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Abstract

We describe our approach to the con-
struction and evaluation of a large-scale
database called “CatVar” which con-
tains categorial variations of English lex-
emes. Due to the prevalence of cross-
language categorial variation in multilin-
gual applications, our categorial-variation
resource may serve as an integral part
of a diverse range of natural lan-
guage applications. Thus, the research
reported herein overlaps heavily with
that of the machine-translation, lexicon-
construction, and information-retrieval
communities.

We apply the information-retrieval met-
rics of precision and recall to evaluate
the accuracy and coverage of our database
with respect to a human-produced gold
standard. This evaluation reveals that the
categorial database achieves a high degree
of precision and recall. Additionally, we
demonstrate that the database improves on
the linkability of Porter Stemmer by over
30%.

1 Intr oduction

Natural Language Processing (NLP) applications
may only be as good as the resources upon which
they rely. Resources specifying the relations among
lexical items such as WordNet (Fellbaum, 1998) and
HowNet (Dong, 2000) (among others) have been
used effectively in many NLP systems.

In this paper we introduce a new resource called
CatVar which specifies the lexical relation Catego-
rial Variation on a large scale for English. This re-
source has already been used effectively in a wide
range of monolingual and multilingual NLP appli-
cations. Upon its first public release, Catvar will
be freely available to the research community. We
expect that the contribution of this resource will be-
come more widely recognized through its future in-
corporation into additional NLP applications.

A categorial variation of a word with a cer-
tain part-of-speech is a derivationally-related word
with possibly a different part-of-speech. For exam-
ple, hunger ¦ , hunger § and hungrÿ4© are categorial
variations of each other, as are cross¦ and acrossª ,
and stab ¦ and stab § . Although this relation seems
basic on the surface, this relation is critical to work
in information retrieval (IR), natural language gen-
eration (NLG) and Machine Translation (MT)—yet
there is no large scale resource available for English
that focuses on categorial variations.1

In the rest of this paper we discuss other avail-
able resources and how they differ from the Cat-
Var database. We then discuss how and what re-
sources were used to build CatVar. We then present
three applications that use CatVar in different ways:
Generation-Heavy MT, headline generation, and
cross-language divergence unraveling for bilingual

1It is the intention of the WordNet 1.7 developers to in-
clude such information in their next version, but only for nouns
and verbs (Christiane Fellbaum, pc.), not other pairings such as
noun-adjective, verb-preposition relationships. Discussions are
currently underway for sharing the CatVar database with Word-
Net developers for more rapid development, extension, and mu-
tual validation of both resources.



alignment. Finally, we presenta multi-component
evaluationof the database.Our evaluationreveals
that the categorial databaseachieves a high degree
of precisionand recall and that it improves on the
linkability of PorterStemmerby over 30%.

2 Background

Lexical relations describe relative relationships
among different lexemes. According to (Cruse,
1986), lexical relationsare either hierarchicaltax-
onomic relations (such as hypernymy, hyponymy
andentailments)or non-hierarchicalcongruencere-
lations (such as identity, overlap, synonymy and
antonymy).

WordNet is the mostwell-developedandwidely
usedlexical databaseof English (Fellbaum,1998).
In WordNet,bothtypesof lexical relationsarespec-
i�ed amongwords with the samepart of speech
(verbs, nouns, adjectives and adverbs). WordNet
hasbeenusedby many researchersfor differentpur-
posesranging from the constructionor extension
of knowledgebasessuchas SENSUS(Knight and
Luk, 1994)or theLexical ConceptualStructureVerb
Database(LVD) (Greenet al., 2001) to the faking
of meaningambiguity aspart of systemevaluation
(BangaloreandRambow, 2000). In the context of
theseprojects,onecriticism of WordNet is its lack
of cross-categorial links, suchasverb-nounor noun-
adjective relations.

