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Abstract

We describeour approachto the construction
andevaluationof a large-scaledatabasecalled
“CatVar” which containscategorial variations
of English lexemes. Due to the prevalenceof
cross-languagecategorial variationin multilin-
gual applications,our categorial-variation re-
sourcemay serve as an integral part of a di-
verserangeof natural languageapplications.
Thus, the researchreported herein overlaps
heavily with that of the machine-translation,
lexicon-construction,andinformation-retrieval
communities.

We apply the information-retrieval metricsof
precisionand recall to evaluatethe accuracy
and coverage of our databasewith respect
to a human-producedgold standard. This
evaluationrevealsthat the categorial database
achievesa high degreeof precisionandrecall.
Additionally, we demonstratethatthedatabase
improveson the linkability of Porterstemmer
by over30%.

1 Intr oduction

Natural LanguageProcessing(NLP) applicationsmay
only be asgoodas the resourcesuponwhich they rely.
Resourcesspecifyingthe relationsamonglexical items
suchasWordNet(Fellbaum,1998)andHowNet (Dong,
2000)(amongothers)haveinspiredthework of many re-
searchersin NLP (Carpuatet al., 2002;Dorr et al., 2000;
Resnik,1999;Hearst,1998;Voorhees,1993).

In this paperwe introducea new resourcecalledCat-
Var which speci�es the lexical relationCategorial Vari-
ation on a largescalefor English. This resourcehasal-
readybeenusedeffectively in a wide rangeof monolin-
gual and multilingual NLP applications. Upon its �rst

public release,CatVar will be freely availableto the re-
searchcommunity. Weexpectthatthecontributionof this
resourcewill becomemorewidely recognizedthroughits
futureincorporationinto additionalNLP applications.

A categorial variation of a word with a certainpart-
of-speechis a derivationally-relatedword with possi-
bly a different part-of-speech.For example,hunger � ,
hunger� andhungry��� arecategorial variationsof each
other, asarecross� andacross� , andstab� andstab� .
Although this relation seemsbasicon the surface, this
relationis critical to work in InformationRetrieval (IR),
NaturalLanguageGeneration(NLG) andMachineTrans-
lation (MT)—yet thereis no large scaleresourceavail-
ablefor Englishthatfocusesoncategorial variations.1

In therestof this paper, we discussotheravailablere-
sourcesand how they differ from the CatVar database.
We then discusshow and what resourceswere usedto
build CatVar. Afterwards,we presentthreeapplications
thatuseCatVar in differentways:Generation-Heavy MT,
headlinegeneration,andcross-languagedivergenceun-
raveling for bilingual alignment. Finally, we presenta
multi-componentevaluationof thedatabase.Our evalu-
ationrevealsthat thecategorial databaseachievesa high
degreeof precisionandrecallandthatit improveson the
linkability of Porterstemmerby over30%.

2 Background

Lexical relationsdescriberelative relationshipsamong
differentlexemes.Lexical relationsareeitherhierarchi-
cal taxonomicrelations(suchashypernymy, hyponymy
and entailments)or non-hierarchicalcongruencerela-

1It is the intention of the WordNet 1.7 developersto in-
cludesuchinformationin their next version,but only for nouns
andverbs(ChristianeFellbaum,pc.),nototherpairingssuchas
noun-adjective, verb-prepositionrelationships.Discussionsare
currentlyunderway for sharingtheCatVardatabasewith Word-
Netdevelopersfor morerapiddevelopment,extension,andmu-
tual validationof bothresources.



tions(suchasidentity, overlap,synonymyandantonymy)
(Cruse,1986).

WordNetis themostwell-developedandwidely used
lexical databaseof English(Fellbaum,1998). In Word-
Net, both typesof lexical relationsarespeci�ed among
words with the samepart of speech(verbs,nouns,ad-
jectivesandadverbs). WordNethasbeenusedby many
researchersfor differentpurposesrangingfrom thecon-
structionor extensionof knowledgebasessuchasSEN-
SUS(Knight andLuk, 1994)or the Lexical Conceptual
StructureVerbDatabase(LVD) (Greenetal.,2001)to the
fakingof meaningambiguityaspartof systemevaluation
(BangaloreandRambow, 2000). In thecontext of these
projects,one criticism of WordNet is its lack of cross-
categorial links, suchasverb-nounor noun-adjective re-
lations.

