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1 Motivation

Theverbis anespeciallyrelevantpartof thesentencesinceit is centralto the structureandthe meaningof
thesentenceTheverbdetermineshenumberandkind of the obligatoryandfacultative participantswithin
the sentenceandthe propositionof the sentences definedby the structuraland conceptualnteraction
betweertheverbandthesentencgarticipants For thatreason|exical verbinformationrepresentthecore
in supportingcomputationatasksin NaturalLanguageProcessindNLP) suchaslexicography parsing,
machingranslationandinformationretrieval, whichdependnreliablelanguageesourcesBut especially
lexical semantiaesourcesepresena bottleneckin NLP, andmethodsfor theacquisitionof largeamounts
of semanticknowledgewith comparablylittle manualeffort have gainedimportance. In this context, |
am concernedvith the potentialandlimits of creatinga semanticknowledgebaseby automaticmeans,
semanticclassedor Germarnverbs.

Semanticverbclassegeneralisever verbsaccordingto their semantigoroperties They represena prac-
tical meango capturdarge amountsf verbknowledgewithout definingtheidiosyncraticdetailsfor each
verh The classlabelsreferto the commonsemanticpropertiesof the verbsin a classat a generalcon-
ceptuallevel, andthe idiosyncraticlexical semanticpropertiesof the verbsare eitheraddedto the class
descriptionor left underspecifiedExamplesfor conceptuastructuresare Positionverbssuchasliegen‘to

lie', sitzen'to sit’, steherfto stand’,andMannerof Motion with a Vehicleverbssuchasfahren‘to drive’,

fliegen‘to fly’, rudern‘to row’. A semanticlassificatiordemands definition of semantigropertiesput

it is difficult to automaticallyinducesemantideaturedrom availableresourceshothwith respecto lex-

ical semanticandconceptuaktructure.Therefore the constructiorof semanticclassegypically benefits
from along-standindinguistic hypothesiswvhich assertsa tight connectionbetweenthe lexical meaning
of averbandits behaiour: To a certainextent, the lexical meaningof a verb determinests behaiour,

particularlywith respectto the choiceof its aguments(Pinker, 1989; Levin, 1993). We can utilise this

meaning-behdour relationshipin thatwe inducea verb classificatioron basisof verbfeaturedescribing
verb behaiour (which areeasierto obtainautomaticallythan semantideatures)yand expectthe resulting
behaiour-classificatiorto agreewith a semanticclassificatiorto a certainextent.

A commonapproactto defineverbbehaiour is captureddy thediathesisalternatiorof verbs.Alternations
arealternatve constructiongtthesyntax-semantimterfacewhichexpresshesameor asimilarconceptual
ideaof averh In Example(1), the mostcommonalternationsor the Manner of Motion with a \ehicle

*The work reportedherewas performedwhile the authorwasa memberof the DFG-fundedPhD program‘Graduiertenklleg’
Spradliche Repésentationemindihre Interpretationatthe Institutefor NaturalLanguageProcessingIMS), University of Stuttgart,
Germayy.



verbfahren‘to drive’ areillustrated. The participantsn the conceptuastructurearea vehicle,a driver, a

drivenpersonanda direction. In (a), the vehicleis expressedassubjectin a transitve verb construction,
with a prepositionaphrasendicatingthe direction. In (b), thedriveris expressedssubjectin a transitve

verb constructionwith a prepositionalphraseindicatingthe direction. In (c), the driver is expressedhs
subjectin a transitive verb constructionwith anaccusatie nounphrasendicatingthe vehicle. In (d), the

driveris expressedissubjectin aditransitive verbconstructionwith anaccusatie nounphrasendicating

a driven person,and a prepositionalphraseindicating the direction. Evenif a certainparticipantis not

realisedwithin analternation jts contribution might beimplicitly definedby theverh For example,in (a)

thedriveris not expressedvertly, but we know thatthereis a driver, andin (b) and(d) thevehicleis not

expresseavertly, but we know thatthereis avehicle.

(1) (a) DerWagenfahrtin dielnnenstadt.
‘The cardrivesto thecity centre.