Mel’ �cuk approacheslexical relationsby de�ning
a lexical combinatorialzone that speci�es seman-
tically related lexemesthrough Lexical Functions
(LF). Thesefunctionsde�ne a correspondencebe-
tweena key lexical item and a set of relatedlexi-
cal items(Mel’�cuk, 1988). Thereare two typesof
functions: paradigmaticand syntagmatic(Ramos
et al., 1994). ParadigmaticLFs associatea lexi-
cal item with related lexical items. The relation
canbesemanticor syntactic.SemanticLFs include
Synonym(calling) = vocation, Antonym(small) =
big, and Generic(fruit)= apple. SyntacticLFs in-
clude Derived-Noun(expand)= expansionand Ad-
jective(female)= feminine.

SyntagmaticLFs specifycollocationswith a lex-
eme given a speci�ed relationship. For example,
thereis aLF thatreturnsa light verbassociatedwith
the LF’s key: Light-Verb(attention)= pay. Other

LFs specify certain semanticassociationssuch as
Intensify-Quali�er(escape) = narrow andDegrada-
tion(milk) = sour. Lexical Functionshavebeenused
in MT andGeneration(e.g.(Ramoset al., 1994)).

Althoughresearchon Lexical Functionsprovides
an intriguing theoretical discussion,there are no
large scaleresourcesavailable for categorial varia-
tions inducedby lexical functions. This lack of re-
sourcesshouldn’t suggestthat the problem is too
trivial to be worthy of investigationor that a so-
lution would not be a signi�cant contribution. On
the contrary, categorial variationsarenecessaryfor
handlingmany NLP problems.For example,in the
context of MT, (Habashet al., 2002) claims that
98%of all translationdivergences(variationsin how
sourceand target languagesstructuremeaning)in-
volve someform of categorial variation. Moreover,
most information retrieval systemsrequire some
way to reducevariant words to commonroots to
improve theability to matchqueries(Xu andCroft,
1998;Hull andGrefenstette,1996;Krovetz,1993).

Given thelackof large-scaleresourcescontaining
categorial variations,researchersfrequentlydevelop
and use alternative algorithmic approximationsof
sucha resource. Theseapproximationscan be di-
videdinto Reductionist(Analytical) or Expansionist
(Generative) approximations. The former focuses
on the conversion of several surface forms into a
commonroot. Stemmerssuchas the PorterStem-
mer (Porter, 1980) area typical example. The lat-
ter, or expansionistapproaches,overgeneratepossi-
bilities and rely on a statisticallanguagemodel to
rank/selectamongthem. Themorphologicalgener-
ator in Nitrogen is an exampleof suchan approxi-
mation(LangkildeandKnight, 1998).

Therearetwo typesof problemswith approxima-
tions of this type: (1) They areuni-directionaland
thuslimited in usability—Astemmercannotbeused
for generationand a morphologicalovergenerator
cannotbeusedfor stemming;(2) Thecrudeapproxi-
matingnatureof suchsystemscausemany problems
in qualityandef�ciency from over-stemming/under-
stemmingor over-generation/under-generation.

Consider, for example, the Porter Stemmer,
which stems commune« , communication« and
communism« to ¬Y­D®�®�¯�° . And yet, it does
not produce this same stem for communist« or
communicable±/² (stemmed to ¬p­D®�®�¯m°4³K´~µ and



¶p·D¸�¸�¹mº4»2¶ respectively).2 Another example is
the expansionistNitrogenmorphologicalgenerator,
where the morphologicalfeature ¼ º/·D¸�»8º/½�¾Q»2¿ À�ÁÂ�À�Ã9Ä applied to Å À"Â�À�¾i·sÆ returns eleven varia-
tions including Ç~Å À"Â�À�¾i·sÆ�½9È�À , Ç~Å À"Â�À~¾i·�Æ�»2¶p½ ÉÊ»2·Dº andÇ~Å À�Â�À~¾Q·sÆmË . Only two arecorrect( Å À"Â�À�¾i·sÆm¸jÀ"º4É andÅ À�Â�À~¾Q·sÆm»2ºAÈ ). Such overgenerationmultiplied out
at differentpoints in a sentenceexpandsthe search
spaceexponentially, and given various cut-offs in
thesearchalgorithm,might evenappearin someof
thetop rankedchoices.

