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Abstract

The WordNet lexical ontology which is
primarily composedof common nouns,
has beenwidely usedin retrieval tasks.
Here, we explore the notion of a fine-
grainedproper noun ontology and argue
for the utility of suchan ontologyin re-
trieval tasks. To supportthis claim, we
build a fine-grainedproper noun ontol-
ogy from unrestrictednews text and use
this ontology to improve performanceon
aquestionansweringask.

1 Introduction

The WordNetlexical ontology (Miller, 1990) con-
tainsmorethan100,000uniquenounforms. Mostof
thesenounformsarecommonmoungnounsdescrib-
ing non-specificmembersof a generalclass, e.g.
“detective”). Only asmallpercentageof the nouns
in WordNetarepropernouns(nounsdescribingspe-
cific instancese.g.“[the detectve] Columbo”).
The WordNet ontology has beenwidely useful,
with applicationsin information retrieval (Sussna,
1993),text classification(Scottand Matwin, 1998),
and question answering (Pasca and Harabagiu,
2001). Thesesuccessebave shavn that common
nounontologieshave wide applicabilityandutility.
There exists no ontology with similar coverage
and detail for propernouns. Prior work in proper
noun identification has focusedon 'named entity’

1A random100 synsetsamplewascomposedf 9% proper
nouns.

recognition(Chinchoretal., 1999),stemmingfrom
theMUC evaluations.In thistask,eachpropermoun
is cateyorized,for example,asa PERSON, a LOCA-
TION, or anORGANIZATION.

Thesecoarsecatgorizationsareuseful,but more
finely grainedclassificationmight have additional
adwantages. While Bill Clinton is appropriately
identifiedasa PERSON, this neglectshis identity as
a president,a southernerand a saxophoneplayer
If aninformationrequesidentifiesthe objectof the
searchnot merely as a PERSON, but as a typed
proper noun (e.g."“a southerrpresident”) this pref-
erenceshouldbe usedto improve the search.

Unfortunately building a propernoun ontology
is more difficult thanbuilding a commonnounon-
tology, sincethe setof propernounsgrons more
rapidly. New peopleareborn. As peoplechange,
their classificationmust changeaswell. A broad-
coveragepropernounontology mustbe constantly
updated. Therefore,to proposea viable system,a
method howeverlimited, mustbe presentedo build
apropernounontology

In thispaperwe exploretheideaof afine-grained
propemounontologyandits usein questioranswey
ing. We build a propernoun ontology from unre-
strictedtext usingsimpletextual co-occurrenc@at-
terns(Section3).Thisautomaticallyconstructean-
tology is thenusedon a questionansweringtaskto
give preliminaryresultson the utility of this infor-
mation(Sectiond).

2 Ontologiesfor Question Answering

Modernquestionansweringsystemsely heavily on
thefactthatquestionsontainstrongpreferencesor



Who'sthelead singer of the Led Zeppelinband?

Whois the prophet of thereligion of Islam?

The1974film ‘That's Entertainment'wasmadefrom film clips from whatHollywood studio?
Whatking of Babylonia reoiganizedthe empireunderthe Codethatbearshis name?

Whatrock ‘n‘ roll musician wasbornRichardPennimaron Christmaay?

Whatis theoldestcar company which still existstoday?

Whatwasthe nameof thefemale Disco singer who scoredwith thetune‘Dim All theLights’ in 1979?
Whatwasthe nameof thefirst Russian astronaut to doaspacevalk?

Whatwasthe nameof the US helicopter pilot shotdown over North Korea?

Which astronaut did Tom Hanksplayin ‘Apollo 13'?

WhichformerKlu Klux Klan member won anelectedoffice in theU.S.?

Whois the Greek goddess of retribution or vengeance?

Whois theauthor of thebook,“The Iron Lady: A Biographyof MargaretThatcher”?
Whowasthelead actress in themovie “Sleeplessn Seattle™?