(b) Die Fraufahrt nach Hause
‘The womandriveshome’.

(c) Der Filius fahrt einenblauenFerrari.
‘The sondrivesablueFerrari.

(d) Der Jungefahrt seinenvaterzumZug
‘The boy driveshis fatherto thetrain!

For modelling verb alternationbehaiour by automaticmeans,a statisticalgrammarmodel for German
providesempiricallexical information,specialisingon but notrestrictedo the subcatgorisationbehaiour
of verbs(Schulteim Walde,2002,2003a). The grammarmodelis utilised for verb descriptionsat three
levelsatthesyntax-semantimterface apurelysyntacticdefinitionof verbsubcatgorisation a syntactico-
semantiadefinition of subcatgorisationwith prepositionalpreferencesanda syntactico-semantidefini-
tion of subcatgorisationwith prepositionalndselectionalpreferencesThe mostelaboratediescription
comescloseto adefinitionof theverbalternatiorbehaiiour. Basedonthesyntactico-semantidescriptions
of theGermarverbsasempiricalverbpropertiesthe standarctlusteringalgorithmk-Means(Forgy, 1965)
is appliedto inducea semanticclassificatiorfor theverbs.

Whatis theusageof semantioverbclassesn NaturalLanguageProcessingpplications?ntheonehand,
verbclasseseduceredundangin verbdescriptionssincethey encodehecommonpropertieof verbs.On

the otherhand,verbclassexanpredictandrefine propertiesof a verbthatrecevedinsufiicient empirical
evidence,with referenceto verbsin the sameclass: underthis aspecta verb classificationis especially
useful for the penasive problem of datasparseness NLP, wherelittle or no knowledgeis provided
for rareevents. Previous work on verb classeshasproventheir usefulnessparticularlythe Englishverb
classificatiorby Levin (1993)hasbeenusedfor NLP applicationsuchasword sensalisambiguatiorfDorr

andJones1996),machinetranslation(Dorr, 1997),anddocumentlassificationKlavansandKan, 1998).

The plan of the article is asfollows. Section2 introducestheideaof semanticverb classesand presents
a manuallydefinedclassificationof Germanverbs. Section3 describeghe empiricalverbbehaiour and
the definition of the clusteringmethodology In Section4, | presentandinterpretclusteringresults,and
Section5 closeswith examplesfor usingthelearnedverbclassesn NLP applications.

2 German SemanticVerb Classes

Semanticverbclassegeneralisever verbsaccordingto their semantigoroperties They represena prac-
tical meando capturdarge amountsf verbknowledgewithout definingtheidiosyncraticdetailsfor each
verh The classlabelsreferto the commonsemanticpropertiesof the verbsin a classat a generalcon-
ceptuallevel, andthe idiosyncraticlexical semanticpropertiesof the verbsare eitheraddedto the class
descriptionor left underspecifiedSemantioverb classeave beendefinedfor severallanguagesframe-
semantiaescriptiondor the computationalexicographicdatabaseesourcd~rameNeffor English(Baker



etal., 1998;Johnsoretal., 2002)andin earlystageslsofor German(Erk etal., 2003);thelexical seman-
tic ontologyWordNetfor English(Miller etal., 1990;Fellbaum,1998)and EuroWbrdNet (Vossen 1999)
for Dutch, Italian, SpanishFrench,German,CzechandEstonian;andmulti-lingual verb classessbased
on the syntax-semanticelationshipfor English(Levin, 1993),Spanish(Vazqueztal., 2000)andFrench
(Saint-Dizier,1998). To my knowledge,no Germanverb classifications availablefor NLP applications.
A large-scaléSermanclassificatiorwould thereforeprovide a principledbasisfor filling a gapin available
lexical knowledge.

