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Abstract

We presenta new large-scalaelatabasealled“CatVar” (HabashandDorr, 2003)which containscategorial variations
of Englishlexemes. Due to the prevalenceof cross-languageategorial variationin multilingual applications,our
catgyorial-variationresourcenaysene asanintegral partof adiverserangeof naturallanguagepplications Thus,the
researchieportedhereinoverlapsheavily with thatof the machine-translatiodexicon-constructionandinformation-
retrieval communities We demonstratéhis databaseembeddedh a graphicalinterface;we alsoshav a GUI for user

input of correctiongo thedatabase.
1 Intr oduction

We demonstrate new large-scaledatabasesalled
“CatVar” which containscategorial variationson a
large scalefor Englishlexemes. We also shawv a
GUI for userinput of correctionsto the database.
Due to the prevalence of cross-languagecate-
gorial variation in multilingual applications,our
categorial-variation resourcemay serne as an in-
tegral part of a diverserangeof naturallanguage
applications. Thus, the databasealescribedherein
addressethe needsof researchers) the machine-
translation,lexicon-constructionand information-
retrieval communities.

Cat\ar has already been used effectively in a
wide rangeof monolingualand multilingual NLP
applicationsand it is now freely available to the
researctcommunity We expectthat the contritu-
tion of this resourcewill becomemorewidely rec-
ognizedthroughits future incorporationinto addi-
tional NLP applications.For example,it is thein-
tention of UMD researcherand WordNet 1.7 de-
velopersto useCatVar informationfor morerapid
developmentandextensionof WordNetandmutual
validationof bothresources.

This paper discussesother available resources

and how they differ from the CatVar database.

We then discusshow and what resourceswere
usedto build Catvar For a more detailed dis-
cussionand evaluationof Cat\ar, see(Habashand
Dorr, 2003). The CatVar is web-bravseableat
http://clipdemos.umiacs.umdigcatvar/.

2 Background

Lexical relations describe relatve relationships
among different lexemes. Lexical relations are
either hierarchical taxonomic relations (such as

hyperrymy, hyporymy and entailments)or non-
hierarchical congruencerelations (such as iden-
tity, overlap, synorymy and antorymy) (Cruse,
1986). Resourcespecifyingthe relationsamong
lexical itemssuchasWordNet(Fellbaum,1998)and
HowNet(Dong,2000)(amongothershave inspired
thework of mary researcheris NLP (Carpuattal.,
2002; Dorr et al., 2000; Resnik, 1999; Hearst,
1998).

WordNetis the mostwell-developedandwidely
usedlexical databasef English(Fellbaum,1998).
In WordNet,bothtypesof lexical relationsarespec-
i ed amongwords with the samepart of speech
(verbs, nouns, adjectves and adwerbs). WordNet
has beenusedby mary researcherdor different
purposesranging from the constructionor exten-
sion of knowledgebasessuchas SENSUS(Knight
andLuk, 1994)or the Lexical ConceptuaStructure
VerbDatabaséLVD) (Greenretal.,2001)to thefak-
ing of meaningambiguity aspart of systemevalu-
ation (Bangaloreand Rambav, 2000). In the con-
text of theseprojects,one criticism of WordNetis
its lack of cross-catgorial links, suchasverb-noun
or noun-adjectie relations.

Mel cuk approachetexical relationsby de ning
a lexical combinatorialzonethat speci es seman-
tically relatedlexemesthrough Lexical Functions
(LF). Thesefunctionsde ne a correspondencbe-
tweena key lexical item and a set of relatedlex-
ical items (Mel'cuk, 1988). Thereare two types
of functions:paradigmati@andsyntagmati¢Ramos
et al., 1994). ParadigmaticLFs associatea lexi-
cal item with relatedlexical items. The relation
canbesemanticor syntactic.Semantid_-Fsinclude
Synorym(calling) = vocation Antonym(small) =
big, and Generic(fruit)= apple SyntacticLFs in-



clude Derived-Noun(gpand)=expansionand Ad-
jective(female)= feminine

Syntagmatid_Fs specifycollocationswith alex-
emegiven a speci ed relationship. For example,
thereis aLF thatreturnsalight verbassociateith
the LF's key: Light-Verb(attention)= pay. Other
LFs specify certainsemanticassociationsuch as
Intensify-Quali er(escap) = narrow and Degrada-
tion(milk) = sour. LFs have beenusedin MT and
Generatior(e.g.(Ramosetal., 1994)).