Tablel: Questiondndicatinga TypedProperNounPreferencé€Trivia andTrec-8/9Questions)

thetypesof answerghey expect.Kupiec(1993 ob-
senesthatthe WH word itself providespreferences
(e.g. “Who” questionsprefer PERSON answers).
He furtherobseresthatquestionsalsoincludetype
preferencesn other partsof the question. Some-
timesthesepreferencesccurwithin the WH phrase
(“what color”), andsometimeghey areembedded
elsevhere within the question(“what is the color
...). In both,the questionindicatesa preferencdor
colorsasanswers.

Currentquestionansweringsystemsuse ontolo-
gieswhenthesetype preferencesiredetected.One
simplemethodis asfollows: whenatypepreference
is recognized the preferencds locatedwithin the
WordNetontology and children of that synsetare
treatedaspotentialanswers Giventhe question‘in
pool, whatcolor is the eight ball?”, andthe ontol-
ogy excerptshavn in Figure 1, the systemcannar
row down the rangeof choices. This approachhas
high precision:if thetypepreferenceanbelocated,
andacandidateansweiis foundin achild node(in a
suitablecorpuscontext), thenthe candidatas likely
to betheanswer

Harabagiwetal. (2000 proposesanothemethod
for usinganontology: WordNetsubtreesrelinked
to typesrecognizedby a namedentity recognizer
Their systemworks asfollows: given the question
“What is the wingspan of a condor?”,it locates
“wingspan”in theWordNetontology It thendetects
that“wingspan”falls into the MAGNITUDE subtree

which is linked to the QUANTITY type. This links
wordsin the MAGNITUDE subtredo numbers.

While the WordNet ontology is primarily com-
posedof commonnouns,it containssomeproper
nouns,typically thoseleastlikely to be ephemeral
(e.g. countries,cities, and famousfiguresin his-
tory). Thesecan be usedas ary other common
nounsare used. Given the question“Which com-
poserwrote ‘The Marriageof Figaro'?”, the Word-
Net ontology will provide the fact that “Wolfgang
AmadeusMozart” is acomposer

Table 1 lists samplequestionswhere a proper
nounontologywould be useful. Someof the proper
nountypesarerelatively static (Greekgods,kings
of Babylonia).Othercatgyoriesaremoreephemeral
(leadsingers,British actresses) WordNetenumer
ates70 Greekgodsand80kings,but noleadsingers
andno British actresses.

RavichandrarandHovy (2002 presentan alter
native ontology for type preferenceand describea
methodfor usingthis alternatve ontologyto extract
particularanswersisingsurfacetext patterns.Their
proposedontology is ordersof magnitudesmaller
thanWordNetandontologiesconsiderechere,hav-
ing lessthan200nodes.

3 Building a Proper Noun Ontology

In orderto betteransweithequestionsn Tablel, we
built a propernounontologyfrom approximatelyl
gigabyteof AP news wire text. To do so, we tok-



WordNet
Type color
Preference

achromatic color ~ chromatic color
Answer black| white grey red biue pink

Figure1: Using WordNetto Directly Provide Type
Preferences

WordNet

magnitude

/o

distance, length  size

amount

Type light time altitude
Preference
Named Entity Recognizer
L’””' quantity
Answer

Figure2: Linking WordNetsubtreeso aNamedEn-
tity Recognizer

enizedand part-of-speechtiaggedthe text, andthen

searchedor instanceof a commonnounfollowed

immediatelyby a propernoun. This patternde-

tectsphrase®f theform ‘[the] automalkr Mercedes
Benz’, andis ideally suitedfor propernouns.in AP

news wire text this is a productve and high preci-

sion pattern,generatingnearly 200,000uniquede-

scriptions,with 113,000differentpropernounsand
20,000different descriptions. In comparison,the

“suchas” pattern(Section5) occurdessthan50,000
timesin the samesize corpora. Table2 shavs the

descriptiongyeneratedor a few propernounsusing
this simplepattern.

To assestheprecisionof the extractions we took
asampleof 100patternsextractedirom the AP-navs
text. Fromthesel00, 79 of the items classifiedas
namedentitieswerein factnamedentities,and out
of those 60 (75%) hadlegitimatedescriptions.

