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Abstract
The lack of adequateébasesof commonsenser even lexical knowvledgeis perhapsthe main obstacleto the developmentof high-
performanceyobust tools for semanticinterpretation. It is also generallyacceptedhat, notwithstandingthe increasingavailability
in recentyearsof substantiahand-codedexical resourcesuchasWordNetandEuroWordNet,addressinghe commonsensknowledge
bottleneckwill eventuallyrequirethe developmentof effective techniquesor acquiringsuchinformationautomaticallye.g.,from cor
pora.Wediscusgesearchaimedatimproving theperformancef anaphoraesolutionsystemsy acquiringthecommonsensknowledge
requireto resole the morecomple casef anaphorasuchasbridging referencesWe focusin particularon the problemof acquiring

informationaboutpart-ofrelations.

1. Intr oduction

The lack of adequatébasesof commonsenser even
lexical knowledgeis perhapghe main obstacleto the de-
velopmentof high-performancerobust tools for seman-
tic interpretation(except for casedlike pronouninterpre-
tation, where a lot can be achieved on the basisof syn-
tactic information only). It is also generally accepted
that, notwithstandingthe increasingavailability in recent
yearsof substantiahand-codedexical resourcesuchas
WordNetand EuroWbrdNet,addressinghe commonsense
knowledgebottleneckwill eventuallyrequirethe develop-
mentof effective techniquesfor acquiringsuchinforma-
tion automatically e.g.,from corpora. Most currentwork
on lexical acquisitionso far, however, hasfocusedon ac-
quiring the type of knowledgeneededo improve the per
formanceof parserse.g.,subcatgorizationframes(Brent,
1993; Grefenstette1993; Manning, 1993; Resnik,1993;
Abney andLight, 1999)- ratherthansemantidnterpreters.
And alot of work onlexical acquisitionhasnotbeenshown
to improve the performancen othersemantidasks.

Thegoalof our researchs to improve the performance
of anaphoraesolutionsystemsby acquiringthe common-
sense&knowledgerequireto resohethemorecomplex cases
of anaphorasuchasbridging referencesWe alsohopeto
acquirein the procesdnsightsinto whatkind of common-
senseknowledgeis actually neededfor the task. In pre-
vious work, we developeda systemfor resolvingdefinite
descriptionghat employed heuristicalmethodsfor identi-
fying discoursenew descriptionsanduseda combination
of accesso WordNet1.6 andheuristicsto resole bridging
descriptiongPoesioandVieira, 1998; Poesioet al., 1997;
Vieira and Teufel, 1997; Vieira, 1998; Vieira and Poesio,
2000b;VieiraandPoesio,2000a). This systemwasexten-
sively evaluated,allowing us to identify where common-
sense&knowledgeis actuallyneededandwhattype- in par
ticular, devising a classificationfor bridging descriptions
dependingon the sourcesof knowledge neededto solve

them(Poesioet al., 1997; Vieira and Teufel, 1997; Vieira,
1998).Morerecently we have beenusingthedatacollected
in this first projectto improve the systemin particularar-

easandespeciallytheresolutionof bridgingreferencesin

this paperwe discusgshesemorerecentresults.

2. A Heuristic-BasedSystemfor Robust
Definite Description Resolution

The starting point for this discussionare the systems
for resolvingdefinitedescriptiongexpressionsik ethecar)
discussedn (VieiraandPoesio,2000b;Vieira andPoesio,
2000a). A first importantcharacteristiof this work was
that the developmentof thesesystemswas basedon the
extensive corpusanalysisreportedin (Poesioand Vieira,
1998);asecondnewasthattheannotateaorpusproduced
asa resultof the analysiswasthenusedto systematically
evaluatethesystems.

Thecorpusstudydiscussedh (PoesicandVieira, 1998)
revealedthat on average,our annotatorsclassifiedmore
than half of all definite descriptionsas first-mention—de-
scriptionswithout an explicit antecedentn the previous
discourse. Of these,about22% were ‘largersituation’,
suchasthe Queredo Plains of Nenvw Mexico in (1a); 22%
‘unfamiliar;, like the economidknow-howto steerthe city
througha possibldiscalcrisisin (1b); and8% ‘associatve’
(or ‘bridging references(Hawkins, 1978; Clark, 1977)),
like thekitchenin (1c).

