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Preface

Computationallinguisticsandnaturallanguageprocessingareactive researchfieldsin Israeltoday, aswell
aspopularareasof activity in industry. The Israeli Seminaron ComputationalLinguistics is a venuefor
exchangingideas,reportingonwork in progressaswell asestablishedresults,formingextramuralcoopera-
tionsandadvancingthecollaborationbetweenacademiaandindustry. This is acontinuationof thetradition
thatstartedin 1995with ameetingat theTechnionandendedafterfour successfulmeetingsin 1996.
Thisyearwearehappy to have two guestspeakers:

ErhardHinrichs
Seminarfür Sprachwissenschaft

Universityof Tübingen,Germany

Sergei Nirenburg
ComputingResearchLaboratory

New Mexico StateUniversity

Abstractsweresolicitedin all areasof computationallinguisticsandnaturallanguageprocessing,aswell
asadjacentareas(formal andtheoreticallinguistics,psycholinguistics, informationretrieval andinforma-
tion extraction,text mining,knowledgerepresentation,speechprocessing,etc.),includingwork underway,
providedthatthey representrecentandoriginalwork of generalinterestto ouraudience.Submissionsof ab-
stractsreportingon work pertainingto Hebrew andArabic wereespeciallyencouraged.Weweredelighted
to receive a greatnumberof submissions,of which twelve wereselectedfor presentation,in additionto the
two invited keynotelectures.Thisbookletcontainstheabstractsof all thepresentations.
The organizationcommitteeof this year’s meetingconsistedof Shuly Wintner, Departmentof Computer
Science,Universityof Haifa,andYoadWinter, Departmentof ComputerScience,Technion.We gratefully
acknowledgethe financialsupportof The EdmondBenjaminde RothschildInstitutefor Interdisciplinary
ComputerScience.

ShulyWintner
Universityof Haifa
February2001
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9:30-10:00 Registrationandcoffee

10:00-10:15 Opening
10:15-11:00 Invited talk: Erhard Hinrichs

RobustSyntacticAnnotationof Corpora andMemory-basedParsing
11:00-11:15 Break
11:15-12:55 SessionI ( &('*),+ minutes):Applications

David Carmel,DoronCohen,Miki Herscovici andYoelleMaarek
PalmPirate- An InformationRetrieval Systemfor thePalmplatform

Lev Finkelstein,EnvgeniyGabrilovich, ZachSolanandEytanRuppin
PlacingSearch in Context: TheConceptRevisited

NissimFrancez,Yaroslav Fyodorov andYoadWinter
AnOrder-BasedInferenceSystemfor a Natural Language

SvetlanaSheremetyevaandSergei Nirenburg
A Domain-TunedTool For Multilingual DocumentManagement

12:55-14:00 Lunchbreak
14:00-15:40 SessionII ( &('*),+ minutes):Hebrew and Arabic

Outi Bat-El
OntheSiteof VowelDeletionin ModernHebrew VerbsandNouns

GabiDanon
TheHebrew ObjectMarker asa Type-shiftingOperator

ShlomoIzre’el
TowardstheCompilationof TheCorpusof SpokenIsraeli Hebrew

JudithRosenhouse
ComputerizedArabicMorphologyandSyntax(for TeachingPurposes)

15:40-15:55 Break
15:55-17:35 SessionIII ( &('*),+ minutes):Statistical approaches

Meni Adler andMiki Tebeka
UnsupervisedHebrew Part-of-speech Tagging

Yuval Krymolowski
AugmentingEvaluationSchemesUsingtheDistributionof Performance

Yuval Krymolowski andIdo Dagan
CompositionalMemory-basedPartial Parsing

Zvika Marx andIdo Dagan
ConceptualMappingthroughKeyword SubsetCoupling

17:35-17:50 Break
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Ontological SemanticsandIts Applications
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Robust Syntactic Annotation of Corpora and Memory-based Parsing

ErhardHinrichs(eh@sfs.nphil.uni-tuebingen.de)

Seminarfür Sprachwissenschaft
Eberhard-Karls-University, Tübingen

This talk will provide anoverview of currentresearchat theSfSon thesyntacticannotationof theVERB-
MOBIL corpusof spokenGermanandtheGermanreferencecorpus(DEREKO) of written texts. Syntactic
annotationfor thesecorporais performedautomaticallyby a hybridarchitecturethatcombinesrobustsym-
bolic parsingwith finite-statemethods(”chunk parsing”in the senseAbney) with memory-basedparsing
(in thesenseDaelemans).
The resultingrobust annotationscan be usedby theoreticallinguists, who are interestedin large-scale,
empiricaldata,andby computationallinguists,who are in needof training materialfor a wide rangeof
languagetechnologyapplications.
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Palm Pirate - An Information Retrieval System for the Palm platform

David Carmel,DoronCohen,Miki Herscovici andYoelleMaarek
( - carmel,doronc,miki,yoelle . @il.ibm.com)