Mel' �cukapproacheslexical relationsby de�ning alex-
ical combinatorialzonethatspeci�essemanticallyrelated
lexemesthroughLexical Functions(LF). Thesefunctions
de�ne a correspondencebetweenakey lexical itemanda
setof relatedlexical items(Mel' �cuk, 1988). Thereare
two types of functions: paradigmaticand syntagmatic
(Ramoset al., 1994). ParadigmaticLFs associatea lex-
ical item with relatedlexical items. The relation can
be semanticor syntactic. SemanticLFs include Syn-
onym(calling) = vocation, Antonym(small) = big, and
Generic(fruit)= apple. SyntacticLFs includeDerived-
Noun(expand)=expansionandAdjective(female)= fem-
inine.

SyntagmaticLFs specify collocationswith a lexeme
given a speci�ed relationship. For example, thereis a
LF thatreturnsa light verbassociatedwith theLF's key:
Light-Verb(attention)= pay. Other LFs specifycertain
semanticassociationssuchasIntensify-Quali�er(escape)
= narrow andDegradation(milk)= sour. Lexical Func-
tionshavebeenusedin MT andGeneration(e.g.(Ramos
et al., 1994)).

Although researchon Lexical Functionsprovides an
intriguing theoreticaldiscussion,thereareno largescale
resourcesavailable for categorial variationsinducedby
lexical functions. This lack of resourcesshouldn't sug-
gest that the problemis too trivial to be worthy of in-
vestigationor that a solutionwould not be a signi�cant
contribution. On the contrary, categorial variationsare
necessaryfor handlingmany NLP problems.For exam-
ple, in the context of MT, (Habashet al., 2002)claims
that98%of all translationdivergences(variationsin how
sourceand target languagesstructuremeaning)involve
someform of categorial variation. Moreover, most IR
systemsrequire someway to reducevariant words to
commonrootsto improvetheability to matchqueries(Xu
andCroft, 1998; Hull andGrefenstette,1996; Krovetz,
1993).

Giventhelack of large-scaleresourcescontainingcat-

egorial variations, researchersfrequently develop and
usealternative algorithmicapproximationsof sucha re-
source.Theseapproximationscanbedividedinto Reduc-
tionist(Analytical)or Expansionist(Generative)approxi-
mations.Theformerfocusesontheconversionof several
surfaceformsinto acommonroot. Stemmerssuchasthe
Porterstemmer(Porter, 1980)area typicalexample.The
latter, or expansionistapproaches,overgeneratepossibili-
tiesandrely onastatisticallanguagemodelto rank/select
amongthem. The morphologicalgeneratorin Nitrogen
is an exampleof suchan approximation(Langkildeand
Knight, 1998).

Therearetwo typesof problemswith approximations
of this type: (1) They areuni-directionaland thus lim-
ited in usability—A stemmercannotbeusedfor genera-
tion anda morphologicalovergeneratorcannotbe used
for stemming; (2) The crude approximatingnatureof
such systemscausemany problemsin quality and ef-
�ciency from over-stemming/under-stemmingor over-
generation/under-generation.

Consider, for example, the Porter stemmer, which
stemscommune� , communication� and communism�

to ���������	� . And yet, it doesnot producethis same
stemfor communist� or communicable��� (stemmedto
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�*& ). Such
overgenerationmultipliedoutatdifferentpointsin asen-
tenceexpandsthesearchspaceexponentially, andgiven
variouscut-offs in the searchalgorithm,might even ap-
pearin someof thetop rankedchoices.

Given theseissues,our goal is to build a databaseof
categorial variationsthat can be usedwith both expan-
sionist and reductionistapproacheswithout the cost of
over/under-stemming/generation. The researchreported
hereinis relevantto MT, IR, andlexiconconstruction.