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

throughthe afternoonsun.

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



c. Onceinside, she spendsnearly four hours
measuringand diagrammingeachroom in
the 80-yearold house gatheringenoughin-
formationto estimatewhatit would costto
retuild it. While sheworksinside,atenant
returnswith severalfriendsto collectfurni-
tureandclothing. Oneof thefriendssweeps
broken dishesand shatteredglass from a
countertopand startsto pack what can be
sahagedfrom thekitchen

Theresultconcerninghe prevalenceof discourse-ne 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 predicatelik e fact,

result and if the definite was post-modifiedby a rela-
tive clause.Overall, theseheuristicsachieved R=69%and
P=72%. For anaphorawe developedheuristicsfor deal-
ing with premodificationto avoid, e.g.,a matchbetween
thered car andthe blue car, while allowing the houseto

matchthe 80-yearold Victorian house We also develop
segmentatiorheuristics to restrictthe numberof potential
antecedentsOverall, the systemachiezed 62% recall and
83% precisionon anaphoricsameheaddescriptions.

Our work on bridging descriptions—themain topic of
this paper was basedon a classificationof bridging de-
scriptionsinto classesdependingon the sort of informa-
tion neededo resolhe them(Poesicetal., 1997;Vieiraand
Teufel, 1997; Vieira, 1998)which heaily relied on previ-
ousclassificationgproposedy (Clark,1977;Sidner 1979;
Strand,1996).We identifiedthe following classes:

e casedasedon well-definedlexical relations,suchas
synorymy, hyperrymy and merorymy, that can be
found in a lexical databasesuch as WordNet (Fell-
baum,1998)—asn theflat .. .theliving room

e bridging descriptionsin which the antecedenis a
proper name and the descriptiona common noun,
whoseresolutionrequiressomeway of recognizing
the type of objectdenotedby the propername(asin
Bad ...thecomposey,

e casedn which the anchoris not the headnounbut a
nounmodifying anantecedentasin the companyhas
beensellingdiscountpadages. .. thediscounts

e casesin which the antecedentanchor)is not intro-
ducedby an NP but by a vp, asin Kadaneoil is cur-
rentlydrilling two oil wells. Theactivity...

e descriptionswhose the antecedenis not explicitly
mentionedin the text, but is implicitly available be-
causet is adiscoursdopic—e.g.theindustryin atext
referringto oil companies;

e casesn which the relation with the anchoris based
onmoregeneracommonsensknowledge e.g.,about
cause-consequencelations.

Our corpuscontained204 bridging descriptions,dis-
tributedamongtheclassesbove asfollows:

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 proposedverebasedon acombina-
tion of accesgo WordNet1.6 andheuristics(Poesicet al.,
1997; Vieira and Teufel, 1997; Vieira and Poesio,2000a).
The systemachieved R=29%and P=38%on bridging de-
scriptions.If we only considertheresolutionsdueto infor-
mationpresenin WordNet,theresultsareasfollows:

Class Total | Percentage
Syn/ Hyp/ Mer 4/8/3 39%
Namest CompoundNames| 19 25.7%
Total 34 16.7%

We foundthreetypesof problemswith WordNet. First of

all, therewasaproblemof missingdata- certainwords,like

crocidolite, were not in the lexicon. Secondly we found
that certainlexical relationswere context-dependente.g.,
slump crashandbustareall virtually synorymsin theWall

StreetJournalcorpus,but notin WordNet. And finally, we

foundthatin orderto ensurenonotonicity informationoth-

erwisepresenin WordNetwassometimedocatedin posi-
tionsthatmadeit difficult to find. Thus,for example Word-

Net containgheinformationthatfloor is partof room, but

it doesnot containthe informationthat rooms are part of

houses or homes, but only thatthey arepartof buildings;

soin orderto resohe a bridging descriptionwall on house
involvesa fairly complex searchmechanismsOur exper

imentsindicatedthat while thesemechanismémprove re-

call, they affect precisionvery badly.

