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Abstract

Recentwork in lexical resourceconstructiorhasrecog-
nizedthe importanceof contetualizing the knowledge
in existing resourcesand ontologieswith information
derived from text corpora. This paperdescribeghein-
tegration of a corpus-basedkexical acquisitionprocess
with a large, linguistically motivatedlexical ontology
This semi-automatidootstrappingprocessis usedto
producere nements additions,andmodi cationsto the
type speci cationsfor the amgumentsto predicatesn
this ontology In addition,the procedureas usedto ver
ify andmodify thelexical extensionsf theentity types
in theontology

Intr oduction

The constructionof lexical resourcedor naturallanguage
processingasksis onethatis arguably bestdonewith ex-
plicit referenceo thelinguistic phenomenandconstraints
in a particularlanguage This is the stratgy adoptedoy the
generatielexiconbasednodelusedn the SIMPLE project,
for example (Busa, Calzolari, & Lenci 2001). Databases
andontologiesof varioussizeandscopehave beenbuilt on
theseprinciples,including the BrandeisSemantidOntology
(BSO) (Pustejasky etal. 2005). Theselexical databases
have provenusefulto the eld andhavetheirown merit. But
evenwith the careandlinguistic sensitvity takenin thede-
signof suchresourcesthey suffer from not beingsupported
by evidencefrom a languagecorpusand contextualizedto
speci c linguistic usage Althoughit is importantto impose
a theoretical’'model bias” on the structureof a knowledge
baserecentwork in lexical resourceonstructiorhasrecog-
nizedtheimportanceof contextualizingthisknowledgewith
informationderivedfrom text corpora.

To remedythatissue,we have beenworking on a project
to capturethe contextual ervironmentfor predicatorsn En-
glish. This is beingdoneby the constructionof a context
dictionary, usinga methodologycalledcorpuspatternanal-
ysis(CPA) (Hanks& Pustejosky 2005). In this paperwe
describeour efforts at memging thesetwo researchefforts
in orderto exploit contextual informationderived for pred-
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icatorsin CPA in orderto enrichselectionapreferenceand
typing ervironmentin the BSO's ontology

Contextualizing Lexical Resources

Many existing lexical resourcesn the community suffer
from insufcient groundingin real corpusdata. This is
not surprising,sinceknowledgeengineeringor lexical re-
sourcess currently still a laborintensve process;asa re-
sult, lexical databasesuchasWordNetarewidely accepted
asviable resourcesn the NLP community in part dueto
theirwide coverage Neverthelessthelexical entriesin both
MRDs and lexical databasesften suffer from lack of ex-
plicit andwell-foundedcontectualization.

WordNet

Thegreatmeritof WordNetis thatit is afull inventoryof En-
glishwords.WordNetassignsvordsto “synsets”(synorym
sets),which are equatedwith “senses”.But in mary cases
WordNet's sensegreindistinguishablérom oneanotheiby
ary syntactic,syntagmaticor semanticcriteria. For exam-
ple,in WordNet2.1theverbwrite is saidto have 10 senses,
the rst four of which arelistedbelow:

1. write, composepen,indite — (producea literary work; "She
composedpoem”;"He wrotefour novels”)

2. write — (communicater expressby writing; "Pleasewrite to
meevery week”)

3. publish, write — (have (ones written work) issued for
publication;”"How mary booksdid GeogesSimenonwrite?”;
"She published25 booksduring herlong career”)

4. write, drop a line — (communicatgwith) in writing; "Write
hersoon,please!”)

Ratherthan being different sensessynsetsl and 3 seem
to berepetitionsof exactly the samesenseassociatedvith
differentsynoryms. This is an exampleof a very common
problemin WordNet. We referthe readerto Pustejasky's
argument(Pustejosky 1995)againsta “sense-enumeraté
lexicon” (one that enumerateslifferentfacetsof the same
senseas separatesenses)and Wierzbickas adviceto lexi-
cographerso “seektheinvariant” (Wierzbickal993).
WordNet's synsetsarestructurechierarchicallyin anon-
tology. Thenodesin this hierarchydo notrepresenseman-
tic classesnordothoseclassesul Il particularslotsin verb



argumentstructure.Examinationof the superordinateéhy-
peroryms)of thetensynset®f write illustratehow WordNet
fails to supplythis sortof information:

(1) createverbally; (2) communicateintercommunicate3) cre-
ate verbally; (4) correspond;(5) createverbally; (6) make, cre-
ate(whichis itself a superordinatef “createverbally”); (7) trace,
draw,line,describe,delineaté8) record, tape; (9) [No superordi-
nate];(10) createby mentalact, creatementally;

Evenif the hierarchyof semantidypeswereto be pared
down andreomanized— asthey have beenin EuroWord-
Net ((Vossenl998))— the nodesin the hierarchywith their
currentpopulationsof words, do not to shawv the associa-
tionsbetweenword sensesndsyntagmatigatternsfailing
to identify thewordsneededo expresshelatter.

FrameNet

Fillmore's work in case grammar and frame semantics
senesasa reminderof the holistic natureof verbargument
structure,with alternationsin the syntacticslotsin which
a particularsemanticagumentmay be realized. FrameNet
(Atkins, Fillmore, & Johnson(2003),Fillmore, Johnson&
Petruck(2003),Baker & Ruppenhofe(2002))aimsto trans-
late thoseinsightsinto a databaseof semanticframes,in
which all the caserolesimplied by the semanticof each
word are both statedand exempli ed explicitly (regardless
of whetherthey necessarilyoccurin all sentencei which
thewordis use).

FrameNegivesexamplesdravn from corpusdata,but its
analysisis not corpus-diven. It proceeddrame by frame,
ratherthanword by word. It relieson the intuitions of its
researcherso populateeachframe with words. This runs
therisk of accidentabmissionsandmeanghat(in principle)
no word can be regardedas completelyanalyzeduntil all
framesarecomplete.At thetime of writing, therehasbeen
noindicationof whenthatwill be,nor of thetotalnumberof
framesthattherewill be. Currently someframesoverlapto
the point of beingindistinguishablde.g.,in the caseof the
verb r €). Othersareonly partly populated.Unfortunately
someframeannouncea lexical entry ascomplete whenin
factonly minor or raresensesiave beencovered.

FrameNe® methodologywhich requiresthe researchers
to think up all possiblemembersof a Framea priori, means
that importantsenseof wordsthat have beenpartly anal-
ysedaremissingand may continueto be missingfor years
to come. Thereis no attemptin FrameNetto identify the
sense®f eachword systematicallyandcontrastvely. In its
presentform, at least,FrameNethasat leastasmary gaps
assenseskor example atthetime of writing toastis shavn
aspartof the Apply_ Heatframebut notin ary of theframes
that. includeapplaud praise or celebation. It is not clear
how or whetherthegapsareto be lled systematicallyWhat
is neededs aprincipled x —adecisionto proceedrom ev-
idence notframes.Thisis ruledoutby FrameNefor princi-
pledreasonstheunit of analysisfor FrameNets theframe,
nottheword.

VerbNet

In 2005, a rst releaseof a new resourcecalled VerbNet
becameavailable as describedn Dang, Kipper, & Palmer

(2000). VerbNettakesverb entriesfrom Levin (1993)and
addsthematicrolesunderthein uence of Fillmore's Frame
SemanticsComparisorof VerbNetentrieswith large-scale
corpusevidencerevealssomefundamentakhortcomingsn
VerbNet.Thesenclude:

1. No clear de nition of word sense Dang, Kipper, &
Palmer(2000) acknavledgethat polysemyis a “controver-
sialarea’in lexicon building andthey saythatthey “address
this problemby employing compositionalsemantics”,but
they donotshav how this relatesto actualusage.

2. Major sensesmissing The verb re is in Verb-
Net only as a “throw verb” (Levin class17.1), with the
themanticroles “Destination[+animate] Source[+location]
Theme[+concrete]"which is evidently intendedas a rep-
resentatiorof the Firearmssense.VerbNetdoesnot cover
othersense®f r g, for exampledismissasin Thecompany
r edall its employees

3. Duplication of senses For example,VerbNethasthree
sense®f write, whichis aconsiderablémprovementonthe
ten sensesn WordNetcited above, but still two too mary.

Thereis no empirically satishctory way of distinguishing
betweenwrite asa performanceLevin class26.7),scribble
(Levin class25.2),or transfermessge (Levin class37.1)

4. Err orsin thematicrolesand other details In theentry
for r e, “Destination[+animate]ls presumablyintendedto
representhetarget red at. If so,thisis asevereoverrestric-
tion —thereareplentyof examplesof locationsandphysical
objectsbeing red at.