Given theseissues,our goal is to build a database
of categorial variationsthat can be usedwith both
expansionistand reductionist approacheswithout
the cost of over/under-stemming/generation. The
researchreported herein is relevant to machine-
translation,lexicon-construction, and information-
retrieval.

First, we describethe constructionof the “Cat-
Var” databaseand its use in multilingual applica-
tions. Following this, we demonstratethe appli-
cation of information-retrieval metricsof precision
andrecall in an evaluationof our databasewith re-
spectto a human-producedgold standard.Finally,
we demonstratethat the databaseimproves on the
linkability of PorterStemmerby over 30%.

3 Building the CatVar

The CatVar databasewas developedusing a com-
bination of resourcesand algorithmsincluding the
LCS Verb andPrepositionDatabases(Dorr, 2001),
the Brown Corpus section of the Penn Treebank
(Marcus et al., 1993), an English morphological
analysis lexicon developed for PC-Kimmo (En-
glex) (Antworth, 1990),NOMLEX (Macleodet al.,
1998), LongmanDictionary of ContemporaryEn-
glish(LDOCE)3 (Procter, 1983),WordNet1.6(Fell-
baum,1998),andthePorterstemmer(Porter, 1980).
The contribution of eachof thesesourcesis clearly
labeledin theCatVardatabase,thusenablingtheuse
of differentcross-sectionsof theresourcefor differ-
entapplications.4

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

3An English Verb-Noun list extracted from LDOCE was
providedby RebeccaGreen.

4For example,in a headlinegenerationsystem(HeadGen),
higherBleuscoreswereobtainedwhenusingtheportionsof the

Some of these resourceswere used to extract
seedlinks betweendifferentwords(Englex lexicon,
NOMLEX andLDOCE). Otherswereusedto pro-
vide a large-scalecoverageof lexemes.In the case
of the Brown Corpus,which doesn’t provide lex-
emesfor its words, the Englex morphologicalan-
alyzer was used togetherwith the part of speech
speci�ed in the PennTreeBank to extract the lex-
emeform. The Porterstemmerwas later usedas
part of a clusteringstepto expandthe seedlinks to
createclustersof words that arecategorial variants
of eachother, e.g., hungerÌ , hungryÍ/Î , hungerÏ ,
hungrinessÌ .

Thecurrentversionof theCatVar(version2.0)in-
cludes62,232clusterscovering 96,368uniquelex-
emes. The lexemesbelong to 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-quartersof
thesesingle-word clustersare nounsand one-�fth
are adjectives. The other half of the words is dis-
tributedin aZipf fashionover clustersfrom size2 to
27. Figure1 shows theword-clusterdistribution.

Figure1: CatVar Distribution

A smaller supplementarydatabasedevoted to
verb-prepositionvariationswas constructedsolely
from the LCS verb and prepositionlexicon using
sharedLCS primitives to cluster. Thedatabasewas
inspiredby pairssuchascrossÏ andacrossÐ which
areusedin Generation-Heavy MT. But sinceverb-
prepositionclustersare not typically morphologi-
cally related,they arekeptseparatefrom therestof

CatVar databasethat are most relevant to nominalizedevents
(e.g.,NOMLEX).



the CatVar databaseand they werenot includedin
theevaluationpresentedin this paper.5

The CatVar is web-browseable at
http://clipdemos.umiacs.umd.edu/catvar/. Fig-
ure 2 shows the CatVar web-basedinterface with
the hunger cluster as an example. The interface
allows searchingclustersusing regular expressions
aswell asclusterlength restrictions. The database
is also available for researchersin perl/C and lisp
searchableformats.