3 Building the CatVar

The CatVar databasewas developedusing a combina-
tion of resourcesand algorithms including the Lexi-
cal ConceptualStructure(LCS) Verb and Preposition
Databases(Dorr, 2001),theBrown Corpussectionof the
PennTreebank(Marcuset al., 1993), an English mor-
phological analysis lexicon developed for PC-Kimmo
(Englex) (Antworth, 1990),NOMLEX (Macleodet al.,
1998), LongmanDictionary of ContemporaryEnglish

2For a deeperdiscussionandclassi�cationof Porterstem-
mer's errors,see(Krovetz,1993).



(LDOCE)3 (Procter, 1983), WordNet 1.6 (Fellbaum,
1998),andthePorterstemmer. Thecontribution of each
of thesesourcesis clearlylabeledin theCatVardatabase,
thusenablingtheuseof differentcross-sectionsof there-
sourcefor differentapplications.4

Someof theseresourceswereusedto extractseedlinks
betweendifferentwords(Englex lexicon,NOMLEX and
LDOCE).Otherswereusedto providea large-scalecov-
erageof lexemes.In thecaseof theBrown Corpus,which
doesn't provide lexemesfor its words, the Englex mor-
phologicalanalyzerwas usedtogetherwith the part of
speechspeci�edin thePennTreeBankto extractthelex-
emeform. ThePorterstemmerwaslaterusedaspartof a
clusteringstepto expandtheseedlinks to createclusters
of words that arecategorial variantsof eachother, e.g.,
hunger� , hungry��� , hunger � , hungriness� .

The current version of the CatVar (version 2.0) in-
cludes62,232clusterscovering96,368uniquelexemes.
Thelexemesbelongto oneof four parts-of-speech(Noun
62%, Adjective 24%, Verb 10% and Adverb 4%). Al-
mosthalf of theclusterscurrentlyincludeonewordonly.
Three-quartersof thesesingle-word clustersare nouns
andone-�fth areadjectives. Theotherhalf of thewords
is distributedin a Zipf fashionover clustersfrom size2
to 27. Figure1 showstheword-clusterdistribution.

Figure1: CatVar Distribution

A smaller supplementarydatabasedevoted to verb-
prepositionvariationswas constructedsolely from the
LCS verb and preposition lexicon using sharedLCS
primitives to cluster. The databasewas inspired by
pairs such as cross� and across� which are used in
Generation-Heavy MT. But sinceverb-prepositionclus-
ters are not typically morphologicallyrelated,they are

3An English Verb-Nounlist extractedfrom LDOCE was
providedby RebeccaGreen.

4For example,in a headlinegenerationsystem(HeadGen),
higherBleuscoreswereobtainedwhenusingtheportionsof the
CatVar databasethat are most relevant to nominalizedevents
(e.g.,NOMLEX).

kept separatefrom the rest of the CatVar databaseand
they werenot includedin theevaluationpresentedin this
paper.5

The CatVar is web-browseable at
http://clipdemos.umiacs.umd.edu/catvar/. Figure 2
shows the CatVar web-basedinterfacewith the hunger
clusteras an example. The interfaceallows searching
clusters using regular expressionsas well as cluster
length restrictions. The databaseis also available for
researchersin perl/Candlisp searchableformats.

Figure2: WebInterface

4 Applications

Our project is focusedon resourcebuilding andevalua-
tion. However, theCatVar databaseis relevantto a num-
berof naturallanguageapplications,includinggeneration
for MT, headlinegeneration,and cross-languagediver-
genceunraveling for bilingual alignment.Eachof these
arediscussedbelow, in turn.

4.1 Generation-Heavy Machine Translation

The Generation-Heavy Hybrid Machine Translation
(GHMT) modelwasintroducedin (Habash,2002)tohan-
dle translationdivergencesbetweenlanguagepairswith
asymmetrical(poor-source/rich-target) resources. The
approachdoesnot rely on a transferlexicon or a com-
moninterlingualrepresentationto mapbetweendivergent
structuralcon�gurationsfrom sourceto target language.
Instead,differentalternativestructuralcon�gurationsare
over-generatedandthesearestatisticallyranked usinga
languagemodel.

