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Abstract

We describe our approach to the construction and evaluation of a large-scale database
called ”CatVar” which contains categorial variations of English lexemes. Due to the
prevalence of crosslanguage categorial variation in multilingual applications, our categorial-
variation resource may serve as an integral part of a diverse range of natural language ap-
plications. Thus, the research reported herein overlaps heavily with that of the machine-
translation, lexiconconstruction, and information-retrieval communities. We apply the
information-retrieval metrics 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/%.
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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.

}@umiacs.umd.edu

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, hungery,, hunger y and hungry, s are categorial
variations of each other, as are cross, and acrossp,
and staby and staby. 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?!

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

It 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
evaluation of the database.Our evaluationreveals
that the categorial databaseachiares 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 hyperrymy, hyporymy

andentailments)r non-hierarchicatongruencee-

lations (such as identity, overlap, synorymy and
antorymy).

WordNetis the mostwell-developedand widely
usedlexical databasef English (Fellbaum,1998).
In WordNet,bothtypesof lexical relationsarespec-
i ed amongwords with the samepart of speech
(verbs, nouns, adjectives and adwerbs). WordNet
hasbeenusedby mary researcherfor differentpur
posesranging from the constructionor extension
of knowledge basessuchas SENSUS(Knight and
Luk, 1994)or theLexical ConceptuabtructureVerb
DatabasgLVD) (Greenet al., 2001) to the faking
of meaningambiguity as part of systemevaluation
(Bangaloreand Rambav, 2000). In the context of
theseprojects,one criticism of WordNetis its lack
of cross-catgorial links, suchasverb-nounor noun-
adjective relations.

Mel’ cuk approachesexical relationsby de ning
a lexical combinatorialzone that speci es seman-
tically related lexemesthrough Lexical Functions
(LF). Thesefunctionsde ne a correspondencée-
tweena key lexical item and a set of relatedlexi-
cal items(Mel'cuk, 1988). Thereare two types of
functions: paradigmaticand syntagmatic(Ramos
et al.,, 1994). ParadigmaticLFs associatea lexi-
cal item with relatedlexical items. The relation
canbe semanticor 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 specify collocationswith a lex-
eme given a speci ed relationship. For example,
thereis aLF thatreturnsalight verbassociatedavith
the LF's key: Light-Verb(attention)= pay. Other

LFs specify certain semanticassociationssuch as
Intensify-Quali er(escap) = narrow and Degrada-
tion(milk) = sour. Lexical Functionshave beenused
in MT andGeneratiorn(e.g.(Ramosetal., 1994)).
Althoughresearcton Lexical Functionsprovides
an intriguing theoretical discussion,there are no
large scaleresourcesavailable for cateyorial varia-
tions inducedby lexical functions. This lack of re-
sourcesshouldnt suggestthat the problem s too
trivial to be worthy of investigationor that a so-
lution would not be a signi cant contritution. On
the contrary cateyorial variationsare necessaryor
handlingmary NLP problems.For example,in the
context of MT, (Habashet al., 2002) claims that
98%of all translationdivergenceqvariationsin how
sourceand tamget languagesstructuremeaning)in-
volve someform of categorial variation. Moreover,
most information retrieval systemsrequire some
way to reducevariant words to commonroots to
improve the ability to matchqueries(Xu andCroft,
1998;Hull andGrefenstette]1996;Krovetz,1993).
Given thelack of large-scalaesourcegontaining
categorial variations researcherfrequentlydevelop
and use alternatve algorithmic approximationsof
sucha resource. Theseapproximationscan be di-
videdinto Reductionis{Analytical) or Expansionist
(Generatie) approximations. The former focuses
on the corversion of several surface forms into a
commonroot. Stemmerssuchasthe Porter Stem-
mer (Porter 1980) are a typical example. The lat-
ter, or expansionistapproachespvergeneratepossi-
bilities and rely on a statisticallanguagemodel to
rank/selecamongthem. The morphologicalgener
ator in Nitrogenis an exampleof suchan approxi-
mation(LangkildeandKnight, 1998).
Therearetwo typesof problemswith approxima-
tions of this type: (1) They are uni-directionaland
thuslimited in usability—A stemmeicannotbeused
for generationand a morphological overgenerator
cannotbeusedfor stemming;(2) Thecrudeapproxi-
matingnatureof suchsystemsausemary problems
in quality andef ciency from over-stemming/under
stemmingor over-generation/undegererdion.
Consider for example, the Porter Stemmey
which stems commung, communicatiog and
communismy to commun. And yet, it does
not produce this same stem for communis¢ or
communicablg; (stemmedto communist and



