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Abstract

Recentwork in lexical resourceconstructionhasrecog-
nizedthe importanceof contextualizing theknowledge
in existing resourcesand ontologieswith information
derivedfrom text corpora.This paperdescribesthein-
tegrationof a corpus-basedlexical acquisitionprocess
with a large, linguistically motivatedlexical ontology.
This semi-automaticbootstrappingprocessis usedto
producere�nements,additions,andmodi�cationsto the
type speci�cationsfor the argumentsto predicatesin
this ontology. In addition,theprocedureis usedto ver-
ify andmodify thelexical extensionsof theentity types
in theontology.

Intr oduction
The constructionof lexical resourcesfor natural language
processingtasksis onethat is arguablybestdonewith ex-
plicit referenceto the linguistic phenomenaandconstraints
in a particularlanguage.This is thestrategy adoptedby the
generativelexiconbasedmodelusedin theSIMPLEproject,
for example(Busa,Calzolari, & Lenci 2001). Databases
andontologiesof varioussizeandscopehave beenbuilt on
theseprinciples,includingtheBrandeisSemanticOntology
(BSO) (Pustejovsky et al. 2005). Theselexical databases
haveprovenusefulto the�eld andhavetheirown merit. But
evenwith thecareandlinguistic sensitivity takenin thede-
signof suchresources,they suffer from notbeingsupported
by evidencefrom a languagecorpusandcontextualizedto
speci�c linguisticusage.Althoughit is importantto impose
a theoretical“model bias” on the structureof a knowledge
base,recentwork in lexical resourceconstructionhasrecog-
nizedtheimportanceof contextualizingthisknowledgewith
informationderivedfrom text corpora.

To remedythat issue,we have beenworking on a project
to capturethecontextualenvironmentfor predicatorsin En-
glish. This is beingdoneby the constructionof a context
dictionary, usingamethodologycalledcorpuspatternanal-
ysis(CPA) (Hanks& Pustejovsky 2005). In this paperwe
describeour efforts at merging thesetwo researchefforts
in orderto exploit contextual informationderivedfor pred-
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icatorsin CPA in orderto enrichselectionalpreferenceand
typingenvironmentin theBSO's ontology.

Contextualizing Lexical Resources
Many existing lexical resourcesin the community suffer
from insuf�cient grounding in real corpusdata. This is
not surprising,sinceknowledgeengineeringfor lexical re-
sourcesis currentlystill a labor-intensive process;asa re-
sult, lexical databasessuchasWordNetarewidely accepted
asviable resourcesin the NLP community, in part due to
theirwidecoverage.Nevertheless,thelexical entriesin both
MRDs and lexical databasesoften suffer from lack of ex-
plicit andwell-foundedcontextualization.

WordNet
Thegreatmeritof WordNetis thatit is afull inventoryof En-
glishwords.WordNetassignswordsto “synsets”(synonym
sets),which areequatedwith “senses”.But in many cases
WordNet'ssensesareindistinguishablefrom oneanotherby
any syntactic,syntagmatic,or semanticcriteria. For exam-
ple, in WordNet2.1 theverbwrite is saidto have10senses,
the�rst four of whicharelistedbelow:

1. write, compose,pen,indite – (producea literary work; ”She
composeda poem”;”He wrotefour novels”)
2. write – (communicateor expressby writing; ”Pleasewrite to
meeveryweek”)
3. publish, write – (have (one's written work) issued for
publication;”How many booksdid GeorgesSimenonwrite?”;
”Shepublished25booksduringherlong career”)
4. write, drop a line – (communicate(with) in writing; ”Write
hersoon,please!”)

Ratherthan being different senses,synsets1 and 3 seem
to berepetitionsof exactly thesamesense,associatedwith
differentsynonyms. This is anexampleof a very common
problemin WordNet. We refer the readerto Pustejovsky's
argument(Pustejovsky 1995)againsta “sense-enumerative
lexicon” (one that enumeratesdifferent facetsof the same
senseasseparatesenses),andWierzbicka's adviceto lexi-
cographersto “seektheinvariant” (Wierzbicka1993).