IBM ResearchLab in Haifa

PersonalDigital Assistants(PDAs) have beenrising in popularity in the last few years. As their stor-
agecapabilitiescontinueto improve, PDAs areturning into referencetools - containersfor small (several
megabytes)to medium-size(hundredsof megabytes)collectionsof shortdocuments.Candidateusercom-
munitiesinclude medicalstudents,physicians,lawyersand others. Adequatesearchingmechanismsfor
thesecollectionsthusbecomeanecessity.
WeintroduceherePirateSearchfor Palm(nicknamePalmPirate),afull text informationretrieval systemfor
Palm-likedevices.PalmPiratesupportsall of thestate-of-theart featuresof modernsearchenginessuchas:
stemming,scoringandrankingfor greataccuracy while achieving fastresponsetimein spiteof theplatform
limitations. With Palm Pirate,onecansearchnot only local memos,but also larger textual collections.
While thebuilt-in PalmOS”find” usessequentialstringsearchandis thereforebothinaccurateandtooslow
oncollectionsof morethanafew dozensdocuments,PalmPirateindexesthedocumentcollectiononthePC
companion,andcopiesthegeneratedindex atsynchronizationtimesoasto guaranteefastconstantresponse
timeandtopaccuracy whatever thesizeof thecollectionis.
Fromanimplementationviewpoint, themaininnovationlies in theindexing beingconductedonthedesktop
companionratherthanon the PDA, andreplicatethe invertedindex on the PDA at synchtime. From a
technicalviewpoint, thekey achievementsof PalmPirateareits indexing andstoragealgorithmsthatallow
for asmall index sizeandvery fastsubsecondresponsetime.
Thesmall index sizeeaseson thespacerequirementsof thedevice: 10%of theoriginal collectioninstead
of thestandard40%. For example,the King JamesBible datatakes3MB andthe addedindex is of only
300KB.This is achievedby usingminimal perfecthashingtechniques.
PalmPiratehasbeendevelopedat theIBM ResearchLab in Haifaandis beingofferedfor freedownloadat
http://www.alphaworks.ibm.com.Ongoingwork for futurereleasesincludesindex compressionto achieve
evenlower spaceoverheadandHebrew supportsoasto supportsearchof classicalHebrew referencetexts
suchasthe”tanakh”. Thesupportfor searchin Hebrew will take advantageof previouswork conductedby
thegroupin thedomain: namelyHemed(presentedat NGITS 1999)an original statisticalmorphological
disambiguatorfor Hebrew developedspecifically for Hebrew searchengines. We will discussherethe
challengesposedby usinga morphologicalanalyzerratherthana simplestemmer(asdonein English)in
light of thelimited storagecapacitiesandourfirst attemptsat solvingthisproblem.
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Placing Search in Context: The Concept Revisited

Lev Finkelstein,EvgeniyGabrilovich, ZachSolanandEytanRuppin
( - lev,gabr,zach,eytan . @zapper.com)

ZapperTechnologiesInc.

Given theconstantlyincreasinginformationoverflow of thedigital age,the importanceof informationre-
trieval hasbecomecritical. Web searchis today one of the most challengingproblemsof the Internet,
striving atproviding userswith searchresultsmostrelevantto their informationneeds.Searchengineshave
now enteredtheir third generation,andcurrentresearchefforts continueto beaimedat increasingcoverage
andrelevance.
A largenumberof recentlyproposedsearchenhancementtoolshave utilized thenotionof context, making
it oneof themostabusedtermsin thefield, referringto adiverserangeof ideasfrom domain-specificsearch
enginesto personalization.Wepresenthereanovel searchapproachthatinterpretscontext in its mostnatural
setting,namely, a bodyof wordssurroundinga user-selectedphrase.We postulatethata large fractionof
searchesoriginatewhile usersarereadingdocumentson their computers,andrequirefurther information
abouta particularword or phrase.Hence,thebasicpremiseunderlyingour approachis that thesesearches
shouldbe processedin the context of the information surroundingthem, allowing more accuratesearch
resultsthatbetterreflecttheuser’s actualintensions.For example,a searchfor theword ”Jaguar”should
returncar- relatedinformationif performedfrom a documenton themotoringindustry, andshouldreturn
animal-relatedinformationif performedfrom anInternetwebsiteaboutendangeredwildlife.
Thesignificanceof thenew context-basedapproachlies in thegreatlyimprovedrelevanceof searchresults.
Existingapproacheseitheranalyzetheentiredocumenttheuseris working on, or asktheuserto supplya
category restrictionalongwith searchkeywords. As opposedto these,the proposedmethodanalyzesthe
context in theimmediatevicinity of thefocustext, without runningover themoredistant(andlessrelated)
topics in the sourcedocument. The methodalsoallows collectingcontextual informationautonomously
without conductinganexplicit dialogwith theuser.
Our system(namedIntelliZap) is basedon the client-server paradigm,wherea client applicationrunning
on user’s computercapturesthecontext aroundthetext highlightedby theuser. Theserver-basedsoftware
usesa novel high-dimensionalclusteringalgorithmto selectthemostimportantsemanticthemes,andthen
preparesasetof augmentedqueriesbasedonthem.Queriesresultingfrom context analysisaredispatchedto
anumberof generalsearchengines,performingmeta-searching.Whenthecontext canbereliablyclassified
to a predefinedsetof domains(suchashealth,sportor finance),additionalqueriesaredispatchedto search
enginesspecializingin this domain.A dedicatedrerankingmoduleultimatelyreorderstheresultsreceived
from all theengines,accordingto semanticproximity betweentheir summariesandtheoriginal context.
Both theclusteringandthererankingalgorithmsusea semanticnetwork for measuringdistancesbetween
pairsof words. To this endwe developeda semanticmetric thatgivena pair of wordsor phrasesreturnsa
(normalized)scorereflectingthedegreeto which their meaningsarerelated.Oursemanticnetwork merges
statisticalinformationonwordcooccurrencesin text corporawith linguistic informationbasedonWordNet.
The former componentrepresentswordsasvectorsin a multi-dimensionalspace,similarly to thecanoni-
cal informationretrieval approach.The latter componentcomputesword similarity usingthe information
contentcriterionestimatedon theWordNethypernymy hierarchy.
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An Order-Based Inference System for a Natural Language