communic respectiely)?  Another example is

the expansionistNitrogen morphologicalgeneratar
wherethe morphologicalfeature +nominalize —

verb applied to develop returns eleven varia-
tionsincluding xdevelopage, xdevelopication and
xdevelopy. Only two arecorrect(development and
developing). Such overgenerationmultiplied out
at differentpointsin a sentenceexpandsthe search
spaceexponentially and given various cut-offs in

the searchalgorithm, might even appeaiin someof

thetop ranked choices.

Given theseissuespur goalis to build adatabase
of cateyorial variationsthat can be usedwith both
expansionistand reductionist approacheswithout
the cost of over/understemming/gearaion. The
researchreported herein is relevant to machine-
translation, lexicon-constructia, and information-
retrieval.

First, we describethe constructionof the “Cat-
Var” databaseand its usein multilingual applica-
tions. Following this, we demonstratethe appli-
cation of information-retri@al metricsof precision
andrecall in an evaluationof our databasevith re-
spectto a human-producedjold standard. Finally,
we demonstratdhat the databasémproves on the
linkability of PorterStemmerby over 30%.

3 Building the CatVar

The Cat\ar databaseavas developedusing a com-
bination of resourcesand algorithmsincluding the
LCS Verb and PrepositionDatabasegDorr, 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 (Macleodetal.,
1998), LongmanDictionary of ContemporaryEn-
glish (LDOCE)? (Procter 1983),WordNet1.6 (Fell-
baum,1998),andthe Porterstemmei(Porter 1980).
The contritution of eachof thesesourcess clearly
labeledin the CatVar databasethusenablingtheuse
of differentcross-sectionsf the resourcdor differ-
entapplications'

2For a deeperdiscussiorand classi cation of PorterStem-
mer’s errors,see(Krovetz,1993).

3An English Verb-Nounlist extractedfrom LDOCE was
provided by RebeccaGreen.

“For example,in a headlinegeneratiorsystem(HeadGen),
higherBleu scoresvereobtainedvhenusingtheportionsof the

Some of theseresourceswere usedto extract
seedlinks betweerdifferentwords(Englex lexicon,
NOMLEX and LDOCE). Otherswere usedto 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 extract the lex-
emeform. The Porterstemmerwas later usedas
partof a clusteringstepto expandthe seedlinks to
createclustersof wordsthat are categorial variants
of eachother e.qg., hungery, hungrys s, hungery,
hungrinesg .

Thecurrentversionof the CatVar (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 adjectves. The other half of the wordsis dis-
tributedin a Zipf fashionover clustersfrom size2 to
27. Figurel shavs the word-clusterdistribution.

Word vs Cluster Size Distribution
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Figurel: Cat\ar Distribution

A smaller supplementarydatabasedevoted to
verb-prepositionvariations was constructedsolely
from the LCS verb and prepositionlexicon using
shared.CS primitives to cluster The databaseavas
inspiredby pairssuchascross andacrosg which
areusedin Generation-Heay MT. But sinceverb-
preposition clustersare not typically morphologi-
cally related,they arekeptseparatdrom the restof

Cat\Var databasedhat are most relevant to nominalizedevents
(e.g.,NOMLEX).



the Cat\ar databaseand they were not includedin
the evaluationpresentedn this papeP
The Catvar is web-bravseable  at
http://clipdemos.umiacs.umdle/catvar/. Fig-
ure 2 shaws the Cat\Var web-basednterface with
the hunger cluster as an example. The interface
allows searchingclustersusing regular expressions
aswell asclusterlengthrestrictions. The database
is also available for researchersn perl/C and lisp
searchabldéormats.
Fis G e ©n G el |
j| §" Bookmarks i GoTo: [http://cLipdenas. umiace, und. edu/catvers /| @™ what's Related
CATVAR 2.0 Main Cluster l‘mgm:-

Sourcegs)

(WN BC ED EX hunger)

(WN ED LL hunger)

(WN BC ED EX hungri)
(WN hungri)

BC Brown Corpus
ED Englex Dictionary
EX UMD-Englex pairs

LD UMD-LDOCE pairs
LL LCS Lexicon
NX UMD-HOMLEX pairs
UH UMD-Habash pairs
WH HordHet 1.6

[a-z]* Porter Stem

CATVAR2.0 ©2002 Copyright University of Maryiand. Al Rights Reserved.
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Figure2: Web Interface

4 Applications

Ourprojectis focusedonresourcebuilding andeval-
uation.However, the Cat\ar databasés relevantto a
numberof naturallanguageapplications,including
generationfor MT, headlinegeneration,and cross-
languagedivergenceunraveling for bilingual align-
ment. Eachof thesearediscussedbelow, in turn.