Singer
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\ \
Lead Singer Folk Singer

Axel Rose Burl Ives
Bono Emmanuel Charlemagn
Jim Morrison Hou Dejian
John Fogerty Joan Baez

Marjo Leinonen John Denver

| v v Y

Figure 3: Subsetof 'singer’ subtreein the Induced
ProperMNounOntology

To build thecompleteontology first eachdescrip-
tion and propernounforms its own synset. Then,
links areaddedrom descriptiorto eachpropemoun
it appearswith. Furtherlinks are put betweende-
scriptions“X Y” and “Y” (houn compoundsand
their heads).Clearly this methodis problematicin
the casesof polysemouswords or comple noun-
noun constructiong“slalom king”) andintegrating
this ontology with the WordNet ontology requires
furtherstudy

This propernounontologyfills mary of theholes
in WordNetsworld knowledge.While WordNethas
no lead singersynset,the inducedpropernounon-
tology detects13 distinct lead singers(Figure 3).
WordNethas?2 folk singers;the propernounontol-
ogy has20. In total, WordNetlists 53 propernouns
assingerswhile the inducedpropernounontology
hasmorethan900. While the inducedontologyis
notcompletejt is morecompletehanwhatwaspre-
viously available.

As canbeseerfrom thelist of descriptiongener
atedby this pattern peoplearedescribedn avariety
of differentways, andthis patterndetectsmary of
them. Table3 shaws the descriptionggeneratedor
a commonpropernoun (“Bill Gates”). Whenthe
descriptionsare groupedby WordNet synsetsand
sensesnanuallyresohed,thevarietyof descriptions
decreasedramatically(Figure4). “Bill Gates”can
be describedby a few distinctroles,anda distribu-
tion over thesedescriptiongprovide aninformative
understanding:leader(.48), businesspersof.27),
worker (.05), originator(.05), expert(.05), andrich
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skilled worker ‘WhiZ ‘

orginator

‘ mogul ‘

chairman ‘ executive ‘

‘ entrepreneur‘

official ‘ pioneer ‘ ‘ founder ‘

officer

Figure4: Descriptionsof Bill GatesOrganizedinto WordNet,

obsered description%rbomd

Table2: ProperNoun DescriptionsExtractedfrom
News Corpora

person(.02). Steve Jobswho hasa careempathsim-

ilar to Bill Gateshasasimilarbut distinctsignature:

originator(.6), expert(.4).

One immediateobsenration is that someof the
descriptionsmay be more relevant than others. Is
Gates’role asan ‘office worker’ asimportantashis
role asa‘billionaire’? Thecurrentsystemmalesno
decisionandtreatsall descriptionsas equallyrele-
vantandstoresall of them. Thereis no needto re-
jectdescriptionssincethereis no humancostin su-
perfluousor distractingdescriptiongunlike in sum-
marizationtasks). It is importantthatno invalid de-
scriptionsareadded.

The previous exampleshave focusedon proper
nounswhich are peoples names. However, this
methodworks for mary organizationsas well, as

ProperNoun Count Description ProperNoun | Count Description

Axel Rose 3 singer Bill Gates 15 chairman
2 leadsinger 9 mogul,tycoon,magnate
2 vocalist 2 officer

EmmaThompson| 3 actress 2 whiz, genius

Mercedes-Benz | 4 Luxury carmaker 1 pioneer
4 carmaker 1 head
3 automaler 1 founder
2 family 1 executve
2 luxury 1 entrepreneu
1 gold 1 boss
1 service 1 billionaire
1 subsidiary

Table 3: Bill GatesDescriptionsin AP Newswire,
groupedby WordNetsynset

the datain Table2 shav. However, while descrip-
tion extractionfor peopleis high quality (84% cor-
rectdescriptionsn a 100 examplesample)for non-
people proper names,the quality of extraction is
poorer (47% correctdescriptions). This is a trend
which requiresfurther study

4 Using a Proper Noun Ontology in a
Question Answering Task

We generatedhe above ontology and usedit in a
sentenceomprehensiomask: givena questionand
a sentencevhich answerghe question,extract the
minimal shortanswero the questionfrom the sen-
tence.Thetaskis motivatedby the obseration that
extracting shortanswersis more difficult than ex-
tracting full sentenceor passageengthones. Fur



Ontology Correct| Total Precision
Answered

WordNet 127 169 75.1

IPNO 46 67 68.6

WN +IPNO | 145 194 74.7

Table4: Performancen a TestCorpuswhenan|n-
ducedProperNoun Ontology (IPNO) is combined
with Wordnet

thermoreretrieving answergrom smallerdocument
spacesnaybemoredifficult thanretrieving answers
from larger ones,if smallerspaceshave lessredun-
dant coverageof potential answers. In this sen-
tencecomprehensionask, thereis virtually no re-

dundang. To generatedatafor this task, we took

trivia gameswhich, alongwith the question,hada

full sentencexplanation(Mann,2002).