I manually defined43 Germansemanticverb classescontaining168 partly ambiguousGermanverbs.
The small-scalemanualclassificationrepresents gold standardin orderto evaluatethe reliability and
performanceof the clusteringexperiments. The manualconstructionof the Germanverb classeswvas
primarily basedon semantidntuition: Verbsareassignedo classesccordingto similarity of lexical and
conceptuameaning,andeachverb classis assigneda conceptuaktlasslabel. The classlabelsaregiven
ontwo conceptualevels;coarsdabelssuchasMannerof Motion aresub-dvidedinto finer labels,suchas
LocomotionRotation,Rush Mehicle Flotation. Ttheclassificatioris primarily basedn semantiéntuition,
notonfactsaboutthe syntactichehaiour. As anextremeexample the Supportclass(23) containsheverb
unterstiitzen which syntacticallyrequiresa direct object, togetherwith the threeverbsdienen,folgen,
helfenwhich dominantlysubcatgoriseanindirect object. Becausef the meaning-behaour relationship
atthesyntax-semantimterface theverbsgroupedn oneclassshav acertainagreemenin theirbehaviour.
Theclasssizeis betweer? and7, with anaverageof 3.9 verbsper class.Eight verbsareambiguouswith
respecto classmembershipTheclassesncludebothhighandlow frequeng verbs:thecorpusfrequencies
of the verbsrangefrom 8 to 71,604.1 tried to balancethe classificationnot to include ary kind of bias,
i.e. in the classificationare no majoritiesof high frequentverbs,low frequentverbs,stronglyambiguous
verbs,verbsfrom specificsemanticareasgtc. Any biasin the classificatiorcouldinfluencethe evaluation
of clusteringmethods.

1. Aspect anfangenaufhdren,beendenbeginnen,enden
2. PropositionalAttitude ahnendenlen,glaubenyermutenwissen
3. Desire
(a) Wish: erhofien, wollen, wilnschen
(b) Need bedirfen,berbtigen,brauchen
4. Transferof PossessiolfObtaining) bekommen erhaltengrlangenkriegen
5. Transferof PossessioifGiving)
(a) Gift: gebenJeihen,schenlen,spendenstiften,vermacheniiberschreiben
(b) Supply bringen liefern, schiclen,vermitteln, zustellen
6. Mannerof Motion
(a) Locomotion gehenklettern,kriechen Jaufen,rennenschleichenwandern
(b) Rotation drehenyotieren
(c) Rush eilen,hasten
(d) Vehicle fahren fliegen,rudern,segeln
(e) Flotation: flieRen,gleiten,treiben
7. Emotion
(a) Origin: argern,freuen
(b) Expression heulen, lachen, weinen
(c) Objection angstigengkeln, furchten,scheuen
8. Facial Expression gahnengrinsen lachen, lachelnstarren
9. Perception empfindengrfahren, fuhlen,hdren,riechensehenwahrnehmen
10. Mannerof Articulation: flisternrufen,schreien
11. Moaning heulen, jammern klagen,lamentieren
12. Communicationkommunizierenkorrespondiererreden sprechenyerhandeln



13. Statement
(a) Announcementankiindigen bekanntgebererdffnen,verkiinden
(b) Constitution anordnenbestimmenfestlegen
(c) Promise versichernyersprechergzusagen

14. Observation bemerlen,erkennengrfahren, feststellenrealisierenyegistrieren
15. Description beschreibencharakterisierergarstellen, interpretieren
16. Presentationdarstellen, demonstriererprasentierenyeranschaulicheworfithren
17. Speculationgriubeln,nachdenkn,phantasiererspekulieren
18. Insistencebeharrenbesteheq insistierenpochen
19. Teading: beibringen)ehren,unterrichtenyermitteln,
20. Position
(a) Bring into Positiont legen,setzenstellen
(b) Bein Position liegen,sitzen,stehen
21. Production bilden,erzeugenherstellenhenorbringenproduzieren
22. Renwation dekorieren,erneuernyrenovieren,reparieren
23. Support dienenfolgen, helfen,unterstitzen
24. QuantumChange: erhbhen,erniedrigensenlen, steigernyergroernyerkleinern
25. Opening o6ffnen,schlieBen
26. Existencebestehes, existieren leben
27. Consumptionessenkonsumierenlesen,saufentrinken
28. Elimination: eliminieren,entfernengxekutierentdten,vernichten
29. Basis basierenberuhengriinden stiitzen
30. Inference folgern,schliel3en
31. Result egebengrwachsenfolgen, resultieren
32. Weather blitzen,donnerndammernpieseln regnen,schneien