WordNet's synsetsarestructuredhierarchicallyin anon-
tology. Thenodesin this hierarchydo not representseman-
tic classes,nordothoseclassesful�ll particularslotsin verb



argumentstructure.Examinationof thesuperordinates(hy-
peronyms)of thetensynsetsof write illustratehow WordNet
fails to supplythis sortof information:
(1) createverbally; (2) communicate,intercommunicate;(3) cre-

ate verbally; (4) correspond;(5) createverbally; (6) make, cre-
ate(which is itself a superordinateof “createverbally”); (7) trace,
draw,line,describe,delineate;(8) record, tape; (9) [No superordi-
nate];(10)createby mentalact,creatementally;

Evenif thehierarchyof semantictypeswereto bepared
down and reorganized– as they have beenin EuroWord-
Net ((Vossen1998))– thenodesin thehierarchy, with their
currentpopulationsof words, do not to show the associa-
tionsbetweenword sensesandsyntagmaticpatterns,failing
to identify thewordsneededto expressthelatter.

FrameNet
Fillmore's work in case grammar and frame semantics
servesasa reminderof theholistic natureof verbargument
structure,with alternationsin the syntacticslots in which
a particularsemanticargumentmaybe realized.FrameNet
(Atkins, Fillmore, & Johnson(2003),Fillmore, Johnson,&
Petruck(2003),Baker& Ruppenhofer(2002))aimsto trans-
late thoseinsights into a databaseof semanticframes,in
which all the caseroles implied by the semanticsof each
word areboth statedandexempli�ed explicitly (regardless
of whetherthey necessarilyoccurin all sentencesin which
theword is use).

FrameNetgivesexamplesdrawn from corpusdata,but its
analysisis not corpus-driven. It proceedsframeby frame,
ratherthanword by word. It relieson the intuitions of its
researchersto populateeachframewith words. This runs
therisk of accidentalomissionsandmeansthat(in principle)
no word can be regardedas completelyanalyzeduntil all
framesarecomplete.At thetime of writing, therehasbeen
noindicationof whenthatwill be,norof thetotalnumberof
framesthattherewill be.Currently, someframesoverlapto
thepoint of beingindistinguishable(e.g.,in thecaseof the
verb�r e). Othersareonly partly populated.Unfortunately,
someframeannouncea lexical entry ascomplete,whenin
factonly minoror raresenseshavebeencovered.

FrameNet's methodology, which requirestheresearchers
to think up all possiblemembersof a Framea priori, means
that importantsensesof words that have beenpartly anal-
ysedaremissingandmay continueto bemissingfor years
to come. Thereis no attemptin FrameNetto identify the
sensesof eachword systematicallyandcontrastively. In its
presentform, at least,FrameNethasat leastasmany gaps
assenses.For example,at thetimeof writing toastis shown
aspartof theApply Heatframebut not in any of theframes
that. includeapplaud, praise, or celebration. It is not clear
how or whetherthegapsareto be�lled systematically. What
is neededis aprincipled�x – adecisionto proceedfrom ev-
idence,not frames.Thisis ruledoutby FrameNetfor princi-
pledreasons:theunit of analysisfor FrameNetis theframe,
not theword.

VerbNet
In 2005, a �rst releaseof a new resourcecalled VerbNet
becameavailableasdescribedin Dang,Kipper, & Palmer

(2000). VerbNettakesverb entriesfrom Levin (1993)and
addsthematicrolesunderthein�uence of Fillmore'sFrame
Semantics.Comparisonof VerbNetentrieswith large-scale
corpusevidencerevealssomefundamentalshortcomingsin
VerbNet.Theseinclude:

1. No clear de�nition of word sense Dang, Kipper, &
Palmer(2000)acknowledgethatpolysemyis a “controver-
sialarea”in lexiconbuilding andthey saythatthey “address
this problemby employing compositionalsemantics”,but
they donot show how this relatesto actualusage.

2. Major sensesmissing The verb �r e 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-
resentationof the Firearmssense.VerbNetdoesnot cover
othersensesof �r e, for exampledismiss, asin Thecompany
�r edall its employees.

