50M to 100M words increasedthe accuracy
by almost50%.

A case-by-caseanalysissuggestedthatwhile theresults
were not very good, part of the problemwas the resolu-
tion method,andin particularthe fact thatwe didn’t keep
trackof thecurrentlocal focus.The‘window’ heuristicfor
trackingglobalsaliencewassimultaneouslytoo restrictive
andnot restrictive enough.On the onehand,fully 19.6%
of the actualanchorswereoutsidethe 5-sentencewindow
wewereusing.Ontheotherhand,in anumberof casesthe
anchorsuggestedby thealgorithmis canbearguedto bese-
manticallycloserthantheactualantecedent,which is how-
ever the local focusor at leastcloser. In onecase,the al-
gorithmsuggestedthelexical associatecustomerasthean-
tecedentof market, whereastheactualanchoris the(genre-
specific)hyponym phoneservice. In an extremecase,the
algorithmpicks up investigativecompaniesas antecedent
for thecompany, whereastheactualantecedentis aspecific
company, Pinkerton. We classifiedeachsuggestedresolu-
tion aseitherAcceptable,F (the resolutionis arguablythe
closestsemanticassociateof the bridging description,but
the ’correct’ anchoris morein focus),Lexically plausible
(althoughthedesiredoneshouldhaveperhapsbeclassified
ascloser)andWrong.29%of resolutionswereAcceptable,
21.2%F, 9.8%in classL, and39.9%W. F

Theseresults suggested,first, the need to integrate
bridgingresolutionwith a focustrackingmechanism;sec-
ond, that at least for synonymy, theseautomaticallyac-
quiredresourceswerecomparabletoWordNet,andincreas-
ing the accuracy might just be a matterof increasingthe
trainingcorpus.On theotherhand,wefelt thatthesemeth-
ods didn’t work too well for hyponymy and meronymy.
Theseconsiderationsled us, on the one hand, to under-
take extensive empirical investigationsof local andglobal
salience,discussedin (Poesioet al., 2000; Poesioet al.,
2002). In orderto improve our lexical resources,we con-
sideredusinga mixtureof lexical sourcesfor thedifferent
typesof bridgingdescriptions,acquiredin differentways.

4. Syntacticpatterns and the acquisition of
meronymic information

We wereparticularly interestedin testingwhetherus-
ing syntacticinformationwould help, given the resultsby
(Grefenstette,1993)andespeciallyHearst’s work on auto-
maticallyacquiringhyponymy information(Hearst,1998).



We concentratedon meronymy, sincetheacquisitionof in-
formationabouthyponymy hasbeenintensively studiedin
thelastyears–see,e.g.,(Caraballo,1999). Again, we used
theBritish NationalCorpusasour trainingcorpus;andwe
usedAbney’s CASS parser(Abney, 1993)to parseit.

We hypothesizedthat we would get betterinformation
aboutmeronymy by takingas’mereologicalneighbors’of
a word W not all wordsoccurringin its vicinity, but only
thoseoccurringin certainsyntacticconstructions,suchas
the Z of W or Z’s W. E.g., windowwould be considereda
’mereologicalneighbor’or car if it frequentlyoccurredin
constructionssuchas the car’s window. We identifiedthe
constructionsof interestby following a methodsuggested
by Hearst,1998) –recordthe pairs of wordsoccurringin
thecorpusin thetheZ of Wconstruction,andthenlook for
otherconstructionsin which thesepairsof wordsoccurred.
By thismethodweidentifiedthefollowing constructionsas
potentiallyrelevant:

THE-NPs with OF: theNPof NP

BARE NPswith OF: NP of NP

Possessives: NP’sNP

Nominal Compounds: NP N

We usedthesametexts as(Vieira andPoesio,2000a;Poe-
sioetal.,1998)to evaluateourmodels.Thealgorithmcon-
structsfor eachheadnounN of a bridging descriptionin
thetestcorpusavectorrecordingthefrequency with which
otherwordsoccurtogetherwith N in oneof the construc-
tionslistedabove. During evaluation,we usemutualinfor-
mation(Brown et al., 1992)to identify theclosest’mereo-
logical antecedent’of eachbridgingdescriptionamongthe
antecedentscontainedin thefiveprevioussentences:
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(for antecedentsrealized by proper names,we use the
namedentity softwarediscussedin (Mikheev et al., 1999)
to assignto eachpropernamea type like ORGANIZA-
TION, PERSONorLOCATION, andthencomputethemu-
tual informationbetweenthebridgingdescriptionandthis
type).