Baselineexperimentausedthe WordNetontology
alone. From a semantictype preferencestatedin
the questionaword wasselectedrom the sentence
asan answerif wasa child of the type preference.
‘Black’ would be picked asan answerfor a ‘color’
typepreferencdFigurel).

To utilize the inducedpropernounontology we
took the raw dataandselectedhe trailing nounfor
eachpropernoun and for eachdescription. Thus,
for an extractionof the form “computermogul Bill
Gates”, we addeda pattern of the form “Gates
mogul”. We createdan ontology from thesein-
stancexompletelyseparatdrom the WordNeton-
tology:.

We put this inducedproper noun ontology into
the pipelineasfollows: if WordNetfailedto find a
match,we usedtheinducedoropemounontology If
thatontologyfailedto find a match,we ignoredthe
qguestion.n afull systemanamedentity recognizer
mightbeaddedo resol\e theotherquestions.

We selectedl000trivia gameguestionsatrandom
to testout the new two-ontology system. Table 4
shaws the resultsof the experiments. The boostis
clear: improved recall at slightly decreasegreci-
sion. Gainsmadeby inducingan ontologyfrom an
unrestrictedext corpus(newstext) andapplyingit to
a unmatchedestset(trivia games)suggestshata
broad-c@eragegeneralpropernoun ontology may
beuseful.

It is further surprising that this improvement

comesat sucha small cost. The propernoun on-
tology wasnt trimmed or filtered. The only disad-
vantageof this methodis simply that its coverage
is small. Coveragemay be increasedy usingever
larger corpora. Alternatiely, differentpatterngfor
example, appositves) may increasethe numberof
wordswhich have descriptions A rougherroranal-
ysissuggestshatmostof theerrorscomefrom mis-
tagging,while few comefrom correctrelationships
in theontology This suggestshatattemptsat noise
reductionmightbeableto leadto largergainsin per
formance.

Anotherpotentialmethodfor improving coverage
is by bootstrappingdescriptions. Our test corpus
containeda questionwhoseanswemwas“Mercedes-
Benz”, and whosetype preferencewas “car com-
pary”. While our propernoun ontology contained
a relatedlink (Mercedes-Benautomalr), it did
not containthe exactlink (Mercedes-Benzarcom-
pary). However, elsavherethereexisted the links
(Opelautomaler) and (Opel car compary). Poten-
tially thesedescriptionscould be combinedto infer
(Mercedes-Benzarcompary). Formally:

(BY)and(A Y)and(A Z) = (B 2)

(Mercedes-Benzautomalkr) and (Opel
automalker) and (Opel car compay) =
(Mercedes-Bengzarcompary)

Expandingdescriptionsisingatechniqudik e this
may improve coverage. Still, care must be taken
to ensurehat properinferencesaremadesincethis
rule is not always appropriate.Bill Gatesis a ten-
billionaire; Steve Jobsisn't.

5 Prior Work in Building Ontologies

There has been considerablework in the past
decadeon building ontologies from unrestricted
text. Hearst(1992 usedtextual patternge.g. “such
as”) to identify common class members. Cara-
ballo and Charniak (1999) and Caraballo (1999)
augmentedtheselexical patternswith more gen-
eral lexical co-occurrencestatistics (such as rel-
ative entropy). BerlandandCharniak(1999 use
Hearststyle techniquedgo learn merorym relation-
ships (part-whole) from corpora. There has also
beenwork in building ontologiesfrom structured



CorrectAnswer Question

(Debbie)Reynolds | Whatactress onceheldthetitle of ‘Miss Burbank’?

(Jim) Lovell Which astronaut did Tom Hanksplayin ‘Apollo 13'?