Theseare not isolatedexamples,but exemplify a deep-
rooted and widespreadoroblemthroughoutVerbNet, aris-
ing from relianceon sourcesthat are not empirically well
founded.

Generative Lexicon

Generatre Lexicon (GL) is a theoryof linguistic semantics
which focuseson the distributed natureof compositional-
ity in naturallanguage(Pustejasky, 1995). Unlike purely
verb-basedapproacheso compositionality it attemptsto
spreadhe semantidoad acrossall constituentf an utter
ance.Fromthe natureof word meaningto lexical creatvity,
GL providesadifferentperspectre onmary of NLP's most
importantquestions.Hence,GL is not just a theory but is
meantto be implementedasa componenbf the backbone
of largerNL systemgqPustejosky andBogura®, 1993). At
the heartof GL is its network of qualiarelations,andary
true GL implementationwould have to have a systemof
qualia-like structures. However, in currentGL implemen-
tationspeoplehave foundit dif cult to integrateGL, with
its large network of qualiarelations,into large NL systems,
sincecreatingsuchanontologyrequiresaprohibitiveinvest-
mentof time andresources.

Brandeis SemanticOntology

To help overcomethis problem,we have beendeveloping
a large generatre lexicon ontology and dictionary for use
by the generakesearcltcommunity This system calledthe



BrandeisSemantid®Ontology(BSO),is intendedo allow for
morewidespreadhccesgo GL-basedexical resourcesand
help researcherén a variety of computationatasks. The
speci cationof thetypesystemusedin theBSOlargely fol-
lows that proposedby the SIMPLE speci cation (Busaet
al., 2001), which was adoptedby the EU-sponsore&IM-
PLE project(Lencietal, 2000).

Following standarcassumptiong GL, thecomputational
resourcesvailableto a lexical item consistof four levels:
Lexical Typing Structure;ArgumentStructureEventStruc-
ture;andQualiaStructure QualiaStructurds viewedasex-
pressinghe componentiabspecof aword's meaning(Cal-
zolari, 1992) and the meetingpoint of both argumentand
event structure. It is generallycomposedf the following
attributes:

(1) a. FORMAL: thebasictype distinguishingthe meaning
of aword,;
b. consTITUTIVE: therelationbetweeranobjectandits
constituenparts;
C. TELIC: the purposeor function of the object,if there
is one;
d. AGENTIVE: thefactorsinvolvedin theobjectsorigins
or “cominginto being”.

The SIMPLE-GL modelde nes a languagefor making
types,wherequaliacanbe uni ed to createmore comple
conceptut of simpleones.Following Pustejesky (2001),
theontologydividesthedomainof individualsinto threelev-
elsof typestructure:

(2) a. NATURAL TYPES: Naturalkind conceptsconsisting
of referenceonly to FormalandConstqualiaroles;
b. FUNCTIONAL TYPES: Conceptanakingreferenceto
purposefunction,or origin.
c. COMPLEX TYPES: Conceptdntegratingreferenceo
arelationbetweertypes.

For example, a simple natural physical object (3), canbe
givena function (i.e., a Telic role), andtransformednto a
functionaltype,asin (4).

A3) physobj(x)

FORMAL  physform(x)

artifact _obj(x)
(4)  FormAL  physform(x)
TELIC  Pred(E,yX)

Functionaltypes(the “uni ed types”in Pustejosky, 1995)
behae differently from naturals,asthey carry moreinfor-
mationregardingtheir useand purpose. For example,the
nounsandwit containsinformationof the“eatingactiity”

asa constrainton its Telic value,dueto its positionin the
type structure;thatis, eat(Pw,x) denotesa processp, be-
tweenanindividual w andthe physicalobjectx. It alsore-
ects thefactthatit is anartifactof a“making activity”.

sandwich(x)
CONST bread,...
(5) FORMAL  physform(x)
TELIC  eat(Pw,x)
AGENTIVE  make_activity(z,x)

Comple types, such as book and university are given
a uniquestatusin the BSO, implementedas product-types
in orderto capturethe behaior of orthogonalinheritance
(Pustejosky andBogura®, 1993). Examplesof thesetypes
will beprovidedin thefull paper

To illustratethe natureof the semantidnformationin the
BSO,considettheentryfor thenounbeer. Thecorefeatures
of this entryareshown below.