NissimFrancez,Yaroslav Fyodorov andYoadWinter
( - francez,yaroslav,winter . @cs.technion.ac.il)

Technion

In our work we developa versionof NaturalLogic – aninferencesystemfor a naturallanguagethatworks
directlyon naturallanguagesyntacticrepresentations,with no intermediatetranslationto logical formulae.
Model-theoreticsemantictheoriesof naturallanguageassumethat most linguistic expressions– or even
all of them– representobjectsin partially ordereddomainsso that meaningsof expressionsof the same
category arenaturallycomparable.Formalsemanticstreatsorderrelationsbetweenexpressionsof complex
categoriesascompositionallyderived from ordersbetweenexpressionsof simplercategories,accordingto
thestructuralrulesof agivengrammarandcertainsemanticpropertiesof words.
Following work by Sanchez,we developa small fragmentthatcomputessemanticorderrelationsbetween
derivation treesin Categorial Grammar. The semanticinformationfor the inferencesis provided by spe-
cial semanticmarkerson thesyntacticcategoriesthat theCategorial Grammarderivesfor naturallanguage
expressions.Unlike previousworks,theproposedsystemhasthefollowing new characteristics:(i) It uses
orderingsbetweenderivationtreesaspurelysyntacticunits,derivableby a formal calculus,thatwe call the
OrderCalculus. In the OrderCalculuseachformula is a pair of derivation treesin Categorial Grammar.
(ii) Thesystemis extendedfor conjunctive phenomenalike coordinationandrelative clauses.Thisallows a
simpleaccountof non-monotonicexpressionsthatarereducibleto conjunctionsof monotonicones.Sucha
treatmentis possibleusinga treatmentof coordinationin naturallogic that relieson thesemanticfact that
itemslike ’and’ and’or’ aregreatestlower bound/leastupperboundoperatorsrespectively with respectto
theorderrelationsin thecategoriesthey applyto.
Anotherquestionaboutnaturallogic is whethervariantsof this systemaredecidable.We provide a partial
answerto this questionby thedevelopmentof a preliminaryproof searchalgorithmfor theOrderCalculus
that is soundandis completeundercertainsemanticassumptionsfor a subsetof the inferencerules. The
currentproof searchalgorithmhasanexponential(at least)complexity.
This work is currentlyunderway andwe areaiming towardsfinding analgorithmfor thecompletesetof
theinferencerules(or proving its undecidability).
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A Domain-Tuned Tool For Multilingual Document Management

SvetlanaSheremetyevaandSergei Nirenburg ( - lana,sergei . @crl.nmsu.edu)

ComputingResearchLaboratory
New Mexico StateUniversity

An approachto developinganinteractive domain-tunedMT tool for multilingual documentmanagementis
described.Thetool for translatingpatentclaimsbetweenRussianandEnglishwhich is apartof a worksta-
tion for multilingualprocessingof patenttexts is takenasanexample.
GeneralpurposeMT systemshavetheadvantageof beingpotentiallyreusable,thisreusabilityisnothowever
guaranteed.For example,no existing NLP systemcanprocesspatenttexts adequately. It is generallyrec-
ognized,however, thatanMT systemproviding adequateperformanceevenfor asingletypeof textsshould
beconsidereduseful. Indeed,practicallyall MT systemsfor specialdomainsareusuallybuilt tunedto the
constraintsof asublanguage.Ourapproachconformsto thehuman-aidedmachinetranslationparadigm.In
ourmodeltheinitiative is dominantlyif notexclusively, with thesystem.
The tool is meantfor a SL speaker who doesnot know theTL. It consistsof a) ananalysismodulewhich
performsinteractive syntacticanalysis(decompositionof a complex nominalsentenceinto a setof simple
structures)andfully automatedmorphologicalanalysisof theword occurrencesin thesesimplestructures,
b) anautomatedmodulefor transferringthe lexical andpartially syntacticcontentof SL text into a similar
contentof theTL text, andc) afully automatedTL text generationmodulewhichreliesonknowledgeabout
thelegal formatTL patentclaims.
An interactive analysismoduleguidesthe userthrougha sequenceof SL analysisprocedures,asa result
if which the systemproducesa setof internal knowledgestructureswhich serve as input to the TL text
generation.Both analysisandgenerationrely heavily on thesublanguageof patentclaims. Themodelhas
beendevelopedfor EnglishandRussianasbothSLsandTLs but is readilyextensibleto otherlanguages.
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On the Site of Vowel Deletion in Modern Hebrew Verbs and Nouns: A
Constraint-based Approach