Two versionsof the systemwere evaluated. Onever
sion only resoled directly anaphoricdefinitesandidenti-
fied discourse-ne descriptionsithis systemhad R=53%,
P=76%. Versionll also attemptedto find the anchors
of bridging descriptions;this versionhad a higherrecall
(57%) but alower precision(70%).

3. Addressingthe commonsensd&nowledge
bottleneck using lexical acquisition

The resultsjust mentionedwhile comparabldo those
obtainedby othersystemson the sametask,areclearly not
sufficient for ary real application. The evaluationof the
systempointedout a numberof areasvhereimprovement
wasneededo improve this performance.

Theworseresultsby far wereobtainedon bridging de-
scriptions. Part of the problemwasthat our systemdidn’t
include methodsfor resolvingbridging descriptionsased
on 'causal’ information or on thematicroles, but even on
the 19% of bridging descriptionsdependingfor their res-
olution on information containedin WordNet (synorymy;,
hyporymy, andmerorymy) we only had 39% recall. Bet-
ter lexical resourcesvere neededor this purposebut im-
proving on theseresultswas clearly going to be difficult.



Onetype of bridging descriptionsgn which we could ex-

pectto improve theperformancef the systemwasdefinite
descriptiongeferringto antecedentmtroducedby proper
names.Our methodsfor resolvingthesebridging descrip-
tions worked betterthanthosefor other classeqR=66%,
P=95%)but state-of-the-arhamedentity recognitionsys-
temscanachiese about90% precisionandrecall (Mikheev

etal., 1999).

Some researchers’ solution to the shortcomingsof
WordNet hasbeento augmentit by addingfurther hand-
coded information (Harabagiu,1997). In part because
we hadobsenedthatmary lexical relationswere context-
dependentwe decidedinsteadto testvectorbasedmeth-
odsfor unsupervisedexical acquisition(Lund etal., 1995;
Schitze,1997). Thesemethodsare basedon the assump-
tion thatthe meaningof each(senseof a) word w is simply
avectorof ‘features’-whichjn the simplestcasesaresim-
ply otherwordsthatoccurin thevicinity of w. Thereason
for our interestin thesemethodswerethe resultsby Lund
etal.,1995),whofoundahigh correlationbetweerthelexi-
calassociationacquiredn thiswayandthelexical associa-
tionsdiscoveredby meanf semantigrimingexperiments
(Mosset al., 1995). Lund et al's resultsencouragedis to
testwhetherthe anchorfor a bridgingdescriptioncould be
foundsimply by finding theantecedentoststronglyasso-
ciatedwiththat description—henceforttthe PRIMING HY-
POTHESIS.! We alsohopedthatthesemethodscould even-
tually beusedto train domain-specifidexica.

In a seriesof experimentsdiscussedin (Schulteim
Walde, 1997; Poesioet al., 1998), we usedthe BNC cor-
pusto acquirethis type of lexical meaninggor the bridg-
ing descriptionsandtheir antecedents the casef bridg-
ing referencegdestedin (Vieira and Poesio,2000a). Part
of our goalwasto find the bestvaluesfor the corpusac-
quisition method. We tried variouswindow sizes,vicinity
measuresand varioustypesof corpuspreprocessingin-
cluding lemmatizationand tagging; the bestresultswere
obtainedwith the configurationusingwindows of size 10,
lemmatizedbut untagged.and using the cosinemetric as
a vicinity measure. With this configuration, we found
thatthe priming hypothesigdidn’t hold in the simpleform
sketchedabose—foronly 22.7%of bridgingdescriptionghe
strongestiexical associaten the previous five sentences
wasalsothe correctanchor Theresultsper classof bridg-
ing description®btainedusingthelexical knowledgebases
trainedthis way aresummarizedn thefollowing table:

Class Total | Percentage
Syn/ Hyp/ Mer 4/2/2 22.2%
Namest CompoundNouns| 17 23%
Events 5 16.7%
DiscourseTopic 1 7%
Inference 6 13%
Total 46 22.7%

Thefollowing tablecomparesnsteadtheseresultswith
thoseobtainedwvith WordNet(andno otherheuristics)ver-
all, andonthe WordNetcategoriesonly:

This 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 table shaws, at leastfor synorymy the resultswith

theautomaticallyacquiredexicawerecomparableo those
we had obtainedwith WordNet: the accurag for syn-
onymy was 36%, identicalto that obtainedwith WordNet.
Theworseresultswereobtainedwith merorymy (accurag

=16.7%vs 25%with WordNet)andhyporymy (accurag =

14.3%,vs. 57.1%)(Schulteim Walde,1997;Poesicet al.,
1998).And in all of thesecaseswe foundthatwe werefar
from achieving the bestpossibleperformanceat leastfor

synorymy: for example,doublingthe size of the training
corpusfrom 50M to 100M words increasedhe accuray
by almost50%.

A case-by-casenalysissuggestethatwhile theresults
were not very good, part of the problemwas the resolu-
tion method,andin particularthe factthatwe didn’t keep
trackof the currentlocal focus. The‘window’ heuristicfor
trackingglobal saliencewassimultaneouslyoo restrictve
andnot restrictive enough. On the one hand,fully 19.6%
of the actualanchorswere outsidethe 5-sentencevindow
we wereusing.Ontheotherhand,in anumberof caseshe
anchorsuggestetty thealgorithmis canbearguedto bese-
manticallycloserthanthe actualantecedentyhichis how-
ever the local focusor at leastcloser In onecase the al-
gorithmsuggestethelexical associateustomerasthean-
tecedenbf market, whereagheactualanchoris the(genre-
specific)hyporym phoneservice In anextremecase the
algorithm picks up investigativecompaniesas antecedent
for thecompanywhereagheactualantecedens aspecific
compaly, Pinkerton We classifiedeachsuggestedesolu-
tion aseither Acceptable F (theresolutionis arguablythe
closestsemanticassociatef the bridging description,but
the'correct’ anchoris morein focus),Lexically plausible
(althoughthe desiredoneshouldhave perhapdeclassified
ascloser)andWrong. 29%of resolutionsvereAcceptable,
21.2%F, 9.8%in classL, and39.9%W. F

Theseresults suggestedfirst, the needto integrate
bridging resolutionwith a focustrackingmechanismsec-
ond, that at leastfor synorymy, theseautomaticallyac-
quiredresourcesverecomparabléo WordNet,andincreas-
ing the accurag might just be a matterof increasingthe
trainingcorpus.Ontheotherhand,we felt thatthesemeth-
ods didn’t work too well for hyporymy and merorymy.
Theseconsiderationded us, on the one hand, to under
take extensive empiricalinvestigationsof local andglobal
salience,discussedn (Poesioet al., 2000; Poesioet al.,
2002). In orderto improve our lexical resourcesye con-
sideredusinga mixture of lexical sourcedor the different
typesof bridgingdescriptionsacquiredn differentways.

4. Syntactic patterns and the acquisition of
meronymic information

We were particularly interestedn testingwhetherus-
ing syntacticinformationwould help, giventhe resultsby
(Grefenstette1993)andespeciallyHearsts work on auto-
maticallyacquiringhyporymy information(Hearst,1998).



We concentrate@dn merorymy, sincethe acquisitionof in-
formationabouthyporymy hasbeenintensvely studiedin
thelastyears—seeg.g.,(Caraballo,1999). Again, we used
the British NationalCorpusasour training corpus;andwe
usedAbney’s CASS parser(Abney, 1993)to parseit.