4.1 Generation-Heavy Machine Translation

The Generation-Heay Hybrid Machine Transla-
tion (GHMT) model was introducedin (Habash,
2002)to handletranslationdivergencesetweerlan-
guage pairs with asymmetrical(poorsource/rich
target) resources.The approachdoesnot rely on a
transferlexicon or acommoninterlingual represen-
tation to map betweendivergent structuralcon gu-
This supplementarydatabaseincludes 242 clusters for
more than 230 verbs and 29 prepositions. Other examples

of verb-prepositiorclustersinclude: avoid, andawayfromp;
enter, andintop; andborder, andbeside (or nexttop).

rationsfrom sourceto tamgetlanguage.Instead dif-
ferentalternatve structuralcon gurationsare over-
generatechnd theseare statistically ranked using a
languagemodel.

The Cat\ar databases usedas one of the con-
straintson the structuralexpansionstep. For exam-
ple, to allow the con ation of verbssuchasmale,
or causg andan argumentsuchasdevelopmen,
the rst conditionfor conf3atabilityis nding averb
categorial variantof theargumentdevelopmeng. In
this casethe verb categorial variantis develop-.®

4.2 Headline Generation

The HeadGerheadlinegeneratowas introducedin
(Zajic etal., 2002)to createheadlinesautomatically
from newspapertext. The goal is to generatean
informative headline (one that speci es the event
andits participants)not just an indicative headline
(which speci esthetopic only). The systemis im-
plementedas a Hidden Markov Model enhanced
with a postprocessothat Iters out headlinesthat
do notcontainaverbalor nominalizedevent. Thisis
achieved by verifying thatthereis atleastoneword
in thegeneratedheadlinethatappearsn Cat\arasa
V (a verbalevent) or asa N whoseverbal counter
partis in the samecluster(a nominalizedevent).

A recentstudy indicatesthat there is a signif-
icant improvementin Bleu scores(using human-
generatedheadlinesasourreferencesyvhenrunning
headlinegeneratiorwith the Cat\ar Iter:’

e HeadGerwith Cat\ar lter: 0.1740
e HeadGernwith no CatVvar lter: 0.1687

This quantitatve distinction correlatesvith human-
perceved differences,e.g., betweenthe two head-
linesWashingtoniang>ghtover drugsandlin the na-
tion® capital (generatedor the samestory—uwith
andwithout Cat\ar, respectiely).

4.3 DUSTer

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

®The other conditionson con atability and somedetailed
examplesare discussedn (Habash,2002) and (Habashand
Dorr, 2002).

"For detailsaboutthe Bleu evaluationmetric, see(Papineni
etal.,2002).



In this system,commondivergencetypesare sys-
tematically identied and English sentencesare
transformedo beara closerresemblanceo that of
anotherlanguageusing a mapping referredto as
E-to-E’. The objectve is to enable more accu-
rate alignmentand projection of dependeng trees
in anotherlanguagewithout requiring ary training
ondependengtreedatain thatlanguage.

The CatVar databaséhasbeenincorporatedinto
two componentsof the DUSTer system: (1) In
the E-to-E’ mapping,e.g.,the transformatiorfrom
kicky, to LightVB kicky (correspondingo the En-
glish/Spanishdivergencepair kick/dar patadg; and
(2) During anautomaticmark-upphaseprior to this
transformation,wherethe particular E-to-FE' 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
verbV is associatedvith a word of category N in
Cat\ar. Transformingdivergent English sentences
using this mechanismhasbeenshawn to facilitate
word-level alignmentby reducingthe numberof un-
alignedandmultiply-alignedwords.