Outi Bat-El (obatel@post.tau.ac.il)

Tel-Aviv University

Therearequiteafew nounsandverbsin ModernHebrew thatlook alike, to theextentof nearminimalpairs
like šafan ‘rabbit ms.’ andšamar‘to guard’,aswell asa few minimal pairssuchasgamal‘camel’ - gamal
‘to reward’. Despitethesurfaceidentity, thesenounsandverbsarephonologicallydistinct. Whena vowel
initial suffix is addedto thestem,a noundeletesthefirst stemvowel (gamal- gmalim)while a verbdeletes
thesecondstemvowel (gamal- gamlu).
I will arguethat this distinctionis dueto oneconstraintwhich holdsfor verbsbut not for nouns(I ignore
nounsthatdonotundergo vowel deletion).Theargumentis givenwithin theframework of OptimalityThe-
ory (PrinceandSmolensky 1993)whichis basedonconstraintinteraction.Theconstraintsareuniversal,and
hierarchicallyorganizedon a language-specificground. A constraintcanbeviolatedwhenin competition
with ahigherrankedconstraint(andthusof higherpriority).
I will claimthatvowel deletionis triggeredby theconstraintFOOT BINARITY (FTBIN), whosefunctionin
thelanguageis reflectedby atendency towardsafoot-sizeword(i.e. twosyllables).Sincethemorphological
operation(suffixation) mustbe surfacetrue (dueto the dominanceof the morphologicalconstraintwhich
attachesthe affix), thereare two ways to satisfy FTBIN, deletionof the first or the secondstemvowel.
Deletionof thefirst vowel resultsin a syllablewith a complex onset(CCV), while deletionof thesecond
vowel resultsin a syllablewith a coda(CVC). Both syllablesareuniversallymarked,violating constraints
againstcomplex onset(*CXONSET)andcoda(*CODA) respectively.
I will proposethat the relevant constraintsareranked asfollows: FTBIN /0/ *CXONSET /0/ *CODA
(whereA /0/ B meansthatA hasa priority over B). However, *CXONSET is a family of constraintscon-
sistingof *CXONSET[VERB] whichis relevantto verbsonly, andageneral*CXONSET. Themorespecific
constraintis ranked above *CODA, while thegeneralonebelow *CODA, giving the rankingFTBIN /0/
*CXONSET[VERB] /0/ *CODA /0/ *CXONSET. When the input is either a verb or a noun,FTBIN
rulesout anoutputwhich hasnot undergonedeletion,asit containsthreesyllables(*gamalim,*gamalu).
Whentheinput is averb,*CXONSET[VERB] rulesout thecandidatewith thecomplex onset(*gmalu); the
winner is thenthecandidatewith thecoda(gamlu). Whenthe input is a nounit goesfreely through*CX-
ONSET[VERB],allowing *CODA to rule out the candidatewith the coda(*gamlim); the winner is then
thecandidatewith thecomplex onset.Usingthis rankingasabase,I will alsoexplainwhy someverbs(de-
nominatives)violate *CXONSET[VERB] (e.g. tilgref), andwhy somenouns(actuallyadjectives)violate
*CODA (e.g. tipěs - tipša‘stupid ms.-fm.’). ThroughoutthepaperI will emphasizethesuperiorityof the
constraint-basedapproachadoptedhereover a rule-basedapproachwhich would have hadto provide two
differentdeletionrules,onefor nounsandanotherfor verbs.In particular, I will pointout thattherule-based
approachdoesnot reflectthegeneralizationthatthetwo typesof vowel deletionserve thesamefunction,i.e.
satisfyingFTBIN. I will alsoconsideranalternative approachwherebythesiteof deletionis encodedin the
suffixes,andprovide two reasonsto rejectsuchanapproach.Oneis thedualfunctionof thesuffix -a,which
canattachto both verbsandnouns. The other is that *CXONSET servesalsoin distinguishingbetween
suffixednounsandacronym words,wherein thelatter*CXONSET is never violated.I will suggestthatthe
dichotomyof *CXONSETto varioussub-constraintsstemsfrom thefactthatModernHebrew phonologyis
amixtureof two phonologies,thatof TiberianHebrew where*CXONSETis high-ranked,andthatof Slavic
languageswhere*CXONSET is low-ranked.
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The Hebrew Object Marker as a Type-shifting Operator

GabiDanon(danon@post.tau.ac.il)