We hypothesizedhat we would get betterinformation
aboutmerorymy by taking as’'mereologicalneighbors’of
aword W not all wordsoccurringin its vicinity, but only
thoseoccurringin certainsyntacticconstructionssuchas
the Z of Wor Z's W. E.g., windowwould be considereda
'mereologicalneighbor’or car if it frequentlyoccurredin
constructionsuchasthe car’'s window We identifiedthe
constructionf interestby following a methodsuggested
by Hearst,1998) —recordthe pairs of words occurringin
thecorpusin thetheZ of W constructionandthenlook for
otherconstructionsn which thesepairsof wordsoccurred.
By this methodwe identifiedthefollowing constructiongs
potentiallyrelevant:

THE-NPs with OF: theNP of NP
BARE NPswith OF: NP of NP
Possessies: NP’'s NP

Nominal Compounds: NP N

We usedthe sametexts as(Vieira andPoesio 2000a;Poe-
sioetal., 1998)to evaluateour models.Thealgorithmcon-
structsfor eachheadnounN of a bridging descriptionin

thetestcorpusavectorrecordingthefrequeng with which

otherwordsoccurtogetherwith N in oneof the construc-
tionslisted above. During evaluation,we usemutualinfor-

mation(Brown etal., 1992)to identify the closestmereo-
logical antecedentof eachbridging descriptionamongthe
antecedentsontainedn thefive previoussentences:

Ia3y) = tog 55

(for antecedentsealized by proper names,we use the
namedentity software discussedn (Mikheev et al., 1999)
to assignto eachpropernamea type like ORGANIZA-
TION, PERSONor LOCATION, andthencomputehemu-
tual informationbetweenthe bridging descriptionandthis
type).

We ranaseriesof experimentdo identify the mostuse-
ful constructions—firaisingsingleconstructionso trainthe
lexical knowledgebasethencombination®f them.There-
call andprecisionfiguresfor the four constructiondor the
caseof merorymy areasfollows:

Construction Recall Precision
theZ of W 7 (58.3%) 70%
Zof W 3 (25%) 50%
Possesses 2(16.7%)| 66.7%
CompoundNouns 0 (0o/

The bestresultswere obtaineddropping the 'Compound
Nouns’ costructionand combiningthe lexical knowledge
basesacquiredwith the otherthreeconstructions:in this
way we obtained66.7%recalland 72.7%precisionon the
the mereologicaldescriptions,as opposedto 25% using

WordNetand16.7%usingpurevectorassociatiorobtained
before.Theoverallcomparisonsvith 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 (Ishikava, 1998).

5. RelatedWork

As mentionedabove, the idea of using syntacticcon-
structionsto acquirerelation-specifianformationwas in-
spiredby work by Hearst,1998) on acquiringhyporyms.
In parallelwith us® Berlandand Charniak,1999) also at-
temptedto extract part-ofinformation by identifying con-
structionsn corpora.Themainadwantageof thatwork with
respectto oursis that log-likelihood was usedinsteadof
mutualinformation,which haswell-known problemswith
rare events; on the other hand, the knowledge basesac-
quired by Berlandand Charniakwere not usedto resohe
anaphoricexpressionsso we do not have direct ways of
comparingtheresults.

6. Topicsfor Future Reseach and
Conclusions

Addressingthe problemof resolvingbridging descrip-
tionsis a promisingway to attackthe problemof the useof
lexicalandcommonsensienowledgein interpretationThis
problemhoweveris fairly hard:in partbecauséknowledge
poor’ methoddon't work very well in this casejn partbe-
causet’snotclearhow humanghemselesdealwith them.

Ourexperiencesofar suggesthatalthoughour current
resultsarefarfrom satisfictory lexical acquisitionmethods
canbe madeto work for certaintypesof bridging descrip-
tions, especiallywhena combinationof methodsds usedto
acquirethe type of knowledgeneededo resole different
typesof bridging descriptiongtraditionalclusteringmeth-
odswork well for synorymy, but not other'WordNetrela-
tions’; usingconstructionsvorkswell for merorymy).

Longerterm, our methodsneedto be supplementvith
robust methodsfor focustracking, and with ways for ac-
quiring eng/clopedicandcausaknowledge.
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