Figure2: Web Interface

4 Applications

Ourprojectis focusedonresourcebuilding andeval-
uation.However, theCatVardatabaseis relevantto a
numberof naturallanguageapplications,including
generationfor MT, headlinegeneration,andcross-
languagedivergenceunraveling for bilingual align-
ment.Eachof thesearediscussedbelow, in turn.

4.1 Generation-Heavy Machine Translation

The Generation-Heavy Hybrid Machine Transla-
tion (GHMT) model was introduced in (Habash,
2002)to handletranslationdivergencesbetweenlan-
guagepairs with asymmetrical(poor-source/rich-
target) resources.The approachdoesnot rely on a
transferlexicon or a commoninterlingualrepresen-
tation to mapbetweendivergentstructuralcon�gu-

5This supplementarydatabaseincludes 242 clusters for
more than 230 verbs and 29 prepositions. Other examples
of verb-prepositionclustersinclude: avoidÑ andawayfromÒ ;
enterÑ andintoÒ ; andborderÑ andbesideÒ (or next toÒ ).

rationsfrom sourceto target language.Instead,dif-
ferentalternative structuralcon�gurationsareover-
generatedand thesearestatisticallyranked usinga
languagemodel.

The CatVar databaseis usedas one of the con-
straintson thestructuralexpansionstep.For exam-
ple, to allow the con�ation of verbssuchasmakeÓ
or causeÓ andan argumentsuchasdevelopmentÔ ,
the�rst conditionfor conßatabilityis �nding a verb
categorial variantof theargumentdevelopmentÔ . In
this casetheverbcategorial variantis developÓ .6

4.2 Headline Generation

TheHeadGenheadlinegeneratorwas introducedin
(Zajic et al., 2002)to createheadlinesautomatically
from newspapertext. The goal is to generatean
informative headline(one that speci�es the event
and its participants)not just an indicative headline
(which speci�es the topic only). The systemis im-
plementedas a Hidden Markov Model enhanced
with a postprocessorthat �lters out headlinesthat
donotcontainaverbalor nominalizedevent.This is
achieved by verifying that thereis at leastoneword
in thegeneratedheadlinethatappearsin CatVarasa
V (a verbalevent) or asa N whoseverbalcounter-
part is in thesamecluster(a nominalizedevent).

A recent study indicatesthat there is a signif-
icant improvement in Bleu scores(using human-
generatedheadlinesasourreferences)whenrunning
headlinegenerationwith theCatVar �lter: 7

Õ HeadGenwith CatVar �lter: 0.1740

Õ HeadGenwith no CatVar �lter: 0.1687

This quantitative distinctioncorrelateswith human-
perceived differences,e.g., betweenthe two head-
linesWashingtoniansÞghtover drugsandIn thena-
tionÕs capital (generatedfor the samestory—with
andwithout CatVar, respectively).

4.3 DUSTer

DUSTer—Divergence Unraveling for Statistical
Translation—was introducedin (Dorr et al., 2002).

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

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



In this system,commondivergencetypesare sys-
tematically identi�ed and English sentencesare
transformedto beara closerresemblanceto that of
another languageusing a mapping referred to asÖ

-to-
Ö�×

. The objective is to enablemore accu-
rate alignmentand projection of dependency trees
in anotherlanguagewithout requiring any training
on dependency-treedatain that language.

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

Ö
-to-

Ö ×
mapping,e.g.,the transformationfrom

kickØ to LightVB kickÙ (correspondingto the En-
glish/Spanishdivergencepair kick/dar patada); and
(2) During anautomaticmark-upphaseprior to this
transformation,wherethe particular

Ö
-to-

Ö ×
map-

ping is selectedfrom a set of possibilities based
on the 2 input sentences. For example, the rule
V[CatVar=N] -> LightVB N is selectedfor
the transformationabove by �rst checkingthat the
verb V is associatedwith a word of category N in
CatVar. Transformingdivergent English sentences
using this mechanismhasbeenshown to facilitate
word-level alignmentby reducingthenumberof un-
alignedandmultiply-alignedwords.