Departmentof Linguistics,Tel-Aviv University

It is well known thattheHebrew objectmarkeretusuallyprecedesdefiniteobjectsonly. However, it hasalso
oftenbeenobserved (Glinert 1989,Ziv 1982andothers)that thedistribution of et cannotbeaccountedfor
in purelysemanticterms:TherearesemanticallydefiniteDPs,suchasseferze(’this book’), which cannot
follow et, aswell asindefiniteslike axadha-sfarim (’one of thebooks’)which mayfollow et. For thevast
majority of DPsin Hebrew, thepresenceor absenceof et canbe predictedfrom thesyntacticstructureof
theobjectandfrom formaldefinitenessmarkingof its head.
This talk will focus,however, on a small numberof caseswherethe useof et is optional. This includes
certainquantifiedDPs,thequestionwordma(’what’), andconjunctionsof two or moredefiniteDPs,where
et canoptionally precedeeachconjunct(Winter 2000). In all thesecases,the presenceof et affects the
interpretationof thesentence.However, I arguethatthesemanticcontribution of et is notdirectly relatedto
definiteness.In certaincases,suchaswhenetprecedesanobjectlikeaxadha-sfarim, theuseof etproduces
a ”specific” interpretationof thepartitive (seeEn 1991for similar factsin Turkish);andwhenet precedes
thequestionwordma(’what’), anappropriateanswerwouldonly beadefiniteor aspecificDP, eventhough
it would beunnaturalto claim that thewh- word itself is definite.But moststrikingly, whentheobjectis a
conjunctionof two definites,therepetitionof et in front of every conjuncthasnothingto do not only with
definitenessbut alsowith specificity:As discussedin Winter (2000),multiple occurrencesof et give riseto
adistributive reading,asopposedto apreferencefor acollective readingof theconjunctionotherwise.
I will proposethatall thesesemanticeffectsof et canbeaccountedfor by theassumptionthatet is theovert
realizationof a standardlifting operator. Assuming,following Partee(1987),that thereareDP denotations
at eachof the3 semantictypes 1 , 23154768/ and 2023194760/8476:/ , it will beshown that therestrictionthatet
imposeson thetypeof theDP which follows it correctlylimits therangeof availableinterpretations.Thus
I arguethatananalysisthatmakesuseof all threesemantictypesfor DPs,andwhich allows indefinitesto
have a type e interpretation,asin Reinhart(1997),canmoreeasilyaccountfor the semanticeffectsof et
thantheorieswhichmake useonly of asubsetof thesetypes,suchasBarwise& Cooper(1981)andWinter
(2000).
In the proposedanalysis,definitenessandspecificityaremerelydescriptive termsfor two classesof DPs
which happento have a denotationof type e. Thus,the traditionalnotionsof definitenessandspecificity
turnout to beonly indirectly relatedto theobservedfacts,whoseactualprimarysourceis semantictype.
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Towards the Compilation of The Corpus of Spoken Israeli Hebrew

ShlomoIzre’el (izreel@post.tau.ac.il)

Tel Aviv University

During the last two decades,muchattentionhasbeengiven to the methodologyof corpuslinguistics. In
themain,usingthismethodology, linguisticdescriptionandtheorizingis baseduponstatisticalperformance
measuresandobservationof languageusein reallife. Thefirst taskis, obviously, thecompilationof abody
of texts,acorpus.Recentdevelopmentsin computersciencesandtheenormouschangein computerstorage
capacityhave greatlyenhancedcorpusstudiesthroughoutthe world. While corporahave beencompiled
andcontinueto becompiledfor many languagesall over theworld, thereis still noavailablecomprehensive
corpusfor modernHebrew. Moreover, researchon modernHebrew, andespeciallyon its spokenvarieties,
suffersgreatlyfrom thelack of descriptive studies,which is, amongotherissues,theresultof a shortageof
data.
A corpus– aswe seeit – is a preliminarydesideratumfor muchlarger projectsthat cannototherwisebe
achieved,beit agrammarof modernHebrew, acomprehensivedictionary, or any othertheoreticalor applied
inquiry. The researchpotentiala corpusrepresentsis extremely large, and includeslinguistic, cultural,
sociological,andtechnologicalaspects.
With this in mind, we have decidedto startprocedurestowardsthecompilationof TheCoprusof Spoken
IsraeliHebrew (CoSIH).Thegoalsof theprojectsare:

1. To createa corpusof spoken Israeli Hebrew in orderto facilitateresearchin a rangeof disciplines
concernedwith theHebrew languageandwith thegeneralmethodologyof CorpusLinguistics.

2. To disseminatethis corpuspublicly in multimediaformat andin print. The multimediaformat will
bedisseminatedvia electronicmeansincludingCD-ROM, DVD-ROM andtheWorld WideWeb,and
will presenttherecordedsoundsimultaneouslywith its transcriptionsandotherextensions,all linked
togetherby software.

Thedesignof CoSIHis setupasto includetwo complementarycorpora:amaincorpusandasupplementary
corpus.Themaincorpuswill form thebulk of CoSIHandwill compriseabout90%of theentirecollection.
This will be a representative corpus,aiming at a representative sampleof all varietiesof Hebrew as it
is spoken in Israel today, andwill include representationsof both demographicandcontextual varieties.
The supplementarycorpuswill include two distinct subcorpora:One will be basedvery much like the
main corpuson demographiccriteria, yet it will be compiledusingnon-proportionalsampling. A second
supplementarysubcorpuswill be compiledbasicallyaccordingto contextual criteria,with someattention
paidto demographicfeatures.Eachof thedistinctsupplementarysubcorporawill includeabout5% of the
entirecorpus. In my lectureI will describethe preparationsfor the compilationof CoSIH,alongsidethe
methodologyof corpuslinguistics,possibleapplicationsof thecorpus,andespeciallyitsdesign,apioneering
effort to have a representative corpuswhichwill integratebothdemographicandcontextual varietiesof the
spokenlanguage.
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Computerized Arabic Morphology and Syntax (for Teaching Purposes)

JudithRosenhouse(gsrjudy@techunix.technion.ac.il)