BSO 0 other senses

LEMMA: beer Qualia:

POS: noun Indirect Telic: Drink Activity

Type: Beer Instrumental Telic: Event

Inherited Type: Alcoholic Beverage Indirect Agentive: Create Material Entity Activity
Has Elements: Alcohol Constitutive: Alcohol

In additionto its type, [[BEER]], andits inheritedtype,
[[ALcoHoLIC_.BEVERAGE]], it alsodisplaysthe qualiaas-
sociatedwith thistype.

Corpus Pattern Analysis

Corpus Pattern Analysis (CPA) is a techniguethat pro-
videsinsightinto thetypesof context parametershatallow
humansto distinguish betweendifferent predicatesenses
(Pustejwosky, Hanks, & Rumshisky 2004). The CPA ap-
proachusesa semi-automatidootstrappingrocesgo pro-
duceselectioncontexts for predicatesextendingthe tradi-
tional notion of selectionatontext to include:

shallov semantidyping of predicatearguments
minor syntacticcateyories(locatives,adjunctsgetc.)
predicateargumentgepresentedly lexical sets

subphrasagyntacticcues: genitives, partitives, bareplu-
ral/determinerin niti vals,negatives,collocationalcues

Theprocedureonsistof threecomponents(1) theman-
ualdiscovery of selectioncontext patterngor speci c verbs;
(2) the automaticrecognitionof instancesf the identi ed
patternsand(3) automaticacquisitionof patterndor unan-
alyzedcasesDuringthelexical discovery stage ananalysis
of corpusdatais performedfor a targetlemma. The con-
texts of its usagearesortedinto groups,anda stereotypical
CPA patternthatcapturegherelevantsemanticandsyntac-
tic featuresof the groupis recorded.Eachpatternis speci-

ed in termsof lexical setsfor eachargument,shallav se-

mantictyping of thesesets,andothersyntagmaticallyele-

vantcriteria,suchasadwerbialsof mannerphrasalparticles,
genitives, negatives, etc. Thereis typically a mary-to-one
relationbetweenthe patternsandthe senseshey represent.
The distribution of frequenciesassociatedvith eachsense
aretypically far from even.



For example,herearesomeselectedCPA patterngor the
verb r e. Fire patterngrepresentingenseshataccountfor
morethan5% of usearelisted belov.*

SelectedCPA Patternsfor FIRE:
| DISCHARGEA GUNAT A TARGET (60%)

1. [[Person]] fire  [[Artifact=Firearm]] (at [[PhysObj]])
2. [[Person]] fire  [[Artifact=Projectile]] (off)
({from  [[Artifact=Firearm]]}) ({at  [[PhysObj]l}

| [ADVIDirection]])

3. [[Person]] fire  [NO OBJ] ({at [[PhysObj]l}
| {on [[HumanGroup]l} | [ADVI[Direction]])
4. [[Artifact=Firearm]] fire  [NO OBJ] ({at [[PhysObj]l}

| {on [[HumanGroup]]} | [Adv[Direction]])

Il DISMISS AN EMPLOYEE(11%)

6. [[Person 1]] fire [[Person 2]] (for [[Action=Bad]])

VIl INSPIRE SOMEONE11%)

12. [[TopType]] fire  {[[Person]]'s [[Attitude=Enthusiasm]]}

13. [[TopTypel] fire  [[Person]] (up)

The CPA approachhasits originsin the analysisof large
corporafor lexicographicpurposege.g. Coluild (Sinclair,
Hanks,& al. 1987)). Its objectie is to identify, in relation
to a giventargetword, the overt textual cluesthat activate
one or more component®f its meaningpotential. CPA is
concernedvith establishingorototypicalnormsof usageor
individual words andit offers a contrastve analysisof the
sense®f eachword.

CPA SenseDifferentiation

Any numberof contet dimensionsan affect semantidn-

terpretationof a lemma. For example,the presenceor ab-
senceof an agumentsuchas adwerbial of manner selects
differentmeaningsof the verb treat (Pustejosky & Hanks
2001). [[Person 1]] treat [[Person 2]] without
an adwerbial of manner generally activates the medical
senseof treat while [[Person 1]] treat [[Person

2]l [Adv[Manner]] activatesthe behaior-attitudesense
of thisverb(e.g.,Shetreatedhim with respeck.