Weranaseriesof experimentsto identify themostuse-
ful constructions–firstusingsingleconstructionsto trainthe
lexical knowledgebase,thencombinationsof them.There-
call andprecisionfiguresfor thefour constructionsfor the
caseof meronymy areasfollows:

Construction Recall Precision
theZ of W 7 (58.3%) 70%

Z of W 3 (25%) 50%
Possessives 2 (16.7%) 66.7%

CompoundNouns 0 (0/

The best resultswere obtaineddropping the ’Compound
Nouns’ costructionandcombiningthe lexical knowledge
basesacquiredwith the other threeconstructions:in this
way we obtained66.7%recalland72.7%precisionon the
the mereologicaldescriptions,as opposedto 25% using

WordNetand16.7%usingpurevectorassociationobtained
before.Theoverallcomparisonswith theothermethodsare
asfollows:

Class Total WordNet Vector-Based Constructions
Syn/ Hyp / Mer 38 4/8/3(39%) 4/2/2(22.2%) 1/0/8(23.7%)

Overall 204 34 (16.7%) 46(22.7%) 34 (16.7%)

Furtherdetailsin (Ishikawa,1998).

5. RelatedWork
As mentionedabove, the idea of usingsyntacticcon-

structionsto acquirerelation-specificinformationwas in-
spiredby work by Hearst,1998)on acquiringhyponyms.
In parallelwith us2 BerlandandCharniak,1999)alsoat-
temptedto extract part-of informationby identifying con-
structionsin corpora.Themainadvantageof thatwork with
respectto ours is that log-likelihoodwas usedinsteadof
mutualinformation,which haswell-known problemswith
rare events; on the other hand, the knowledgebasesac-
quiredby BerlandandCharniakwerenot usedto resolve
anaphoricexpressions,so we do not have direct ways of
comparingtheresults.

6. Topicsfor Future Research and
Conclusions

Addressingthe problemof resolvingbridging descrip-
tionsis apromisingway to attacktheproblemof theuseof
lexicalandcommonsenseknowledgein interpretation.This
problemhoweveris fairly hard:in partbecause‘knowledge
poor’ methodsdon’t work verywell in thiscase,in partbe-
causeit’snotclearhow humansthemselvesdealwith them.

Ourexperiencessofarsuggestthatalthoughourcurrent
resultsarefarfrom satisfactory, lexical acquisitionmethods
canbemadeto work for certaintypesof bridgingdescrip-
tions,especiallywhena combinationof methodsis usedto
acquirethe type of knowledgeneededto resolve different
typesof bridgingdescriptions(traditionalclusteringmeth-
odswork well for synonymy, but not other’WordNetrela-
tions’; usingconstructionsworkswell for meronymy).

Longerterm,our methodsneedto be supplementwith
robust methodsfor focus tracking,andwith ways for ac-
quiringencyclopedicandcausalknowledge.

Acknowledgments
This work in part supportedby an EPSRCAdvanced

ResearchFellowship (MassimoPoesio). MassimoPoesio
wishesto thank Chris Brew, Will Lowe, Scott MacDon-
ald,MariaTeresaPazienza,andPeterWiemer-Hastingsfor
comments.Thanksalso to audiencesat the University of
Edinburgh, University of Essex, andUniversita’ di Roma
Tor Vergata.

7. References
Abney, S., andM. Light, 1999. Hiding a SemanticClass

Hierarchyin a Markov Model . In Proc. of ACL Work-
shopon UnsupervisedLearning in NLP. University of
Maryland.

2Our originalexperimentswerepartof (Ishikawa,1998).



Berland,M. andCharniak,E. 1999. FindingPartsin Very
LargeCorpora.In Proc. of the 37thACL. Universityof
Maryland.

Brent, 1993. . From grammarto lexicon: unsupervised
learning of lexical syntax. ComputationalLinguistics,
19(3):243–262.

Brown, P., V. J. D. Della Pietra, P. V. DeSouza,J. C.
Lai, and R. L. Mercer, 1992. Class-basedn-grams
modelsof naturallanguage.ComputationalLinguistics,
18(4):467–479.