Departmentof HumanitiesandArts
Technion

Computationallinguistics dealsnot only with theoreticalquestionsbut alsowith practicalor applicative
ones.Thestudyof computational(or computerized)Arabic hasbeendevelopingmainly for thelastfifteen
yearsat increasingpace.Themainproblemsandgoalsreferredto script (font) solutions,morphologyand
syntax,moreor lessasin studiesof otherlanguages.Language-specificproblemsincludedirectionality, the
richly inflectedmorphologyandsyntax-dependentwordforms(caseendings).In Arabicspeakingcountries
this areahasdevelopedmore slowly than in the West, wherelarge diaspora-communitiesof readersof
Arabichavebeenmoreexposedto thecomputerstechnology. Therapidparalleldevelopmentof theInternet
andotherrelatedadvancesin computerstudiesin the ninetieshave helpedalsoArabic in solving mainly
problemsof fontsaswell asotherlinguisticproblems.
This talk focuseson Arabic morphologyandsyntaxfrom the point of view of their studyin Israel. This
aspectis importanthere,sinceArabic is the2ndofficial languageof Israelandit is taughtbothasamother
tongueto its Arab native speakers,andasanobligatoryforeignlanguageto theHebrew-speakingstudents,
at leastin themiddleschool.For this latterstudentbodytheCenterof EducationalTechnology(Shif’at) has
developeda systemof programs(softwareandfonts) for 7th to 12thgradestudents,i.e., for all themiddle
schoolyearsandup to theendof highschool.
First, a descriptionof morphologicalandsyntacticcomponentsof Arabic, through”computationaleyes,”
will bepresented.Exampleswill referto pointssuchasthefollowing: (a)Morphology:root+ patterncom-
binationsfor thenounandverbsystems;nounpatterns(includingsingular/dual/pluralmasculine/feminine
sub-groups);verb patterns(measures,persons,tenses);(b) Syntax: concord(nouns+ adjectives,nouns+
verbs);wordorder(default; marked);negation;interrogation;active/passive transformations;andcaseend-
ings. ThentheCET-Shif’at systemis briefly described,andsomeideasaboutbasicproblemsthat require
solutionsanddesirablefuturedevelopmentsof programsaresuggested.
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Unsupervised Hebrew Part-of-speech Tagging

Meni Adler andMiki Tebeka( - adlerm,tebeka . @cs.bgu.ac.il)

BenGurionUniversity

Part-of-speechtaggingis theprocessof assigninggrammaticalcategoriesto individual wordsin a corpus.
The task of labeling eachword with its appropriatepart of speechis a well known problemin natural
languageprocessing.Severalprobabilisticapproacheshave beenresearchedandappliedin orderto solve
this problem,suchas: hiddenMarkov model(Merialdo1994),transformation-basedlearning(Brill 1995),
decisiontrees(Schmid1994),neuralnetworks (Benello1989),memory-basedlearning(Daelemans1996)
andmaximumentropy models(Ratnaparkhi1996). A supervisedtaggeris animplementationof a tagging
modelthatusesananalyzedcorpusasa learningbasis.Designinganunsupervisedtaggeris morechalleng-
ing, andis necessarywheresucha corpusdoesnot exist (asis thecasefor Hebrew). Our work focuseson
the unsupervisedHebrew taggingproblemexploring two of theabove approaches,hiddenMarkov model
(HMM) andtransformation-basedlearning.

Hidden Markov model

Thetaggingproblemcanbedefinedby HMM:
HMM is definedby (S,K, u) where:

S= s1,,sNasetof states.
K = k1, kM anoutputalphabet
u = (A,B,D) aprobabilisticmodelwhere

D = i, i in S, initial stateprobabilities.
A = aij, i,j in S,statetransitionprobabilities.
B = bijk, i,j in S,k in K, symbolemissionprobabilities.

In this model, the statescorrespondto tagsandsymbolsemissionscorrespondto the wordsof the text.
In thecaseof anunsupervisedtagger, theprobabilisticmodelis not known, andshouldbelearnedfrom an
untaggedcorpus.Thelearningprocessis basedontheBaum-Welchalgorithm,whichis aspecialcaseof the
ExpectationMaximizationalgorithm.Thebehavior of thealgorithmundertheEnglishtaggingproblemwas
examinedby Merialdo (1994)andElworthy (1994). Merialdocomparedtheaccuracy of an unsupervised
taggerwith a supervisedone.Elworthy checkedtheeffect of theinitial conditionsover thelexicon andthe
transitions.He alsopointedthe relationbetweenthe numberof efficient iterationsandthe patternof the
re-estimation.In ourwork weexaminethebehavior of theBaum-WelchalgorithmoverHebrew text, taking
into accountparticularlytheinformationthatcanbederivedfrom themorphologicalanalysisof thewords.

Transformation based learning

In supervisedtransformationalbasedtagging,thetext is first annotatedwith theinitial stateanotator. Then,
ateachiteration,theresultof thetaggingis comparedto theTRUTH. Transformationsarelearnedthatcanbe
appliedto theoutputof theinitial stateannotatorto makeit betterresembletheTRUTH. Thetransformation
arecalledpatchesandwe usepatchtemplatesto createspecificpatchesfrom them.
In theunsupervisedversion,the taggerin initial statetagsevery word with eachof thepossibletagsgiven
by amorphologicunit. Transformationsareusedto reducetheuncertaintyasto thecorrecttagof aword in
a givencontext. Thesecontexts arespecifiedby pathtemplates.Thetaggeracquiresseveralpatchesin the
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form ’Changetagof awordfrom X to Y’ whereX is asetof tagsandY is asingletag.Thescoringcriterion
is asfollows:

1. freq(X) is thenumberof occurrencesof wordsunambiguouslytaggedwith X in thecorpus.