The mostfrequentsourceof meaningdifferentiationof
verbslies in contrastingthe algumenttypes lling eachar
gumentslot. Whenerer a semanticype basedspeci cation
of predicateargumentsis insufcient for the purposesof
sensedistinction, predicateargumentshave to be speci ed
in termsof lexical sets,i.e., by enumeratingypical mem-
bers.

Thus,gun,ri e , MK17,Kalashnilov, pistol,revolvet can-
non are canonicalmembersof a lexical set[[FIREARM]].
Thesewordsform a paradigmaticcluster i.e., they tendto

1See(Pustejosky, Hanks,& Rumshisly 2004)for patternsyn-
tax.

co-occurin the sameargumentslot of differentverbs. This
cluster also corresponddgo the type [[FIREARM]] in the
BrandeisSemanticOntology Notethatthe samelexical set
also containsoutliers, e.g., bow catapultwhich ful ll the
samesemanticole asgunin relationto the verb r e, even
thoughthey arenot, strictly speaking,rearms.

Semanticrestrictiong imposedby verbson their argu-
mentsvary greatlyin sizeandscope.In somecasesthere
could be few or no lexical preferencesand the semantic
value of the agumentis expresseds([[TopType]] , asis
the casewith subjectin the pattern[[TopType]] fire
[[Person]]'s [[Attitude=Enthusiasm]] . This es-
sentially meansthat almost arnything can (and regularly
does) re apersons enthusiasm.The direct objectslot for
this patternconsistsof a muchnarrowver lexical set,where
the canonicalmembersare given by enthusiasmimagina-
tion, interest

Integration of CPA and BSO

In this sectionwe come nally to the memger of the CPA
techniquewith therepresentationasthey existin theBSO.
As statedearlier our goalis to contextualizethe semantic
information associatedvith a type and the words associ-
atedwith thattype(throughinformationderivedfrom corpus
analysis.)In particular we will illustratehow thearguments
of predicatesare given type speci cationsthat correspond
to semantictagsfrom CPA output. Secondly we illustrate
brie y how the lexical extensionsof the entity typesin the
ontologyaremodi ed andveri ed throughinclusionin the
lexical setsfrom the CPA.

Theintegrationproceedsn two stepsandtwo directions:
(1) mappingCRFA patternsto BSO verb-agumententries;
and (2) mappingBSO entity type extensionsto the lexical
setsin CPA. In thediscussiorthatfollows, we describesach
of thesesteps.

The BSO containstype assignmentor 20,000nounen-
tries and 10,000nominalcollocationentries. Currently a
projectionof BSO,calledBSOLite, is usedby CFA to help
identify the lexical setsof predicateargumentswith partic-
ular semantictypes. The BSO Lite is a shallov hierarchy
of typesselectedor their prevalencein manuallyidenti ed
selectioncontet patternsandtheir utility in discriminating
predicatesensesn the corpus.At thetime of writing, there
are 65 typeswhich contribute a basicstructurein termsof
which patternsfor the rst hundredverbshave beenana-
lyzed.

The BSO Lite hasbeenusedwith CPA-derived context
featuresto improve disambiguatiorof a subsef Senseal
verbs(Rumshisk & Pustejosky 2006). However, in the
contextualizedversionof the BSO, the agumentsof these
verbsarelinkedto the appropriatenodesin the entity hier-
archy therebyallowing for directdisambiguation.

2All semantiaestrictionsareof courseprobabilistic.

3The BSO ontology was compiled as an internal lexical
databas®n the basisof pre-corpusesourcessupportecoy com-
monsenseéntuitions. Mary of the revisions now being madeto
BSOin thelight of CPA's empiricaldatainvolve comple restruc-
turing.



Theorganizationof nounsin the BSOfollows GL princi-
plesof linking the type of anentity to relationaltypes,e.g.,
the qualia structure. For example,a noun suchasgun is
typedasaweaponandassuchinheritstheTelic qualeasso-
ciatedwith theuseof aweaporin ring, attackingetc. That
is, theentitiespointdirectly to relationsthey areinvolvedin
prototypicallyor corventionally Hence,whatwe have is a
normaltype lattice alongwith the additionallinks provided
by thequalia.