5 Evaluation

This section includes two evaluations concerned
with differentaspectsof the CatVar database.The
�rst evaluationcalculatestherecallandprecisionof
CatVar’s clusteringand the seconddeterminesthe
contribution of CatVar over PorterStemmer.

5.1 CatVar Clustering Evaluation: Recall and
Precision

To determinethe recall and precision of CatVar
given thelack of a gold standard,we asked8 native
speakersto evaluate400randomly-selectedclusters.
Eachannotatorwas givena setof 100clusters(with
two annotatorsperset).Figure3 showsasegmentof
theevaluationinterfacewhich wasweb-browseable.

The annotatorswere given detailed instructions
andmany examplesto helpthemwith thetask.They
wereaskedto classifyeachword in every clusteras
belongingto oneof thefollowing categories:

Ú Perfect: This word de�nitely belongsin this
cluster.

Ú Perfect(exceptfor partof speechproblem).

Figure3: Evaluation

Ú Perfect(exceptfor spellingproblem).

Ú Not Sure:It is not clearwhethera word that is
derivationallycorrectbelongsin a setor not.

Ú Doesn’t Belong: This word doesn’t belongin
this cluster.

Ú May not be a Real Word: This word is not
known andcouldn’t be foundit in a dictionary.

The interfacealso provided an input text box to
addmissingwordsto a cluster.

In calculatingthe inter-annotatoragreement,we
did not considermismatchesin word additionsas
disagreementsincesomeannotatorscouldnot think
up asmany possiblevariationsasothers. After all,
this was not anevaluationof their ability to think up
variations,but ratherof the coverageof the CatVar
database.Even thoughthereweresix �ne-grained
classi�cations, the average inter-annotator agree-
ment was high (80.75%). Many of the disagree-
ments,however, resultedfrom the �ne-grainnessof
theoptionsavailableto theannotators.

In a secondcalculationof inter-annotatoragree-
ment,wesimpli�ed theannotators’choicesby plac-
ing them into three groupscorrespondingto Per-
fect (Perfectand Perfect-but), Not-sure (Not-sure
and May-not-be-a-real-word) and Wrong (Does-
not-belong). This annotation-grouping approachis
comparableto the clustering techniquesused by
(Veronis,1998) to “super-tag” �ne grainedannota-
tions.After groupingtheannotations,averageinter-
annotatoragreementroseup to 98.35%.

The clustermodi�cations producedby eachpair
of annotatorsassignedto the samecluster were
then combinedautomaticallyin an approximation



to post-annotationinter-annotatordiscussion,which
traditionallyresultsin agreement:(1) If bothannota-
torsagreedon acategory, thenit stands;(2) Onean-
notatoroverridesanotherin caseswhereoneis more
surethan the other (i.e., PerfectoverridesPerfect-
but-with-error/Not-sureand Wrong overridesNot-
sure);(3) In caseswhereoneannotatorconsidersa
word Perfectwhile theotherannotatorconsideredit
Wrong, we compromiseat Not-sure. The union of
all addedwordswas includedin thecombinedclus-
ter.

The 400 combinedclusterscovered 808 words.
68% of the words were ranked as Perfect. None
hadspellingerrorsandonly oneword hadapart-of-
speechissue.23 words(lessthan3%) weremarked
asNot-sures.And only 6 words(lessthan1%)were
marked as Wrong. There were 209 addedwords
(about26%). However 128words(or 61%of miss-
ing words)werenot actuallymissing,but rathernot
linked into the setof clustersevaluatedby a partic-
ular annotator. Someof thesewordswereclustered
separatelyin the database.8 The rest of the miss-
ing words(81 wordsor 10%of all words)werenot
presentin the database,but 50 of them (or 62%)
werelinkable to existing wordsin theCatVar using
simple stemming(e.g., the Porterstemmer, whose
relevanceis describednext).