2. incontext(Z,C) is thenumberof timesawordunambiguouslytaggedwith Z occursin context C in the
trainingcorpus.

Let R = argmax[onZ] freq(Y) / freq(Z) * incontext(Z,C) thenthescoreof ’Changetagof aword from X to
Y’ is: incontext(Y,C) - freq(Y) / freq(R)* incontext(R,C).
In eachlearningiterationthe learnersearchesfor the transformationwhich maximizesthis functionsand
addthis transformationto apathlist.
After thelearningstagetaggingis donein thefollowing manner:
1. Tagsentencewith initial tagger
2. Apply eachpatchin turn.
In ourwork, we focuson particularparametersthatarespecificto theHebrew language:

; The entropy of Hebrew, in term of taggingaccuracy over a ’clean’ unsupervisedmodel,compared
with Englishentropy.

; Hebrew tagsetdesign:How shouldmorphologicpropertiesbeused?What’s theweightof thetagset
designin thequalityof thelearningprocess?

; Initial condition:Whatarethemaininitial conditionsthatinfluencetaggingaccuracy?

; Integrationof minimal handtaggingwithin theBaum-Welchalgorithm.

; Unknown words:Whatheuristicscanweuseto tagunknown words?

[1] ElworthyDavid, 1994.DoesBaum-Welchre-estimationhelptaggers?In ANLP 4, pp. 53-58.
[2] Merialdo, Bernard. 1994. TaggingEnglish text with probabilisticmodel. ComputationalLinguistics
20:155-171.
[3] BenelloJulian,Andrew W. Mackie,andJamesA. Anderson,1989. Syntacticcategory disambiguation
with neuralnetworks.ComputerSpeechandLanguage3:203-217.
[4] Daelemas,Walter, JakubZarvel, PeterBerck,andStevenGillis, 1996. MBT: A memory-basedpartof
speechtaggergenerator. In WVLC 4 pp. 14-27.
[5] RatnaparkhiAdwait, 1996. A maximumentropy model for part-of-speechtagging. In EMNLP 1,
pp.133-142.
[6] SchmidHelmut,1994. Probabilisticpart-of-speechtaggingusingdecisiontrees.In InternationalCon-
ferenceon New Methodsin Languageprocessing,pp. 44-49,Manchester, England.
[7] L.E.Baum,T. Petrie,G.SoulesandN. Weiss,1970,A maximizationtechniqueoccurringin thestatistical
analysisof probabilisticfunctionsof Markov chains,Annalsof MathematicalStatistics,41:164-171.
[8] BaumL., 1972,An inequalityandassociatedmaximizationtechniquein statisticalestimationfor prob-
abilistic functionsof aMarkov process.Inequalities3:1-8.
[9] Brill Eric, 1975,Transformation-basederror-driven learningandnaturallanguageprocessing:A case
studyin part-of-speechtagging,ComputationalLinguistics21:543-565.
[10] Brill Eric,1997,UnsupervisedLearningof DisambiguationRulesfor Partof SpeechTaggingTo appear
in NaturalLanguageProcessingUsingVeryLargeCorpora.Kluwer AcademicPress.
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Augmenting Evaluation Schemes Using the Distribution of Performance

Yuval Krymolowski (yuvalk@cs.biu.ac.il)

Bar-Ilan University

The performanceof a statisticalNLP systemis commonlyreportedusinga figure basedon a singlesplit
betweentraining and test data. Resultsobtainedusing a single split are subjectto samplingnoise. In
this position paperwe argue in favour of reportinga distribution of performancefigures, rather than a
singlenumber. Suchanevaluationschemecanbeusedfor statisticallyquantifyingstatementsconcerning
differencesacrossparametersettings,systems,andcorpora.
Usingthebootstrapmethod,andamemory-basedshallow-parsingalgorithm,weshow amarkeddifference
betweena test corpuswhich is closeto the train corpus(WSJ),and a test corpuswhich comesfrom a
differentgenre(ATIS).
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Compositional Memory-based Partial Parsing

Yuval Krymolowski andIdo Dagan(yuvalk@cs.biu.ac.il)