5This supplementarydatabaseincludes 242 clusters for
more than 230 verbs and 29 prepositions. Other examples
of verb-prepositionclustersinclude: avoid� andawayfrom� ;
enter� andinto� ; andborder� andbeside� (or next to� ).



The CatVar databaseis usedasoneof theconstraints
on the structuralexpansionstep. For example,to allow
thecon�ation of verbssuchasmake� or cause� andan
argumentsuchasdevelopment� , the �rst condition for
con�atability is �nding a verb categorial variant of the
argumentdevelopment� . In this casetheverbcategorial
variantis develop� .6

4.2 HeadlineGeneration

TheHeadGenheadlinegeneratorwasintroducedin (Za-
jic et al., 2002) to createheadlinesautomaticallyfrom
newspapertext. The goal is to generatean informa-
tive headline(onethat speci�es the eventandits partic-
ipants)not just an indicative headline(which speci�es
thetopic only). Thesystemis implementedasa Hidden
Markov Model enhancedwith a postprocessorthat�lters
outheadlinesthatdonot containa verbalor nominalized
event. This is achievedby verifying that thereis at least
onewordin thegeneratedheadlinethatappearsin CatVar
asaV (averbalevent)or asaN whoseverbalcounterpart
is in thesamecluster(anominalizedevent).

A recentstudyindicatesthat thereis a signi�cant im-
provementin Bleu scores(usinghuman-generatedhead-
linesasourreferences)whenrunningheadlinegeneration
with theCatVar �lter: 7

� HeadGenwith CatVar �lter: 0.1740

� HeadGenwith noCatVar �lter: 0.1687

This quantitative distinction correlates with human-
perceived differences,e.g., betweenthe two headlines
Washingtonians�ght overdrugsandIn thenation'scapi-
tal (generatedfor thesamestory—withandwithout Cat-
Var, respectively).

4.3 DUSTer

DUSTer—Divergence Unraveling for Statistical
Translation—was introduced in (Dorr et al., 2002).
In this system,commondivergencetypesaresystemat-
ically identi�ed and English sentencesare transformed
to beara closerresemblanceto thatof anotherlanguage
usinga mappingreferredto as

�

-to-
���

. The objective
is to enablemore accuratealignmentand projectionof
dependency treesin anotherlanguagewithout requiring
any trainingondependency-treedatain thatlanguage.

The CatVar databasehasbeenincorporatedinto two
componentsof the DUSTer system:(1) In the

�

-to-
���

mapping,e.g.,thetransformationfrom kick � to LightVB
kick� (correspondingto theEnglish/Spanishdivergence

6The other conditionson con�atability and somedetailed
examplesare discussedin (Habash,2002) and (Habashand
Dorr, 2002).

7For detailsabouttheBleu evaluationmetric,see(Papineni
et al., 2002).

pairkick/dar patada); and(2) Duringanautomaticmark-
up phaseprior to this transformation,wherethe partic-
ular

�

-to-
���

mappingis selectedfrom a set of possi-
bilities basedon the 2 input sentences.For example,
the rule V[CatVar=N] -> LightVB N is selected
for the transformationabove by �rst checkingthat the
verb V is associatedwith a word of category N in Cat-
Var. TransformingdivergentEnglishsentencesusingthis
mechanismhasbeenshown to facilitateword-levelalign-
mentby reducingthenumberof unalignedandmultiply-
alignedwords.

5 Evaluation

Thissectionincludestwo evaluationsconcernedwith dif-
ferentaspectsof the CatVar database.The �rst evalua-
tion calculatesthe recall andprecisionof CatVar's clus-
teringandtheseconddeterminesthecontributionof Cat-
VaroverPorterstemmer.

5.1 CatVar Clustering Evaluation: Recall and
Precision

To determinetherecallandprecisionof CatVargiventhe
lack of a gold standard,we asked 8 native speakers to
evaluate400randomly-selectedclusters.Eachannotator
wasgivena setof 100clusters(with two annotatorsper
set).Figure3 showsasegmentof theevaluationinterface
whichwasweb-browseable.