5 Evaluation

This section includes two evaluations concerned
with differentaspectsof the Cat\ar database.The
rst evaluationcalculateghe recallandprecisionof
Cat\ar’s clusteringand the seconddeterminesthe
contribution of Cat\ar over PorterStemmer

5.1 CatVar Clustering Evaluation: Recall and
Precision

To determinethe recall and precision of CatVar
given the lack of a gold standarde asled 8 native
spealersto evaluate400randomly-selectedlusters.
Eachannotatowas givena setof 100 clusters(with
two annotatorperset). Figure3 shovs asegmentof
the evaluationinterfacewhich was web-bravseable.
The annotatorswere given detailedinstructions
andmary exampleso helpthemwith thetask. They
wereasledto classifyeachword in every clusteras
belongingto oneof thefollowing categories:

e Perfect: This word de nitely belongsin this
cluster

e Perfect(exceptfor partof speechproblem).

coalesce v Perfect = |
coalesced AJ Perfect =1 |
coalescence N Perfect = |
coalescency N Perfect = |
coalescent AJ Added

Nown is missing!

Figure3: Evaluation

Perfect(exceptfor spellingproblem).

Not Sure: It is not clearwhetheraword thatis
derivationally correctbelongsin a setor not.

e Doesnt Belong: This word doesnt belongin
this cluster

e May not be a Real Word: This word is not
knowvn andcouldnt be foundit in adictionary

The interface also provided an input text box to
addmissingwordsto acluster

In calculatingthe inter-annotatoragreementwe
did not considermismatchedn word additionsas
disagreemergincesomeannotatorsould not think
up asmary possiblevariationsasothers. After all,
this was not anevaluationof their ability to think up
variations,but ratherof the coverageof the Cat\ar
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
the optionsavailableto theannotators.

In a secondcalculationof interannotatoragree-
ment,we simpli ed theannotatorstthoicesby plac-
ing them into three groups correspondingto Per
fect (Perfectand Perfectbut), Not-sure (Not-sure
and May-not-be-a-real-ard) and Wrong (Does-
not-belong). This annotation-groupig approachis
comparableto the clustering techniquesused by
(Veronis,1998)to “supertag” ne grainedannota-
tions. After groupingthe annotationsaverageinter-
annotatoragreementoseup to 98.35%.

The clustermodi cations producedby eachpair
of annotatorsassignedto the same cluster were
then combinedautomaticallyin an approximation



to post-annotationterannotatordiscussionwhich

traditionallyresultsin agreement(1) If bothannota-
torsagreedon a catayory, thenit stands(2) Onean-
notatoroverridesanothetin casesvhereoneis more
surethan the other (i.e., PerfectoverridesPerfect-
but-with-error/Not-sureand Wrong overrides Not-

sure); (3) In caseswhereone annotatorconsidersa
word Perfectwhile the otherannotatorconsideredt

Wrong, we compromiseat Not-sure. The union of

all addedwordswas includedin the combinedclus-

ter.

The 400 combinedclusterscovered 808 words.
68% of the words were ranked as Perfect. None
hadspellingerrorsandonly oneword hada part-of-
speechssue.23 words (lessthan3%) weremarked
asNot-sures And only 6 words(lessthan1%) were
marked as Wrong. There were 209 addedwords
(about26%). However 128 words (or 61% of miss-
ing words)werenot actuallymissing,but rathernot
linked into the setof clustersevaluatedby a partic-
ular annotator Someof thesewordswereclustered
separatelyin the databas@. The restof the miss-
ing words (81 wordsor 10% of all words)werenot
presentin the databaseput 50 of them (or 62%)
werelinkable to existing wordsin the Cat\ar using
simple stemming(e.g., the Porter stemmer whose
relevanceis describechext).

The precisionwas calculatedas the 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-scoré of
the precisionand recall is 81.00% (or 89.43%for
adjustedrecall).