Bar-Ilan University

Wepresentamemory-basedlearningmethodthatrecognizesshallow patterns,includingcompositionalones
(NP, VP), in anew text basedonabracketedtrainingcorpus.Theexamplesarestoredas-is,in efficientdata
structures.Generalizationis performedat recognitiontime by comparingsubsequencesof thenew text to
positiveandnegativeevidencein thecorpus.Themethodis orientedfor learningto parseany selectedsubset
of targetsyntacticstructures.It is local,yetcanhandlealsocompositionalstructures.Partsof speechaswell
asembeddedinstancesarebeingusedsimultaneously. Theoutputis apartialparsein which instancesof the
targetstructuresaremarked. Experimentalresultsarepresentedfor recognizingnounandverbphrases,as
well assubject-verbandverb-objectrelations.Wediscussanalogieswith DOP.
In essence,the methodrelieson storingsub-sequcencesof parts-of-speechandembeddedinstancesin a
memory. In anew sentence,eachword-rangeis testedasapatterninstance.In testing,thealgorithmtriesto
reconstructthePOSsequence(incl. instancesalreadyfound)from thetilesstoredin memory. A constraint-
propogationalgorithm is invoked for choosingamongconflicting alternatives at the *instance* level, no
attemptis madeto constructaparsefor thewholesentence.
Theembeddingdepth,andnumberof embeddedinstancesin use,canbetuned- therebysimulating,e.g.,to
whatextentis it necessaryto go deepin hierarchyin orderto learnastructure.
Wearenow workingon producingadependency parse,andmight presentpreliminaryresults.

23



24



Conceptual Mapping through Keyword Subset Coupling

Zvika Marx andIdo Dagan(marxzv@cs.biu.ac.il)

MathematicsandComputerSciencedepartment
Bar-Ilan University

In thiswork, we introduceanextensionto thewell-studiedtaskof measuringoverall similarity of texts. We
pointoutspecificaspectsof similarity, uniqueto comparisonbetweendistinctcontentworlds.For example,
we would expectthat in collectionsof news articlesregardingvariouskindsof conflictsthenotionof, say,
negotiatingbodywouldbepresent.However, thevocabulary referringto thisnotionmightvary: if theissue
werean internationalconflict, the termsin usewould be DIPLOMAT, DELEGATION andso on. On the
otherhand,for othertypesof conflictsthecorrespondingkeywordscouldbeJUDGE,LAWYER, COURT
etc.

We have developeda new unsupervisedlearningframework, namedsubsetcoupling, thatcouldbeapplied
to domainsin which context-dependentcorrespondencesexist. Here we demonstrateits capabilitiesin
matchingcontext-dependently-related keyword setsextractedfrom distinct corpora.Following thenatural
identificationof word clusterswith conceptsor conceptualcategories,theobtainedlist representsmapping
betweenconceptualentitiespresentedby thetwo corpora.

Our work is inspiredby classicalcognitive theory of analogy(The Structure Mapping theory, Gentner,
1983).Criticismregardingtheincompetenceof thethisapproachin copingwith real-world data(Hofstadter
et al., 1995), is addressedby consideringfeaturesof similarity that aresalientin the context of mapping
betweentheparticularcorpora.

We introducean original algorithmfor subsetcoupling,following a theoreticalframework for cost-based
pairwiseclusteringby Puzicha,Hoffman& Buhmann(2000).In orderto capturethecontext of aparticular
comparisonbetweendatasets,our algorithmrefersonly to betweendata-setsimilarities, i.e. similarities
betweenthekeywordsof onecorpusto thekeywordsof theotherone. This is a majordifferencefrom the
conventionalclusteringscheme,which is devisedfor partitioningof onedatasetat a time. Cost-function
optimizationis achievedby standardrelaxationmethod,namelytheGibbs-Sampleralgorithmusedalsoby
Puzichaetal.

Thekeywordsimilarity valueshavebeencalculatedaccordingto aformulaby Dagan,Marcus& Markovitch
(1995). This measuregivessignificantweight to featuresthatareobserved with both termsfor which the
similarity valueis calculated.In our case,thesefeaturesarewordsusedin bothcorpora(lessa limited list
of stopwords). Theconceptualmappingis thusguidedby informationregardingfeaturesandrelationsthat
aresharedby thetwo particularsystemsundercomparison.

As anillustrative casestudy, thedistinctcorpora,amongwhich we have lookedfor correspondences,were
focusedon distinct religions. Keywords were (semi-automatically)extractedfor eachreligion from the
correspondingcorpus(thatis asetof introductorydocumentsdownloadedfrom theInternet).In thecaseof
comparingBuddhismandIslam,ourresultsinclude,amongotheritems,correspondencesbetweenscripture-
relatedkeyword lists (PALI, SANSKRIT, ... – ARABIC, HADITH ...) aswell aslists of termsreferringto
afterlifeandreward(PAIN, REBORN,... – JUDGMENT, PARADISE, ...).

Weevaluatetheresultsagainstdataobtainedfrom expertsin thefield of comparative religionstudies,using
conventionalevaluationmeasures:accuracy andrecall-precisioncurves.
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Ontological Semantics and Its Applications

Sergei Nirenburg (sergei@crl.nmsu.edu)

New Mexico StateUniversity

I will introduceanapplication-oriented semantictheorythatsupportsanalysisandsynthesisof texts through
extractingandrepresentingtext meaning.Theapproachusesa constructedworld model,or ontology, asits
coreknowledgecomponent.Otherknowledgecomponentsincludelexica andonomasticafor the natural
languagesusedin an applicationaswell asa fact databasethat storesinstancesof ontologicalconcepts.
Ontologicalsemanticsalsointroducesadetailedmetalanguageknown astheTMR, or ”text meaningrepre-
sentation”,language.
Ontologicalsemanticshasbeenusedat NMSU CRL to supportapplicationsin machinetranslation,infor-
mationextraction,questionansweringandtask-oriented,collaborative human-computerenvironments.
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