Figure3: Evaluation

The annotatorswere given detailedinstructionsand
many examplesto help themwith the task. They were
askedto classifyeachword in everyclusterasbelonging
to oneof thefollowing categories:

� Perfect:Thisword de�nitely belongsin thiscluster.
� Perfect(exceptfor partof speechproblem).
� Perfect(exceptfor spellingproblem).
� Not Sure: It is not clear whethera word that is

derivationallycorrectbelongsin a setor not.
� Doesn't Belong: This word doesn't belongin this

cluster.



� May not be a RealWord: This word is not known
andcouldn't befoundit in a dictionary.

The interfacealso provided an input text box to add
missingwordsto a cluster.

In calculatingthe inter-annotatoragreement,we did
not considermismatchesin word additionsasdisagree-
mentsincesomeannotatorscould not think up asmany
possiblevariationsas others. After all, this was not
an evaluationof their ability to think up variations,but
rather of the coverageof the CatVar database. The
inter-annotatoragreementwascalculatedasthepercent-
age of words where both annotatorsagreedout of all
words. Even thoughthereweresix �ne-grained classi-
�cations, theaverageinter-annotatoragreementwashigh
(80.75%).Many of thedisagreements,however, resulted
from the �ne-grainednessof theoptionsavailableto the
annotators.

In a secondcalculationof inter-annotatoragreement,
we simpli�ed the annotators'choicesby placing them
into threegroupscorrespondingto Perfect(Perfectand
Perfect-but), Not-sure(Not-sureandMay-not-be-a-real-
word) and Wrong (Does-not-belong).This annotation-
groupingapproachis comparableto theclusteringtech-
niques used by (Veronis, 1998) to “super-tag” �ne
grainedannotations.After groupingtheannotations,av-
erageinter-annotatoragreementroseup to 98.35%.

Theclustermodi�cationsproducedby eachpairof an-
notatorsassignedto thesameclusterwerethencombined
automatically in an approximationto post-annotation
inter-annotatordiscussion,which traditionally resultsin
agreement:(1) If both annotatorsagreedon a category,
then it stands;(2) One annotatoroverridesanotherin
caseswhereone is more surethan the other (i.e., Per-
fectoverridesPerfect-but-with-error/Not-sureandWrong
overridesNot-sure); (3) In caseswhere one annotator
considersa word Perfectwhile the otherannotatorcon-
sideredit Wrong,wecompromiseatNot-sure.Theunion
of all addedwordswasincludedin thecombinedcluster.

The 400 combinedclusterscovered808 words. 68%
of thewordswererankedasPerfect.Nonehadspelling
errorsandonly oneword hada part-of-speechissue.23
words (lessthan 3%) were marked as Not-sures. And
only 6 words (less than 1%) were marked as Wrong.
Therewere209addedwords(about26%).However128
words(or 61%of missingwords)werenotactuallymiss-
ing, but rathernot linkedinto thesetof clustersevaluated
by aparticularannotator. Someof thesewordswereclus-
teredseparatelyin thedatabase.8 Therestof themissing
words(81 wordsor 10% of all words)werenot present
in thedatabase,but 50of them(or 62%)werelinkableto
existingwordsin theCatVarusingsimplestemming(e.g.,

8The 128 wordsthat were“not really missing” wereclus-
teredin 89otherclustersnot includedin theevaluationsample.

thePorterstemmer, whoserelevanceis describednext).
The precisionwas calculatedas the ratio of perfect

wordsto all original (i.e. notadded)words:91.82%.The
recallwascalculatedastheratioof perfectwordsdivided
by all perfectplus all addedwords: 72.46%. However,
if we excludethenot-reallymissingwords,theadjusted
recallvaluebecomes87.16%.Theharmonicmeanor F-
score9 of the precisionandrecall is 81.00%(or 89.43%
for adjustedrecall).