3. Duplication of senses For example,VerbNethasthree
sensesof write, which is aconsiderableimprovementon the
ten sensesin WordNetcited above, but still two too many.
Thereis no empirically satisfactory way of distinguishing
betweenwrite asa performance(Levin class26.7),scribble
(Levin class25.2),or transfer-message(Levin class37.1)

4. Err ors in thematic rolesand other details In theentry
for �r e, “Destination[+animate]”is presumablyintendedto
representthetarget�red at. If so,this is asevereoverrestric-
tion – thereareplentyof examplesof locationsandphysical
objectsbeing�red at.

Theseare not isolatedexamples,but exemplify a deep-
rootedand widespreadproblemthroughoutVerbNet,aris-
ing from relianceon sourcesthat arenot empirically well
founded.

GenerativeLexicon
GenerativeLexicon (GL) is a theoryof linguistic semantics
which focuseson the distributed natureof compositional-
ity in naturallanguage(Pustejovsky, 1995). Unlike purely
verb-basedapproachesto compositionality, it attemptsto
spreadthesemanticloadacrossall constituentsof anutter-
ance.Fromthenatureof wordmeaningto lexical creativity,
GL providesadifferentperspectiveonmany of NLP's most
importantquestions.Hence,GL is not just a theory, but is
meantto be implementedasa componentof the backbone
of largerNL systems(Pustejovsky andBoguraev, 1993).At
the heartof GL is its network of qualiarelations,andany
true GL implementationwould have to have a systemof
qualia-like structures.However, in currentGL implemen-
tationspeoplehave found it dif�cult to integrateGL, with
its largenetwork of qualiarelations,into largeNL systems,
sincecreatingsuchanontologyrequiresaprohibitiveinvest-
mentof time andresources.

BrandeisSemanticOntology
To help overcomethis problem,we have beendeveloping
a large generative lexicon ontology anddictionary for use
by thegeneralresearchcommunity. This system,calledthe



BrandeisSemanticOntology(BSO),is intendedto allow for
morewidespreadaccessto GL-basedlexical resourcesand
help researchersin a variety of computationaltasks. The
speci�cationof thetypesystemusedin theBSOlargely fol-
lows that proposedby the SIMPLE speci�cation (Busaet
al., 2001),which wasadoptedby the EU-sponsoredSIM-
PLEproject(Lenciet al, 2000).

Followingstandardassumptionsin GL, thecomputational
resourcesavailable to a lexical item consistof four levels:
Lexical TypingStructure;ArgumentStructure;EventStruc-
ture;andQualiaStructure.QualiaStructureis viewedasex-
pressingthecomponentialaspectof aword'smeaning(Cal-
zolari, 1992)and the meetingpoint of both argumentand
event structure. It is generallycomposedof the following
attributes:

(1) a. FORMAL: thebasictypedistinguishingthemeaning
of a word;
b. CONSTITUTIVE: therelationbetweenanobjectandits
constituentparts;
c. TELIC: thepurposeor functionof theobject,if there
is one;
d. AGENTIVE: thefactorsinvolvedin theobject'sorigins
or “coming into being”.

The SIMPLE-GL model de�nes a languagefor making
types,wherequaliacanbe uni�ed to createmorecomplex
conceptsoutof simpleones.Following Pustejovsky (2001),
theontologydividesthedomainof individualsinto threelev-
elsof typestructure:

(2) a. NATURAL TYPES: Naturalkind conceptsconsisting
of referenceonly to FormalandConstqualiaroles;
b. FUNCTIONAL TYPES: Conceptsmakingreferenceto
purpose,function,or origin.
c. COMPLEX TYPES: Conceptsintegratingreferenceto
a relationbetweentypes.

For example,a simple naturalphysicalobject (3), can be
given a function (i.e., a Telic role), andtransformedinto a
functionaltype,asin (4).

(3)

��

physobj(x)
FORMAL � physform(x)

��

(4)

�	

	

� artifact obj(x)
FORMAL � physform(x)
TELIC � Pred(E,y,x)

��
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Functionaltypes(the “uni�ed types” in Pustejovsky, 1995)
behave differently from naturals,asthey carry moreinfor-
mation regardingtheir useandpurpose.For example,the
nounsandwich containsinformationof the“eatingactivity”
asa constrainton its Telic value,dueto its positionin the
type structure;that is, eat(P,w,x) denotesa process,P, be-
tweenan individual w andthephysicalobjectx. It alsore-
�ects thefactthatit is anartifactof a “makingactivity”.