Theclassificatioris completedy adetailedclassdescriptiorwhichis closelyrelatedto Fillmore’'s scenes-
and-framesemanticgFillmore, 1977,1982),ascomputationallyutilisedin FrameNe{Bakeretal., 1998;
Johnsoretal., 2002). Theframe-semanticlassdefinition containsa prosesceneadescription predominant
frame participantand modificationroles, and framevariantsdescribingthe scene. The frameroles have
beendevelopedon basisof a large Germannewvspapercorpusfrom the 1990s. They capturethe scene
descriptionby idiosyncraticparticipantnamesanddemarcatenajorandminor roles. Sincea scenamight
beactivatedby variousframeembeddings, have listedthe predominanframevariantsasfoundin thecor
pus,markedwith participatingroles,andatleastoneexamplesentencef eachverbutilising therespectie
frame. The corpusexamplesare annotatedand illustrate the idiosyncraticcombinationsof lexical verb
meaningandconceptuatonstructionsto capturethe variantsof verb sensesFollowing, | presenta verb
classdescriptionfor the classof Aspectverbs! Verbsallowing a framevariantaremarkedby ‘+', verbs
allowing theframevariantonly in compaiy of anadditionaladverbialmodifieraremarkedby ‘+,4,’, and
verbsnot allowing a framevariantaremarkedby ‘—’. In the caseof ambiguities framevariantsareonly
givenfor the sense®f the verbswith respecto the classlabel. The framevariantswith theirrolesmarked
representhe alternationpotentialof the verbs,by relatingthe differentsyntacticembeddinggo identical
role definitions.For example thecausatie-inchoatvealternatiomrmssumethesyntacticembeddings x ay
andny, indicatingthatthe alternatingverbsarerealisedby a transitve frametype (containinga nomina-
tive NP ‘n’ with role X andanaccusatie NP ‘a’ with role Y) andthe correspondingntransitive frametype
(with a nominative NP ‘n’ only, indicatingthe samerole Y asfor the transitive accusatie). AppendixA
lists all possibleframe variantsandillustrative examples. Passvisation of a verb-framecombinationis
indicatedby [P].

LFor furtherclassdescriptionsthereaderis referredto Schulteim Walde(2003b,pages27-103).



AspectVerbs anfangen,aufhbren,beendenbeginnen,enden

Scene[g An event] beginsor ends eitherinternally causedr externally causedy
[ aninitiator]. Theeventmaybe specifiedwith respecto [ tense]][, location],
[x anexperiencer]pr [ aresult].

FrameRoles I(nitiator), E(vent)
ModificationRoles T(emporal) L(ocal), (e)X(periencer)R(esult)

Frame

ParticipatingVerbs& CorpusExamples

Ng

+ anfangenauftbren,beginnen/ +,4,, ender/ = beenden

NunabermuB3[ g derDialog] anfangen

... bevor [ derGolfkrieg] angefangenhatte...

... damit[ g die Kampfe]aufhoren.

Erstmuf3[ g dasMorden]aufhoren.

[£ Der Gottesdienstbeginnt.

[ DasSchuljahr]beginnt [ im Februar].

[x FurdieFluchtlingelbeginnt nun[ g ein Wettlaufgegendie Zeit].
[e SeinZwischenspielpei derWehrmachendete... [ g glimpflich].
[ Die Ferien]enden[ g mit einemgroRRenFest].

[£ Druckkunst]... endet[ g beimgutenBuch].

[ Die Partie] endete[ g 0:1].

[z An einemBaum]endetein Hochst[ g die Flucht]...

[e DerInformationstag].. endet[ um 14 Uhr].

nr

+ anfangenauftbren/ — beendenbeginnen,enden

[; Die HauptstadtinuRanfangen

... daB3[; er] [t punktlich] anfing.