5.2 Linkability Evaluation: Comparison to
Porter Stemmer

To measurehe contrikution of Catvar with respect
to the “linking together”of relatedwords, it is im-
portantto de ne theconcepf linkability astheper
centageof word-to-word links in the databasee-
sulting from a speci ¢ source. For example, Nat-
ural linkability refersto pairsof wordswhoseform

8The 128 words that were “not really missing” were clus-

teredin 89 otherclustersnotincludedin the evaluationsample.
9 2X Precision X Recall
F-score= Precision+Recall

doesnt changeacrosscateyories suchaszipy and
Zipy or afghany andafghan, ;. Porter linkability
refersto wordslinkable by reductionto a common
Porterstem. CatVar linkability is the linkability of
two wordsappearingn the sameCat\ar cluster

Figure 4 shavs an exampleof all threetypesof
links in the hunger cluster Here, hungery and
hungery arelinkedin threeways, Naturally (N), by
the Porter stemmer(P), and in Cat\ar (C). Porter
links hungry4; and hungrinessy via the common
stemhungri but Porterdoesnt link either of these
to hungery or hungery (stemhunger). The total
numberof links in this clusteris six, two of which
are Porterdeterminableand only one of which is
naturally-determinalel.

Hunger NPC Hunger
Vv c c N
C C
P C
HungrlnessN HungryAJ

Figure4: ThreeTypesof Links

The calculationof linkability appliesonly to the
portion of the databaseontainingmulti-word clus-
ters (abouthalf of the database}ince single-word
clustershave zerolinks. The 48,867 linked words
aredistributed over 14,731 clusterswith 89,638to-
tal numberof links. About 12% of theselinks are
naturally-determinaleland70%arePorterlinkable.
The last 30% of the links is a signi cant contritu-
tion of the CatVar databasecomparedo the Porter
Stemmer particularly sincethis stemmeris an in-
dustrystandardn theInformationRetrieval commu-
nity.

It is importantto point out that, for Cat\ar to be
usedin IR, it mustbeaccompaniedy anin ectional
analyzetthatreducesvordsto theirlexemeform (re-
moving plural endingsfrom nounsor gerundend-
ing from verbs)'® The contritution of Cat\ar s in
its linking of wordsrelatedderivationally notin ec-
tionally. Work by (Krovetz, 1993)demonstratean
improved performancewith derivational stemming
over the PorterStemmemostof thetime.

This is, in fact, the approachusedin the HeadGenand
DUSTer applicationgescribedabore.



6 Conclusions and Future Work

We have presentedour approachto constructing
and evaluatinga new large-scaledatabasecontain-
ing categorial variationsof Englishwords. In ad-
dition, we have describeddifferentapplicationsfor

which it hasproven useful. Our evaluationindicates
that Cat\Var hascoverageandaccurag of over 80%
(F-score)and also that the databasdamproves the
linkability of Porterstemmerby about30%. These
ndings are signi cant contrikutionsto several dif-

ferentcommunities,including informationretrieval

andmachinetranslation.

Futurework includesimproving the word-cluster
ratio andabsorbingnoreof the single-word clusters
into existing clustersor other single-word clusters.
We are also consideringenrichingthe clusterswith
types of derivational relations such as “nominal-
event” or “doer” to complementpart-of-speecHa-
bels. Additionally, we are interestedin measw
ing the applied contribution of usingthe Cat\arin
natural-languageapplications. And nally, we in-
tend to incorporate Cat\ar into new applications
suchasparallelcorpusword alignment.

Acknowledgments

This work has been supported,in part, by ONR
MURI ContractFCP0.810548265Mitre Contract
010418-7712.and NSF CISE Researchnfrastruc-
ture Award EIA0130422.We would lik e to thankall

the annotatoravho participatedin the evaluationof
thedatabase.

References

E.L. Antworth. 1990. PC-KIMMO: A Two-Level Pro-
cessorfor Morpholagical Analysis Dallas Summer
Instituteof Linguistics.

S.BangaloreandO. Rambav. 2000. Exploitingaproba-
bilistic hierarchicaimodelfor generation.

D. Cruse.1986. Lexical Semantics CambridgeUniver-
sity Press.

Zhendongbong. 2000. HowNet Chinese-EnglisiCon-
ceptualDatabase.TechnicalReportOnline Software
DatabaseRelease@tACL. http://wwwkeenage.com.

Bonnie J. Dorr, Lisa Pearl, RebeccaHwa, and Nizar
Habash. 2002. DUSTer: A Method for Unravel-
ing Cross-LanguagPBivergencedor StatisticalWord-

Level Alignment. In Proceeding®f the Fifth Confer
enceof the Associatiorfor Machine Translationin the
Americas AMTA-2002 Tiburon,California.