(5)
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sandwich(x)
CONST �
� bread,...�
FORMAL � physform(x)
TELIC � eat(P,w,x)
AGENTIVE � make activity(z,x)

��

















�

Complex types, such as book and university are given
a uniquestatusin the BSO, implementedasproduct-types
in order to capturethe behavior of orthogonalinheritance
(Pustejovsky andBoguraev, 1993).Examplesof thesetypes
will beprovidedin thefull paper.

To illustratethenatureof thesemanticinformationin the
BSO,considertheentryfor thenounbeer. Thecorefeatures
of this entryareshown below.

In additionto its type, [ [BEER] ], and its inheritedtype,
[ [ALCOHOLIC BEVERAGE] ], it alsodisplaysthequaliaas-
sociatedwith this type.

CorpusPattern Analysis
Corpus Pattern Analysis (CPA) is a techniquethat pro-
videsinsight into thetypesof context parametersthatallow
humansto distinguishbetweendifferent predicatesenses
(Pustejovsky, Hanks,& Rumshisky 2004). The CPA ap-
proachusesa semi-automaticbootstrappingprocessto pro-
duceselectioncontexts for predicates,extendingthe tradi-
tionalnotionof selectionalcontext to include:

� shallow semantictypingof predicatearguments
� minorsyntacticcategories(locatives,adjuncts,etc.)
� predicateargumentsrepresentedby lexical sets
� subphrasalsyntacticcues:genitives,partitives,bareplu-

ral/determiner, in�niti vals,negatives,collocationalcues

Theprocedureconsistsof threecomponents:(1) theman-
ualdiscoveryof selectioncontext patternsfor speci�c verbs;
(2) the automaticrecognitionof instancesof the identi�ed
patterns;and(3) automaticacquisitionof patternsfor unan-
alyzedcases.Duringthelexical discoverystage,ananalysis
of corpusdatais performedfor a target lemma. The con-
texts of its usagearesortedinto groups,anda stereotypical
CPA patternthatcapturestherelevantsemanticandsyntac-
tic featuresof thegroupis recorded.Eachpatternis speci-
�ed in termsof lexical setsfor eachargument,shallow se-
mantictyping of thesesets,andothersyntagmaticallyrele-
vantcriteria,suchasadverbialsof manner, phrasalparticles,
genitives,negatives,etc. Thereis typically a many-to-one
relationbetweenthepatternsandthesensesthey represent.
The distribution of frequenciesassociatedwith eachsense
aretypically far from even.



For example,herearesomeselectedCPA patternsfor the
verb �r e. Fire patternsrepresentingsensesthataccountfor
morethan5% of usearelistedbelow.1

SelectedCPA Patternsfor FIRE:
I DISCHARGEA GUN AT A TARGET (60%)

1. [[Person]] fire [[Artifact=Firearm]] (at [[PhysObj]])

2. [[Person]] fire [[Artifact=Projectile]] (off)
({from [[Artifact=Firearm]]}) ({at [[PhysObj]]}
| [ADV[Direction]])

3. [[Person]] fire [NO OBJ] ({at [[PhysObj]]}
| {on [[HumanGroup]]} | [ADV[Direction]])

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

III DISMISS AN EMPLOYEE(11%)

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

VII INSPIRE SOMEONE(11%)

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

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

TheCPA approachhasits originsin theanalysisof large
corporafor lexicographicpurposes(e.g. Cobuild (Sinclair,
Hanks,& al. 1987)). Its objective is to identify, in relation
to a given target word, the overt textual cluesthat activate
oneor morecomponentsof its meaningpotential. CPA is
concernedwith establishingprototypicalnormsof usagefor
individual wordsandit offers a contrastive analysisof the
sensesof eachword.