Jetztkdnnen[; wir] nichteinfachaufhoren.
Vielleichtsollte[; ich] aufhdren undnochstudieren.

ny
ag

+ anfangenpeendenbeginnen/ — auftbren,enden

Nachden{; wir] [ die Sachelangefangerhaben,
... [1 er] versucht] g einneued eben]anzufangen
[7 Die Polizei]beendetd] i die Gewalttatigkeiten].
[T NachdemAbi] beginnt[; Jens] s, in Frankfurt][ z seineLehre]...

+ anfangenpbeendenbeginnen/ — auftbren,enden

Wenn[ g die Arbeiten][7 vor demBescheidpngefangenwerden...
Wahrend x fur Senna] g dasRennenbeendetwar ...
... ehe[ g einemilitarischeAktion] begonnenwird ...

+ anfangenauftbren,beginnen/ - beendenenden

[7 Ich] habenamlich[ z zu malen]angefangen

[7 Ich] habeangefangen[r Hemdenzu schneidern].

[ Die Bahn]will [z 1994]anfangen[g zubauen].

... daR3[; derAlkoholiker] aufhort [z zutrinken].

... daB[; die Sauglinge]einfachaufhdren[g zuatmen].

In dieserStimmungbegannen[; Manner][ g Tangozutanzen]...
[r Tausendeon Pinguinen]beginnen( g dortzu briiten].

ny
pE : mit

+ anfangenauftbren,beginnen/ - beendenenden

Erstals[; derversammeltédofstaat][ z mit Klatschenjanfing,
Aber[; wir] misserendlich[ g damit]anfangen

[; DerAthlet] ... kann... [ mit seinemSport]aufhoren.

... mufdtennoch(; viel mehrFrauen][ g mit ihrer Arbeit] aufhdren ...
SchlieBlichzog[; er] einenTrennstrichpbegann[g mit demEntzug]...
[z Man] beginne[ g mit eherkatharsischefVerken].

ny
pPE : mit
[P]

+anfangen aufhbren,beginnen/ — beendenenden

Und[g mit denUmbauarbeitenkdnnteangefangernwerden.

[ Mit diesemungerechterKrieg] muf3sofortaufgehdrt werden.
[z Vorher]durfe [ g mit der Aufldsung]nichtbegonnenwerden.
... daB3[ g mit demUmbaul]... begonnenwerdenkann.




3 Clustering Methodology

| developed,implementedandtraineda statisticalgrammarmodelfor Germanwhich providesempirical
lexical information,specialisingon but not restrictedto the subcatgorisationbehaiour of verbs(Schulte
im Walde, 2002,2003a). The grammarmodel senesas sourcefor the Germanverb descriptionat the
syntax-semantiinterface. For the purely syntacticdefinition of subcatgorisationframes(D1), it pro-
videsfrequeng distributionsof Germanverbsover 38 purely syntacticsubcatgorisationframes,cf. Ap-
pendixA. In additionto D1, thegrammarprovidesdetailedinformationfor thesyntactico-semantidefini-
tion of subcatgorisationwith prepositionapreference$¢D2) aboutthetypesof PPswithin theframes.For
eachof the prepositionaphrasdrametypesin thegrammaythejoint frequeng of averbandthe PPframe
is distributed over the prepositionalphrasesaccordingto their frequenciedn the corpus. Prepositional
phrasesaredefinedby caseandprepositionsuchas'mit p,;' andfurz’.