The precisionwas calculatedasthe ratio of per-
fect words to all original (i.e. not added)words:
91.82%. The recall was calculatedas the ratio of
perfectwords divided by all perfectplus all added
words: 72.46%. However, if we exclude the not-
really missingwords, the adjustedrecall value be-
comes87.16%. The harmonicmeanor F-score9 of
the precisionand recall is 81.00%(or 89.43%for
adjustedrecall).

5.2 Linkability Evaluation: Comparison to
Porter Stemmer

To measurethe contribution of Catvar with respect
to the “linking together”of relatedwords, it is im-
portantto de�ne theconceptof linkability astheper-
centageof word-to-word links in the databasere-
sulting from a speci�c source. For example,Nat-
ural linkability refersto pairsof wordswhoseform

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

9F-score= Û
ÜhÝ9Þ8ßQàQáãâQáåä2æ#Ühç?ßQàQè
éêéÝ#Þ8ßQàiáåâiáëä2æ"ì ç#ßaàQè
éêé .

doesn’t changeacrosscategoriessuchas zipí and
zip î or afghan î and afghanï/ð . Porter linkability
refersto words linkable by reductionto a common
Porterstem. CatVar linkability is the linkability of
two wordsappearingin thesameCatVar cluster.

Figure 4 shows an exampleof all threetypesof
links in the hunger cluster. Here, hungerî and
hunger í arelinked in threeways,Naturally (N), by
the Porter stemmer(P), and in CatVar (C). Porter
links hungryï4ð and hungrinessî via the common
stemhungri but Porterdoesn’t link either of these
to hunger î or hunger í (stemhunger). 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
portion of the databasecontainingmulti-word clus-
ters (abouthalf of the database)sincesingle-word
clustershave zero links. The 48,867linked words
aredistributedover 14,731clusterswith 89,638to-
tal numberof links. About 12% of theselinks are
naturally-determinable and70%arePorter-linkable.
The last 30% of the links is a signi�cant contribu-
tion of theCatVar database,comparedto the Porter
Stemmer, particularly sincethis stemmeris an in-
dustrystandardin theInformationRetrieval commu-
nity.

It is importantto point out that, for CatVar to be
usedin IR, it mustbeaccompaniedby anin�ectional
analyzerthatreduceswordsto their lexemeform (re-
moving plural endingsfrom nounsor gerundend-
ing from verbs).10 The contribution of CatVar is in
its linking of wordsrelatedderivationallynot in�ec-
tionally. Work by (Krovetz, 1993)demonstratesan
improved performancewith derivational stemming
over thePorterStemmermostof thetime.

10This is, in fact, the approachusedin the HeadGenand
DUSTerapplicationsdescribedabove.



6 Conclusions and Future Work

We have presentedour approachto constructing
andevaluatinga new large-scaledatabasecontain-
ing categorial variationsof English words. In ad-
dition, we have describeddifferentapplicationsfor
which it hasproven useful.Our evaluationindicates
thatCatVar hascoverageandaccuracy of over 80%
(F-score)and also that the databaseimproves the
linkability of Porterstemmerby about30%. These
�ndings aresigni�cant contributions to several dif-
ferentcommunities,including information retrieval
andmachinetranslation.

Futurework includesimproving theword-cluster
ratio andabsorbingmoreof thesingle-word clusters
into existing clustersor other single-word clusters.
We arealsoconsideringenrichingthe clusterswith
types of derivational relations such as “nominal-
event” or “doer” to complementpart-of-speechla-
bels. Additionally, we are interestedin measur-
ing the appliedcontribution of using the CatVar in
natural-languageapplications. And �nally , we in-
tend to incorporateCatVar into new applications
suchasparallelcorpusword alignment.
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