The organizing principle for the verb hierarchyin the
BSO providesfor identi cation of the argumentdo a pred-
icate,but doesnot link theseargumentsexplicitly to nodes
in the entity hierarchy Our rst objective in memging these
approachess to enrichtheverbargumentspeci cationwith
the semantiadyping informationfrom the CFA context pat-
terns.As aresultof this techniquewe arealsoableto iden-
tify theappropriatdevel of generalizationn thetypesystem
for nounclassesasaresultof knowing whatsemantidea-
turesarerelevantfor distinguishinghesensesf apredicate.
Thisis, in fact,whatthe contextualizationof a predicaterel-
ativeto acorpusis.

For example,consideithesemantic®f theverbentry r e
in the BSO. Therearetwo mainverbsensesn the BSOfor
re

BSO

LEMMA: fire
POS: verb

Type: Shoot Activity
Inherited Type: Attack with Weapon

sense 1
Grammar Roles:
#subjectRole, #objectRole

LEMMA: fire sense 2
POS: verb
Type: Remove from Employment

Inherited Type: Remove Activity

Grammar Roles:
#subjectRole, #objectRole

As statedabove, while the agumentstructureassociated
with eachsenseof r eis speci ed,noexplicit semantiayp-
ing on theseargumentsis assigned.The two sense®f the
verbaredistinguishedy theirlocal typing. Our aim hereis
to unpackthe verb meaningfrom its typeinto a fully spec-
i ed amgumentstructurewith selectionakyping assignedo
thearguments.Thatis, the verbhastwo sense®y virtue of
its argumentspeci cation.

To illustratethis processgconsiderthe resultof contextu-
alizingtheentryfor theverb r ein theBSOis shavn below:

BSO
LEMMA:: fire sense 1
POS: verb Grammar Roles:

#subjectRole:Human
#objectRole:Firearm

Type: Shoot Activity
Inherited Type: Attack with Weapon

sense 2
Grammar Roles:
#subjectRole:Human
#objectRole:Human

LEMMA: fire

POS: verb

Type: Remove from Employment
Inherited Type: Remove Activity

Thetwo sensesvhich aredistinguishabldy nameof the
semantiacypehave beenunpacledthroughthis processand
theimplicatingfeatureshave beenanchoredo theappropri-
ateargumentdo theverh

Approximately900 patternshave beenidenti ed for over
a hundredverbsthroughthe CPA technique. The above
contextualizationproceduras currentlybeingappliedto the
correspondingserb forms in the BSO. As a result of this
procedurethesenseshatexistin theBSOwill bemodi ed,
deletedor supplementedccordingo theempirical ndings.

A similar veri cation and modi cation procedureis ap-
pliedto the [[ENTITY]] typesin the BSO. Nounsdenoting
[[ENTITIES]] aregroupedtogetherandtypedaccordingto
their tendeny to co-occurin the sameargumentslotin re-
lation to verbs. The goalis to substantiat¢he existing type
hierarchyandrestructuret wherenecessarpy verifying the
lexical extensiondor eachtype. A semantidypeis retained
in theontologyif it carriesa semantideaturethatveri ably
contritutesto actualsensedistinctionsobsenedin the cor-
porathroughCPA analysis.

Duringtheveri cation procedurelexical setsthatareor-
ganizedon the basisof a particularsemantideature(rather
than,say anadditionalvalueor arole assignedo the argu-
ment)arelinked to or associatedvith a speci c BSOtype,
therebyverifying its utility andvalidity of its extension.

For example,considerthe list of artifactswhoseTelic is
tobe r edandwhichthereforecountas[[FIREARMS]]. The
original BSO containsthe following setof lexical itemsfor
thesemantidype[[FIREARM]]: 38caliber, 22ri e , 38 cal-
iber, adk-adk gun, air gun, antiaircraft gun, r e ship, gas
gun,greek r e, minutegun,qualer gun,setgun,springgun,
whaling gun, ack-ad, airgun, antiaircraft, arquelus, auto-
matic, cannon,colt, r earm, ak , amethrower gun, hand-
gun, pistol, revolver ri e , six-gun, six-shootersmall-arm
Thefollowing lexical itemsareremovedfrom this setonthe
groundghattheirsyntagmati®dehaior is differentfrom that
of othermemberof theset: r eship,antiaircraft, ak, small
arm. Flak, for example,belongin the [[ PROJECTILE]] set,
notthe[[FIREARM]] set. At the sametime, howitzer mor
tar, madiine gun, submatine gun, Bren gun, Kalashnilov,
andseveral otheritemsareaddedon the groundsthatthese
arecanonicamemberof thelexical setof [[ FIREARMS]].