Caraballo, S. A., 1999. Automatic acquisition of a
hypernym-labelednounhierarchyfrom text. In Proc. of
theACL.

Carter, D. M., 1987. InterpretingAnaphorsin Natural Lan-
guageTexts. Chichester, UK: Ellis Horwood.

Clark, H. H., 1977. Bridging. In P. N. Johnson-Laird
andP.C. Wason(eds.),Thinking: Readingsin Cognitive
Science. LondonandNew York: CambridgeUniversity
Press.

Fellbaum,Christiane,editor. 1998. WordNet: An elec-
tronic lexical database. TheMIT Press.

Grefenstette,G., 1993. SEXTANT: extracting semantics
from raw text. Heuristics.

Harabagiu,S., 1997. WordNet-BasedInferenceof Textual
Context, Cohesionand Coherence. PhD Dissertation,
Universityof SouthernCalifornia.

Hawkins, J. A., 1978. Definitenessand Indefiniteness.
London:CroomHelm.

Hearst,M. A., 1998. Automateddiscovery of wordnetre-
lations. In C. Fellbaum(ed.), WordNet: An Electronic
Lexical Database. MIT Press.

Ishikawa,T., 1998. Acquisitionof AssociativeInformation
and Resolutionof Bridging Descriptions. MSc thesis,
Universityof Edinburgh,Departmentof Linguistics.

Lappin,S.andH. J.Leass,1994.An algorithmfor pronom-
inal anaphoraresolution. ComputationalLinguistics,
20(4):535–562.

Lund, K., C. Burgess,and R. A. Atchley, 1995. Seman-
tic andassociative priming in high-dimensionalseman-
tic space.In Proc.of the17thAnnualConferenceof the
CognitiveScienceSociety.

Manning, C. D., 1993. Automatic acquisitionof a large
subcategorizationdictionary from corpora. In Proc. of
the31stACL. p. 235–242.

Mikheev, A., M. Moens,andC. Grover, 1999. NamedEn-
tity recognitionwithout gazetteers.In Proc. of EACL.
Bergen,Norway: EACL.

Mitkov, R., 1998. Robustpronounresolutionwith limited
knowledge.In Proc.of the18thCOLING. Montreal.

Morton, T., 2000. Coreferencefor NLP applications. In
Proc.of the38thACL. HongKong.

Moss,H. E., R. K. Ostrin,L. K. Tyler, andW. D. Marslen-
Wilson, 1995. Accessingdifferent typesof lexical se-
manticinformation: Evidencefrom priming. Journal of
ExperimentalPsychology: Learning, MemoryandCog-
nition:863–883.

Poesio,M., H. Cheng,B. Di Eugenio,J.M. Hitzeman,and
R. Stevenson,2002. A corpus-basedevaluationof cen-
teringtheory. Submitted.

Poesio, M., H. Cheng, R. Henschel, J. M. Hitzeman,
R. Kibble, andR. Stevenson,2000. Specifyingthe pa-
rametersof CenteringTheory:acorpus-basedevaluation
usingtext from application-orienteddomains.In Proc.of
the38thACL. HongKong.

Poesio,M., S.Schulteim Walde,andC. Brew, 1998.Lex-
ical clusteringanddefinitedescriptioninterpretation.In
Proc. of the AAAI Spring Symposiumon Learning for
Discourse. Stanford,CA: AAAI.

Poesio,M. andR. Vieira,1998. A corpus-basedinvestiga-
tion of definitedescriptionuse.ComputationalLinguis-
tics, 24(2):183–216.Also available as ResearchPaper
CCS-RP-71,Centrefor CognitiveScience,Universityof
Edinburgh.

Poesio,M., R. Vieira, and S. Teufel, 1997. Resolving
bridging referencesin unrestrictedtext. In R. Mitkov
(ed.),Proc.of theACL WorkshoponOperationalFactors
in RobustAnaphora Resolution. Madrid. Also available
as HCRC ResearchPaperHCRC/RP-87,University of
Edinburgh.

Resnik, P., 1993. Selectionand information: a class-
basedapproach to lexical relationships. PhD Disserta-
tion, Universityof Pennsylvania.

Schulteim Walde, S., 1997. Resolvingbridging descrip-
tions in high-dimensionalspace. Studienarbeit,Univer-
sitiesof StuttgartandEdinburgh.
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