Xerxes Which Persiarking movedaninvasionforce acrosghe
Hellesponion a bridgeof ships?

(Donna)Summer | Whatwasthe nameof thefemaleDiscosinger
who scoredwith thetune‘Dim All theLights’ in 1979?

MGM The 1974film ‘That's Entertainment!'wasmadefrom film
clips from whatHollywood studio?

Table5: Successesf the ProperNoun Ontologyfor the QuestionAnsweringtask

text, notablyin the AQUILEX project(e.g. Copes-
take, 90) which builds ontologiesfrom machine
readablalictionaries.

The mostclosely relatedwork is (Girju, 2001),
which describesa methodfor inducing a domain-
specificontology using someof the techniquege-
scribedin the previous paragraphThis inducedon-
tology is then potentialuseful for a matchedques-
tion domain. Our paperdiffers in that it targets
propernouns,in particularpeople,which are over
looked in prior work, have broadapplicability and
canbeusedin across-domairashion.Furthermore,
we presentinitial resultswhich attemptto gauge
coverageimprovementasaresultof theinducedon-
tology:.

Anotherrelatedline of work is word clustering.
In theseexperimentsthe attemptis madeto cluster
similarnounswithoutregardto formingahierarchy
Pereiraetal. (1993)presentednitial work, cluster
ing nounsusing their noun-\erb co-occurrencen-
formation. Riloff andLehnert(1993 build seman-

tic lexiconsusing extraction patternco-occurrence.

Lin andPantel(200]) extendthesemethodsby us-
ing mary differenttypesof relationsandexploiting
corporaof tremendousize.

The importantdifferencefor this work between
the hierarchicalmethodsand the clusteringmeth-
ods s that clustersare unlabelled. The hierarchi-
cal methodscanidentify thata “JeepCherolee” is a
typeof car. In contrasttheclusteringmethodgyroup
togetherelatednouns but exactly whatthe connec-
tion is may be difficult to distinguish(e.g. the clus-
ter “Sierra Club”, “Environmental DefenseFund”,
“Natural Resource®efenseCouncil”, “Public Cit-
izen”, “National Wildlife Federation”). Generating

labelsfor propernounclustersmay be anothemway
to build apropernounontology

The method we use to build the fine-grained
propernameontology also resemblessomeof the
work donein coarse-grainedamedentity recogni-
tion. In particular CollinsandSinger(1999)present
asophisticateanethodfor usingbootstrappingech-
niquesto learnthe coarse-classificatiofor a given
propernoun. Riloff andJoneq1999)alsopresenia
methodto usebootstrappingo createsemantidexi-
consof propernouns.Thesemethodsmay be appli-
cablefor usein fine-grainedpropernoun ontology
constructioraswell.

Schifmanetal. (2001) describenvork onproduc-
ing biographicalsummaries.This work attemptso
synthesizeone descriptionof a personfrom multi-
ple mentions. This summaryis anendin itself, as
opposedo generalknowledgecollected. Thesede-
scriptionsalso attemptto be parsimoniousn con-
trastto the ratherfree associationgxtractedby the
methodpresentedbove.

6 Conclusions

In this paperwe have motivatedthe useof a proper
noun ontology for questionanswering. We de-
scribeda methodfor inducing piecesof this on-
tology, and then shaved preliminary methodscan
be useful. Prior work on proper nouns has fo-
cusedon classifying them into very coarsecate-
gories(e.g. PERSON, LOCATION). As this paper
has shavn, thesecoarseclassificationscan be re-
finedfortuitously especiallyfor the PERSON type.
This paper demonstrateghat inducing a gen-
eral ontology improves questionansweringperfor
mance Previouswork examinedontologyinduction



for a specializeddomain. It is somavhat surprising
thatanontologybuilt from unrestrictedext canlead
to improvementon unmatchedjuestions.

Theexperimentsve performeddemonstratethat
thoughtheprecisionof theontologyis high, thecru-
cial problemis increasingcoverage. Tackling this
problemis an importantareaof future work. Fi-
nally, thiswork opensup a potentialnen avenuefor
work oninducingpropermounontologies.Thereare
doubtlesslymary morewaysto extractdescriptions
andto improve coverage.
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