Althoughresearchon LFs providesanintriguing
theoreticaldiscussion thereare no large scalere-
sourcesavailable for cateyorial variationsinduced
by LFs! This lack of resourceshouldnt suggest
that the problemis too trivial to be worthy of in-
vestigationor thata solutionwould not be a signif-
icantcontrikution. Onthe contrary categorial vari-
ationsarenecessaryor handlingmary NLP prob-
lems. For example,in the contet of MT, (Habash
andDorr, 2002) claimsthat 98% of all translation
divegences(variationsin how sourceand tamget
languagestructuremeaning)involve someform of
catgyorial variation.Moreover, mostIR systemge-
guire someway to reducevariant words to com-
mon rootsto improve the ability to matchqueries
(Xu andCroft, 1998; Hull and Grefenstette1996;
Krovetz,1993).

Giventhelackof large-scalegesourcesontaining
catgyorialvariationsyesearchersequentlydevelop
and use alternatve algorithmic approximationsof
sucha resource. Theseapproximationscan be di-
videdinto Reductionis{Analytical) or Expansionist
(Generatie) approximations. The former focuses
on the corversionof several suriace formsinto a
commonroot. Stemmerssuchasthe Porterstem-
mer (Porter 1980) are a typical example. The lat-
ter, or expansionisapproachesvemgeneratgossi-
bilities andrely on a statisticallanguagemodelto
rank/selecamongthem. The morphologicalgener
atorin Nitrogenis an exampleof suchan approxi-
mation(LangkildeandKnight, 1998).

Thereare two typesof problemswith approxi-
mationsof this type: (1) They are uni-directional
and thus limited in usability—A stemmer can-
not be used for generationand a morphologi-

Thefollowing arethe only LF databasewe areawareof:
(1) the ETAP-3 MT systemcontainslarge Two combinatorial
databasefor Russiarand Englishin the ETAP-3 MT system.
Thesedatabaseareon the orderof 50K words,but only 2,000
entrieshave LFs associatedvith them (Boguslarsky, 1995);
and(2) DiCo, aFrenchcombinatorialdictionaryis underdeel-
opmentwith currentlya coupleof thousancentries(PolgLere,
2000).

cal overgeneratorcannot be used for stemming;
(2) The crude approximatingnature of such sys-
tems causesmary problemsin quality and ef-
ciency from overstemming/undestenming or
over-generation/unei-generation.

Consider for example, the Porter stemmer
which stems commune, communication and
communism to , yet it does not
produce this same stem for communist or
communicable (stemmedto and

respectiely)?  Another example is
the expansionisNitrogenmorphologicalgeneratqr
wherethe morphologicalfeature
applied to returns eleven varia-
tionsincluding , and
Only two are correct (
and ). Suchovemenerationmultiplied
out at different points in a sentencesxpandsthe
searchspaceexponentially and given variouscut-
offs in the searchalgorithm, might even appearin
someof thetop ranked choices.

Theseissueshave sened asthe backgroundor
the constructionof a databaseof cateyorial vari-
ations that can be used with both expansionist
and reductionistapproacheswithout the cost of
over/understemming/geardion. This databases
relevantto MT, IR, andlexicon construction.

3 Building the CatVar

A catayorial variation of a word with a certain
part-of-speeclis a derivationally-relatd word with
possibly a different part-of-speech. For example,
hunger , hunger and hungry are cateyorial
variationsof eachother asarecross andacross ,
andstab andstab . Althoughthisrelationseems
basic on the surface, this relation is critical to
work in Information Retrieval (IR), Natural Lan-
guageGenerationNLG) and MachineTranslation
(MT)—yet thereis nolarge scaleresourcewvailable
for Englishthatfocuseson cateyorial variations.
The Cat\ar databasewas developed using a
combinationof resourcesndalgorithmsincluding
the Lexical ConceptualStructure(LCS) Verb and
PrepositiorDatabasegDorr, 2001),theBrown Cor
pus sectionof the PennTreebank(Marcuset al.,
1993), an English morphological analysis lexi-
condevelopedfor PC-Kimmo (Englex) (Antworth,
1990),NOMLEX (Macleodetal., 1998),Longman
Dictionary of ContemporaryEnglish (LDOCE)®

2For a deeperdiscussiorandclassi cation of Porterstem-
mer's errors,see(Krovetz,1993).
3An English Verb-Nounlist extractedfrom LDOCE was