Notethatsomeof thelexical itemsthatbelongto the BSO
type [[Bow]] (bow crossbow longbow etc.), the sibling
of type[[FIREARM]], arein factcanonicaimembersf the



lexical set[[FIREARM]]. Althoughthetechnologyinvolved
in ring abow is differentfrom the technologyof ring a
gun,thelinguistic behaior of bothsetsis very similar.

It shouldbe pointedout thatsemantiaestrictionsplaced
by predicate®n their agumentsvary notjustin typespeci-
city (e.g.,[[FIREARM]] vs. [[ARTIFACT]]), but alsoin
propertieextendingover disjointtypes.For example,in in-
terpretingthelexical setsfor the argumentgo theverbrisk,

(1) a.risk one'slife/mong/name/eputation/...
b. risk death/bankruptcy/injury/vath/badlash/..

therelevantsemantiaestrictionsplacedon thedirectobject
is notthetype[[EVENT]] alone,but ratherthe propertyre-
ecting the negative valuejudgmentassociatedvith it (i.e.,
Bad)*.

This aspecbf CPA methodologyhighlightsthatconcep-
tual connectionsnay exist betweerentitiesof varioustypes
thatare not representablé a corventionaltype hierarchy
nor, asit happensin the existing datastructureof GL. For
example,valuesof Good and Bad are not currently repre-
sentedn the qualiastructurein the BSO. But clearly, there
is a cognitive salienceto suchcateyorizationasre ectedin
theempiricaldata.

Contextualizing ontologiesto novel corpora CPA anal-
ysisis a corpus-basetechniquethat allows oneto contex-

tualizean ontologyto ary domain. For example,this tech-
nigueis easilyextendednto thedomainof biomedicalliter-

ature.In fact,thework we presentereextendsthework we
beganwith ontology rerenderingwhich involved adapting
ontologyto a corpusof biomedicalliterature (Pustejosky,

Rumshisly, & Castan®002).

Rerenderingrocedurausedtwo stratgies,namely noun

phrase-basegtrenderingandbiorelation-basederendering.

In both casesoriginal corpusis taggedwith the seedon-
tology. In the rst stratay, extensionsto the nodesof the
original ontologyare createdhroughfrequeng analysisof
nounphrasestructure. In the secondstrateyy, ad-hoccate-
goriesare createcthrougha statisticallythresholdedtyped
projectionof the argumentf biorelation. Theresultingad-
hoc category is thenmatchedwith the typesobtainedat the
second-lgel of NP-baseantologyextension.

The secondstepin the rerenderingprocedurelinks ad-
hoccateyoriesof agumentsn thesameway predicatdypes
arecontetualizedto corpus-dernedargumentsetsthatCPA
provides.

In thebiologicalliterature verbsof biologicalinteraction,
suchasinhibit or activateare semanticallyunderspeci ed,
anda lexicon for suchpredicatess uninformative with re-
spectto the speci city of the interaction. The speci ¢ bi-
ological interactionscome only throughthe details of the
actualargumentgarticipatingin theinteraction.Suchcon-
straintsarecapturechy CPA throughthe membershipn lex-
ical setsfor thearguments.

“This, in fact, is a re ection from corpusdataof the coercion
analyzedor suchverbsin (Pustejosky 1995).

Conclusion

In this paper we demonstratechow existing lexical re-
sourcedor linguistic knowledgefall shortof modelingthe
behaior of lexemesin actualtext corpora.To remedythis,
we presentech methodologyfor contextualizing a linguis-
tically designedexical resourcegBrandeisSemanticOntol-
ogy) throughtheintegrationof of a corpus-basetixical ac-
quisition processgalled CorpusPatternAnalysis. This re-
sultsin an ontology of typesfor lexical itemsthatis more
attunedto the semanticselectionalervironmentfor a spe-
ci ¢ word senseWe hopeto continuetheapplicationof this
methodologyover the entiretype systemof the BSO.
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