5.2 Linkability Evaluation: Comparison to Porter
Stemmer

To measurethecontributionof CatVarwith respectto the
“linking together”of relatedwords,it is importantto de-
�ne theconceptof linkability asthepercentageof word-
to-word links in the databaseresulting from a speci�c
source. For example,Natural linkability refersto pairs
of words whoseform doesn't changeacrosscategories
suchaszip� andzip� or afghan� andafghan��� . Porter
linkability refersto wordslinkableby reductionto acom-
mon Porterstem. CatVar linkability is the linkability of
two wordsappearingin thesameCatVar cluster.

Figure4 shows an exampleof all threetypesof links
in the hunger cluster. Here,hunger� andhunger � are
linked in threeways,Naturally (N), by the Porterstem-
mer (P), and in CatVar (C). Porter links hungry��� and
hungriness� via the common stem hungri but Porter
doesn't link eitherof theseto hunger� or hunger� (stem
hunger). The total numberof links in this clusteris six,
two of which are Porter-determinableand only one of
which is naturally-determinable.

AJ
Hungry

C
CC

Hunger
V

C

N
Hunger

N
Hungriness

CP

CPN

Figure4: ThreeTypesof Links

The calculationof linkability appliesonly to the por-
tion of thedatabasecontainingmulti-wordclusters(about
half of thedatabase)sincesingle-wordclustershavezero
links. The 48,867 linked words are distributed over
14,731clusterswith 89,638total numberof links. About
12% of theselinks arenaturally-determinableand70%
are Porter-linkable. The last 30% of the links is a sig-
ni�cant contributionof theCatVardatabase,comparedto
thePorterstemmer, particularlysincethis stemmeris an
industrystandardin theIR community.10

9F-score= �

�

���������
	�����


���

���������

����������	�����
��

�

���������

.
10A reviewer points out that the Porter stemmercould be



It is importantto point out that, for CatVar to beused
in IR, it must be accompaniedby an in�ectional ana-
lyzer that reduceswords to their lexemeform (remov-
ing plural endingsfrom nounsor gerundending from
verbs).11 The contribution of CatVar is in its linking of
wordsrelatedderivationallynot in�ectionally. Work by
(Krovetz,1993)demonstratesan improvedperformance
with derivationalstemmingoverthePorterstemmermost
of thetime.

6 Conclusionsand Future Work

Wehavepresentedourapproachto constructingandeval-
uating a new large-scaledatabasecontainingcategorial
variationsof English words. In addition, we have de-
scribeddifferentapplicationsfor whichit hasprovenuse-
ful. Our evaluationindicatesthat CatVar hascoverage
and accuracy of over 80% (F-score)and also that the
databaseimprovesthe linkability of Porterstemmerby
about30%. These�ndings aresigni�cant contributions
to several differentcommunities,including Information
Retrieval andMachineTranslation.

Futurework includesimproving the word-clusterra-
tio andabsorbingmoreof the single-word clustersinto
existing clustersor other single-word clusters. We are
alsoconsideringenrichmentof theclusterswith typesof
derivationalrelationssuchas“nominal-event” or “doer”
to complementpart-of-speechlabels. Other lexical
semanticfeaturessuch telicity, sentienceand change-
of-statecan also be inducedfrom morphologicalcues
(Light, 1996).

Additionally, we are interestedin measuringthe ap-
pliedcontributionof usingtheCatVarin natural-language
applicationssuchasInformationRetrieval. And �nally ,
we intend to incorporateCatVar into new applications
suchasparallelcorpuswordalignment.
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viewedasa weaklink in our comparisonsinceit doesnot pro-
vide a deepanalysisaswould be producedby morphological
analysissystems.However, we have found thatmostmorpho-
logicalanalyzers,includingoneswith large-scalecoveragesuch
astheXtagsystem(Karpetal.,1992),addressin�ectional—not
derivational—morphology;thus, their basisfor comparisonis
evenweaker thanwouldbeprovidedby thePorterstemmer.

11This is, in fact, the approachusedin the HeadGenand
DUSTerapplicationsdescribedabove.
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