CPA SenseDifferentiation
Any numberof context dimensionscanaffect semanticin-
terpretationof a lemma. For example,the presenceor ab-
senceof an argumentsuchasadverbial of manner, selects
differentmeaningsof theverb treat (Pustejovsky & Hanks
2001). [[Person 1]] treat [[Person 2]] without
an adverbial of manner generally activates the medical
senseof treat, while [[Person 1]] treat [[Person
2]] [Adv[Manner]] activatesthebehavior-attitudesense
of this verb(e.g.,Shetreatedhim with respect).

The most frequentsourceof meaningdifferentiationof
verbslies in contrastingtheargumenttypes�lling eachar-
gumentslot. Whenever a semantictypebasedspeci�cation
of predicateargumentsis insuf�cient for the purposesof
sensedistinction,predicateargumentshave to be speci�ed
in termsof lexical sets,i.e., by enumeratingtypical mem-
bers.

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

1See(Pustejovsky, Hanks,& Rumshisky 2004)for patternsyn-
tax.

co-occurin thesameargumentslot of differentverbs.This
cluster also correspondsto the type [ [FIREARM ] ] in the
BrandeisSemanticOntology. Notethatthesamelexical set
also containsoutliers, e.g., bow, catapult which ful�ll the
samesemanticrole asgun in relationto the verb �r e, even
thoughthey arenot,strictly speaking,�rearms.

Semanticrestrictions2 imposedby verbson their argu-
mentsvary greatlyin sizeandscope.In somecases,there
could be few or no lexical preferencesand the semantic
valueof the argumentis expressedas [[TopType]] , asis
the casewith subjectin the pattern [[TopType]] fire
[[Person]]'s [[Attitude=Enthusiasm]] . This es-
sentially meansthat almost anything can (and regularly
does)�re a person's enthusiasm.The direct objectslot for
this patternconsistsof a muchnarrower lexical set,where
the canonicalmembersaregiven by enthusiasm,imagina-
tion, interest.

Integration of CPA and BSO
In this sectionwe come�nally to the merger of the CPA
techniquewith therepresentationsasthey exist in theBSO.
As statedearlier, our goal is to contextualizethe semantic
information associatedwith a type and the words associ-
atedwith thattype(throughinformationderivedfrom corpus
analysis.)In particular, wewill illustratehow thearguments
of predicatesare given type speci�cationsthat correspond
to semantictagsfrom CPA output. Secondly, we illustrate
brie�y how the lexical extensionsof theentity typesin the
ontologyaremodi�ed andveri�ed throughinclusionin the
lexical setsfrom theCPA.

Theintegrationproceedsin two stepsandtwo directions:
(1) mappingCPA patternsto BSO verb-argumententries;
and(2) mappingBSO entity type extensionsto the lexical
setsin CPA. In thediscussionthatfollows,wedescribeeach
of thesesteps.

TheBSOcontainstypeassignmentsfor 20,000nounen-
tries and10,000nominalcollocationentries3. Currently, a
projectionof BSO,calledBSOLite, is usedby CPA to help
identify the lexical setsof predicateargumentswith partic-
ular semantictypes. The BSO Lite is a shallow hierarchy
of typesselectedfor their prevalencein manuallyidenti�ed
selectioncontext patternsandtheir utility in discriminating
predicatesensesin thecorpus.At thetime of writing, there
are65 typeswhich contributea basicstructurein termsof
which patternsfor the �rst hundredverbshave beenana-
lyzed.

The BSO Lite hasbeenusedwith CPA-derived context
featuresto improve disambiguationof a subsetof Senseval
verbs(Rumshisky & Pustejovsky 2006). However, in the
contextualizedversionof the BSO, the argumentsof these
verbsarelinked to theappropriatenodesin theentity hier-
archy, therebyallowing for directdisambiguation.

2All semanticrestrictionsareof courseprobabilistic.
3The BSO ontology was compiled as an internal lexical

databaseon thebasisof pre-corpusresources,supportedby com-
monsenseintuitions. Many of the revisions now being madeto
BSOin thelight of CPA's empiricaldatainvolve complex restruc-
turing.



Theorganizationof nounsin theBSOfollowsGL princi-
plesof linking thetypeof anentity to relationaltypes,e.g.,
the qualia structure. For example,a noun suchas gun is
typedasaweapon,andassuchinheritstheTelic qualeasso-
ciatedwith theuseof aweaponin �ring, attacking,etc.That
is, theentitiespointdirectly to relationsthey areinvolvedin
prototypicallyor conventionally. Hence,whatwe have is a
normaltype latticealongwith theadditionallinks provided
by thequalia.