(Procter 1983), WordNet 1.6 (Fellbaum, 1998),
andthe Porterstemmer The contritution of each
of thesesourcesis clearly labeledin the Cat\ar
databasethus enablingthe use of differentcross-
sectionof theresourcdor differentapplicationst

Some of theseresourceswere usedto extract
seedinks betweerdifferentwords(Englex lexicon,
NOMLEX andLDOCE). Otherswereusedto pro-
vide a large-scalecoverageof lexemes.In the case
of the Brown Corpus,which doesnt provide lex-
emesfor its words, the Englex morphologicalan-
alyzer was usedtogetherwith the part of speech
speci ed in the PennTree Bank to extractthe lex-
emeform. The Porterstemmerwas later usedas
partof a clusteringstepto expandthe seedlinks to
createclustersof wordsthat are cateyorial variants
of eachother e.g.,hunger , hungry , hunger ,
hungriness .

Thecurrentversionof theCatVar (version2.0)in-
cludes62,232clusterscovering 96,368uniquelex-
emes. The lexemesbelongto one of four parts-
of-speech(Noun 62%, Adjective 24%, Verb 10%
and Adverb 4%). Almost half of the clusterscur
rently include one word only. Three-quarterof
thesesingle-word clustersare nounsand one- fth
are adjectves. The otherhalf of the wordsis dis-
tributedin a Zipf fashionover clustersfrom size 2
to 27.

A smaller supplementarydatabasedevoted to
verb-prepositionvariationswas constructedsolely
from the LCS verb and prepositionlexicon using
shared_CS primitivesto cluster The databasevas
inspiredby pairssuchascross andacross which
areusedin Generation-Hegy MT. But sinceverb-
prepositionclustersare not typically morphologi-
cally related,they are kept separatdrom the rest
of the Cat\ar databaseé.

Figure 1 shavs the CatVar web-basednterface
with thehunger clusterasanexample. Theinterface
allows searchingclustersusingregular expressions
aswell asclusterlengthrestrictions. The database
is also available for researcherin perl/C andlisp
searchabléormats.

providedby Rebeccasreen.

“For example,in a headlinegeneratiorsystem(HeadGen),
higher Bleu scoreswere obtainedwhen using the portions
of the Cat\ar databasehat are mostrelevant to nominalized
events(e.g.,NOMLEX).

5This supplementarydatabaseincludes 242 clusters for
morethan 230 verbsand 29 prepositions. Other examplesof
verb-prepositionclustersinclude: avoid and away from ;
enter andinto ; andborder andbeside (ornextto ).

Figurel: WebInterface

4 Applications

Our projectis focusedon semi-automaticesource
building for MT applications.However, the CatVar
databasés relevantto anumberof naturallanguage
applicationsincluding: (1) generationfor MT, (2)
headlinegenerationand (3) cross-languageiver
genceunraveling for bilingual alignment. Due to
spacdimitations, we discussonly the rst of these
here®

The Generation-Hesay Hybrid MT (GHMT) ap-
proachaccommodateasymmetricalresourcedor
source-languaggSL) poor and tamget-language
(TL) rich languagegEnglish,in our case). In this
approachthe Cat\ar databasés usedaspartof the
solutionto the con ation problem— casessuchas
the SpanishsentencéMary le dio puialadasa John
(literally, "Mary gave stabsto John') being trans-
lated into Mary stabbedJohn In GHMT, the in-
put SL dependengcstructuras maintainedwhile all
wordsaretranslatedo TL. Generatinga con ated
versionof the input is conditionalupon the exis-
tenceof acateyorial variantof a TL word thatsatis-
es lexical semanticandthematicconsisteng con-
straints. For example, is a categorial variant
of andit maintains 's thematicrole in
theexampleabore as . Detailsonthedatabases
usedto verify the additionalconstraintsare avail-
ablein (Habash2002).

5 Conclusionsand Future Work

We have presentedur approachto constructinga
new large-scalalatabaseontainingcateyorial vari-

5See(Habashand Dorr, 2003) for more detailsaboutthe
othertwo applications.



ationsof Englishwords. Futurework includesim-
proving the word-clusterratio and absorbingmore
of the single-word clustersinto existing clustersor
othersingle-word clusters.We arealsoconsidering
enrichmenbf theclusterswith typesof derivational
relationssuchas“nominal-ezent” or “doer” to com-
plementpart-of-speeckabels.Otherlexical seman-
tic featuressuchtelicity, sentienceand change-of-
statecanalsobe inducedfrom morphologicalcues
(Light, 1996).
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