Bonnie J. Dorr. 2001. LCS Verb Database.
Technical Report Online Software Database,
University of Maryland, College Park, MD.

http://wwwumiacs.umd.edu/ bwie/LCS DatabaseDocmentation.hti

Christiane Fellbaum. 1998. WordNet:  An
Electonic Lexical Database MIT Press.
http://www.cogsci.princeton.edw/h [2000, Septem-
ber7].

RebeccaGreen,Lisa Pearl, Bonnie J. Dorr, and Philip
Resnik.2001. MappingWordNetSensego a Lexical
Databasef Verbs.In Proceeding®f the 39th Annual
Meetingofthe Associatiorfor ComputationaLinguis-
tics, page244-251 Toulouse France.

Nizar Habashand Bonnie J. Dorr.  2002. Handling
TranslationDivergences: Combining Statisticaland
Symbolic Techniquesn Generation-Heay Machine
Translation. In Fifth Confeenceof the Association
for MachineTranslationin the Americas AMTA-2002
Tiburon,California.

Nizar HabashBonnieJ. Dorr, and David Traum. 2002.
Ef cient LanguagdndependenGeneratiorfrom Lex-
ical ConceptuabtructuresMachine Translation

Nizar Habash.2002. Generation-Heay MachineTrans-
lation. In Proceedingsof the International Natural
Language Geneartion Confeence(INLGOO025tudent
SessionNew York.

David A. Hull and Gregory Grefenstette. 1996.
Experiments in Multilingual Information Re-
trieval. In Proceedings of the 19th Annual
International ACM SIGIR Confeence on Re-
seach and Developmentin Information Retrieval.
http:/lwww xerox.fr/people/geroble/hul/papeas/sigir6ps.

K. Knight andS. Luk. 1994. Building a Large Knowl-
edgeBasefor MachineTranslation.In Proceeding®f
AAAI-94

R. Krovetz. 1993. Viewing Morphologyasan Inference
Process,In ProceedingsftheSixteenttAnnualinter-
nationalACM SIGIRConfeenceon Reseath andDe-
velopmentn InformationRetrieval, pagesl91-203.

Irene Langkilde and Kevin Knight. 1998. Generation
that Exploits Corpus-Base®tatisticalKnowledge. In
ACL/COLING 98, Proceedingsof the 36th Annual
Meeting of the Associationfor ComputationalLin-
guistics(joint with the 17th InternationalConfeence
on ComputationaLinguistics) pages7’04—710Mon-
treal,Canada.



CatherineMacleod, Ralph Grishman, Adam Meyers,
Leslie Barrett,and Ruth Reeves. 1998. NOMLEX:
A Lexiconof Nominalizations.In Proceeding®f EU-
RALEXO9&.iege, Belgium.

Mitchell Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a Large Annotated
Corpusof English: the PennTreebank. Computa-
tional Linguistics 19(2):313-330.

Igor Mel’cuk. 1988. Dependencysyntax: Theoryand
Practice StateUniversity of New York Press,New
York.

K. Papineni,S. Roukos, T. Ward, and W. Zhu. 2002.
Bleu: a Methodfor AutomaticEvaluationof Machine
Translation.In Proceeding®f Associatiorof Compu-
tational Linguistics PhiladelphiaPA.

M.F. Porter 1980. An algorithmfor sufx stripping.
Program, 14(3):130-137.

P. Procter 1983. LongmanDictionary of Contemporary
English: ComputerCodesfor the De nition Space
Otherthanthe SubjectField. LongmanGroupLTD.

Margarita Alonso Ramos, Agnes Tutin, and Guy La-
palme. 1994. Lexical Functionsof the Explanatory
CombinatorialDictionary for Lexicalizationin Text
Generation.In Patrick Saint-DizierandEvelyneVie-
gas,editors,Computationalexical SemanticsCam-
bridgeUniversityPress.

J. Veronis. 1998. A study of polysemyjudgements
andinterannotatoagreementln Programmeandad-
vancedpapes of the Senseal workshop Herstmon-
ceuxCastle England.

Jinxi Xu and W. Bruce Croft. 1998. Corpus-based
stemmingusingcooccurrencef word variants. ACM
Transaction®n InformationSystemsl6(1):61-81.

David M. Zajic, Bonnie J. Dorr, and Rich Schwartz.
2002. Automatic headlinegeneratiorfor newspaper
stories.In Proceeding®f the ACL-2002Wbrkshopon
Text SummarizationPhiladelphiaPA.