The organizing principle for the verb hierarchy in the
BSOprovidesfor identi�cation of theargumentsto a pred-
icate,but doesnot link theseargumentsexplicitly to nodes
in theentity hierarchy. Our �rst objective in merging these
approachesis to enrichtheverbargumentspeci�cationwith
thesemantictyping informationfrom theCPA context pat-
terns.As aresultof this technique,we arealsoableto iden-
tify theappropriatelevelof generalizationin thetypesystem
for nounclasses,asa resultof knowing whatsemanticfea-
turesarerelevantfor distinguishingthesensesof apredicate.
This is, in fact,whatthecontextualizationof apredicaterel-
ative to a corpusis.

For example,considerthesemanticsof theverbentry�r e
in theBSO.Therearetwo mainverbsensesin theBSOfor
�r e:

As statedabove, while theargumentstructureassociated
with eachsenseof �r e is speci�ed,noexplicit semantictyp-
ing on theseargumentsis assigned.The two sensesof the
verbaredistinguishedby their local typing. Ouraimhereis
to unpacktheverbmeaningfrom its type into a fully spec-
i�ed argumentstructurewith selectionaltyping assignedto
thearguments.Thatis, theverbhastwo sensesby virtue of
its argumentspeci�cation.

To illustratethis process,considertheresultof contextu-
alizingtheentryfor theverb�r e in theBSOis shown below:

Thetwo senseswhich aredistinguishableby nameof the
semantictypehavebeenunpackedthroughthisprocess,and
theimplicatingfeatureshavebeenanchoredto theappropri-
ateargumentsto theverb.

Approximately900patternshavebeenidenti�ed for over
a hundredverbs through the CPA technique. The above
contextualizationprocedureis currentlybeingappliedto the
correspondingverb forms in the BSO. As a result of this
procedure,thesensesthatexist in theBSOwill bemodi�ed,
deletedor supplementedaccordingto theempirical�ndings.

A similar veri�cation andmodi�cation procedureis ap-
plied to the [ [ENTITY ] ] typesin theBSO.Nounsdenoting
[ [ENTITIES] ] aregroupedtogetherandtypedaccordingto
their tendency to co-occurin thesameargumentslot in re-
lation to verbs.Thegoal is to substantiatetheexisting type
hierarchyandrestructureit wherenecessaryby verifying the
lexical extensionsfor eachtype.A semantictypeis retained
in theontologyif it carriesa semanticfeaturethatveri�ably
contributesto actualsensedistinctionsobservedin thecor-
porathroughCPA analysis.

During theveri�cation procedure,lexical setsthatareor-
ganizedon thebasisof a particularsemanticfeature(rather
than,say, anadditionalvalueor a role assignedto theargu-
ment)arelinked to or associatedwith a speci�c BSOtype,
therebyverifying its utility andvalidity of its extension.

For example,considerthe list of artifactswhoseTelic is
to be�r edandwhichthereforecountas[ [FIREARMS] ]. The
original BSOcontainsthefollowing setof lexical itemsfor
thesemantictype[ [FIREARM ] ]: 38caliber, 22 ri�e , 38cal-
iber, ack-ack gun, air gun, antiaircraft gun, �r e ship, gas
gun,greek�r e, minutegun,quaker gun,setgun,springgun,
whalinggun,ack-ack, airgun,antiaircraft, arquebus,auto-
matic,cannon,colt, �r earm,�ak ,�amethrower, gun,hand-
gun, pistol, revolver, ri�e , six-gun,six-shooter, small-arm.
Thefollowing lexical itemsareremovedfrom thissetonthe
groundsthattheirsyntagmaticbehavior isdifferentfromthat
of othermembersof theset:�r eship,antiaircraft, �ak, small
arm. Flak, for example,belongin the [ [PROJECTILE] ] set,
not the [ [FIREARM ] ] set. At thesametime, howitzer, mor-
tar, machinegun,submachinegun,Brengun,Kalashnikov,
andseveralotheritemsareaddedon thegroundsthat these
arecanonicalmembersof thelexical setof [ [FIREARMS] ].

Notethatsomeof thelexical itemsthatbelongto theBSO
type [ [BOW] ] (bow, crossbow, longbow, etc.), the sibling
of type [ [FIREARM ] ], arein factcanonicalmembersof the



lexical set[ [FIREARM ] ]. Althoughthetechnologyinvolved
in �ring a bow is different from the technologyof �ring a
gun,thelinguisticbehavior of bothsetsis verysimilar.

It shouldbepointedout thatsemanticrestrictionsplaced
by predicateson their argumentsvarynot just in typespeci-
�city (e.g., [ [FIREARM ] ] vs. [ [ARTIFACT] ]), but also in
propertiesextendingoverdisjoint types.For example,in in-
terpretingthelexical setsfor theargumentsto theverbrisk,

(1) a. risk one's life/money/name/reputation/...
b. risk death/bankruptcy/injury/wrath/backlash/...

therelevantsemanticrestrictionsplacedon thedirectobject
is not thetype [ [EVENT] ] alone,but ratherthepropertyre-
�ecting thenegativevaluejudgmentassociatedwith it (i.e.,
Bad)4.

This aspectof CPA methodologyhighlightsthatconcep-
tual connectionsmayexist betweenentitiesof varioustypes
that arenot representablein a conventionaltype hierarchy,
nor, asit happens,in theexisting datastructuresof GL. For
example,valuesof GoodandBad arenot currently repre-
sentedin thequaliastructurein theBSO.But clearly, there
is a cognitive salienceto suchcategorizationasre�ected in
theempiricaldata.

Contextualizing ontologiesto novel corpora CPA anal-
ysis is a corpus-basedtechniquethat allows oneto contex-
tualizean ontologyto any domain. For example,this tech-
niqueis easilyextendedinto thedomainof biomedicalliter-
ature.In fact,thework wepresenthereextendsthework we
beganwith ontologyrerendering,which involved adapting
ontologyto a corpusof biomedicalliterature(Pustejovsky,
Rumshisky, & Castano2002).

Rerenderingprocedureusedtwo strategies,namely, noun
phrase-basedrerenderingandbiorelation-basedrerendering.
In both cases,original corpusis taggedwith the seedon-
tology. In the �rst strategy, extensionsto the nodesof the
original ontologyarecreatedthroughfrequency analysisof
nounphrasestructure.In thesecondstrategy, ad-hoccate-
goriesarecreatedthrougha statisticallythresholded,typed
projectionof theargumentsof biorelation.Theresultingad-
hoccategory is thenmatchedwith thetypesobtainedat the
second-level of NP-basedontologyextension.

The secondstep in the rerenderingprocedurelinks ad-
hoccategoriesof argumentsin thesamewaypredicatetypes
arecontextualizedto corpus-derivedargumentsetsthatCPA
provides.

In thebiologicalliterature,verbsof biologicalinteraction,
suchasinhibit or activatearesemanticallyunderspeci�ed,
anda lexicon for suchpredicatesis uninformative with re-
spectto the speci�city of the interaction. The speci�c bi-
ological interactionscomeonly throughthe detailsof the
actualargumentsparticipatingin theinteraction.Suchcon-
straintsarecapturedby CPA throughthemembershipin lex-
ical setsfor thearguments.

4This, in fact, is a re�ection from corpusdataof the coercion
analyzedfor suchverbsin (Pustejovsky 1995).

Conclusion
In this paper, we demonstratedhow existing lexical re-
sourcesfor linguistic knowledgefall shortof modelingthe
behavior of lexemesin actualtext corpora.To remedythis,
we presenteda methodologyfor contextualizing a linguis-
tically designedlexical resource(BrandeisSemanticOntol-
ogy) throughtheintegrationof of acorpus-basedlexical ac-
quisition process,calledCorpusPatternAnalysis. This re-
sults in an ontologyof typesfor lexical itemsthat is more
attunedto the semanticselectionalenvironmentfor a spe-
ci�c wordsense.Wehopeto continuetheapplicationof this
methodologyover theentiretypesystemof theBSO.
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