For the syntactico-semantidefinition of subcatgorisationwith prepositionalandselectionapreferences
(D3), the verb-framecombinationsarerefinedby selectionapreferences, e. the agumentslotswithin a
subcatgorisationframetype arespecifiedaccordingto which ‘kind’ of argumentthey require. Thegram-
mar providesselectionapreferencanformationon a fine-grainedevel: it specifiesghe possibleargument
realisationan form of lexical heads,with referenceto a specificverb-frame-slotcombination. l.e. the
grammarprovidesfrequenciegor headsfor eachverbandeachframetype andeachargumentslot of the
frametype. For example,the mostfrequentnominalargumentheadsfor the verb verfolgen ‘to follow’
andthe accusatie NP of the transitive frametype ‘na’ are Ziel ‘goal’, Strategie ‘strategy’, Politik ‘pol-
icy’, Interesse'interest’, Konzept'concept’, Entwicklung ‘development’,Kurs ‘direction’, Spiel ‘game’,
Plan ‘plan’, Spur‘trace’. Obviously, we would run into a sparsedataproblemif we tried to incorporate
selectionapreferenceto theverbdescriptionson suchaspecificlevel. We areprovidedwith rich infor-
mationonthenominallevel, but we needa generalisatiomnf the selectionapreferencelefinition. WordNet
(Miller etal., 1990;Fellbaum,1998)andits GermarversionGermaNe({HampandFeldwey, 1997;Kunze,
2000)have widely beenusedassourcefor fine-grainedselectionapreferencenformation(Resnik,1997;
Ribas,1995;Li andAbe, 1998;Abney andLight, 1999;Wagner 2000; McCarthy 2001;Clark andWeir,
2002). | utilise the Germannounhierarchyin GermaNeffor a generalisatiorof selectionalpreferences.
The hierarchyis realisedby meansof synsetssetsof synorymousnouns,which are organisedoy multi-
ple inheritancehyporym/hypenym relationships.A nouncanappealin several synsetsaccordingto its
numberof sensesMy approachs asfollows. For eachnounin a verb-frame-slotombination the joint
frequeng is split over the differentsense®f the nounandpropagatedipwardsthe hierarchy In caseof
multiple hyperrym synsetsthefrequeng is split again. The sumof frequenciesver all top synsetsequals
thetotaljoint frequeng. Repeatinghefrequeny assignmen&ndpropagatiorfor all nounsappearingn a
verb-frame-slotombinationtheresultdefinesafrequeng distribution of theverb-frame-slotombination
over all GermaNetynsets.To restrictthe variety of nounconceptdo a generalevel, | consideronly the
frequeng distributionsover thetop GermaNenodes? Lebavesericreature’,Sade‘thing’, Besitz'prop-
erty’, Substanzsubstance’Nahrung‘food’, Mittel ‘means’,Situation'situation’, Zustandstate’, Struktur
‘structure’, Physis‘body’, Zeit ‘time’, Ort ‘space’, Attribut ‘attribute’, Kognitives Objekt ‘cognitive ob-
ject’, Kognitiver Prozesscognitive process’. Sincethe 15 nodesexclude eachotherandthe frequencies
sumto thetotal joint verb-framefrequeng, we canusethe frequenciedo defineprobability distributions.
Thereforethe 15 nodesprovide a coarsedefinition of selectionapreference$or averb-frame-slotombi-
nation.

Table 1 summariseshe verb distributions and presentghreeverbsfrom differentverb classesand their
ten most frequentframe typeswith respectto the threelevels of verb definition, accompaniedy the
probability values.On D2 frametypesincluding PPsare specifiedfor the PPtype,andon D3 theframe
slot for selectionapreferenceefinemenis underlined,andthe top-level synsetis givenin braclets. D1
for beginnen‘to begin’ defines’np’ and‘n’ asthe mostprobableframetypes. Even by splitting the ‘np’
probability over the different PP typesin D2, a numberof prominentPPsare left, the time indicating

2SinceGermaNethadnot beencompletedat the point of time | have usedthe hierarchy | have manuallyaddedfew hyperrym
definitions.



Distribution
Verb D1 I D2 I D3
beginnen || np 0.43( n 0.28 || n(Situation) 0.12
‘to begin’ || n 0.28 || np:uMyuk 0.16 || np:umyy(Situation) | 0.09
ni 0.09 || ni 0.09 | np:mitp,¢(Situation) | 0.04
na 0.07 || np:mitp, | 0.08 || ni(Lebewesen) 0.03
nd 0.04 || na 0.07 || n(Zustand) 0.03
nap | 0.03 | np:anpg 0.06 || np:anp.¢(Situation) | 0.03
nad | 0.03| np:inpg: 0.06 || np:inp.(Situation) 0.03
nir 0.01( nd 0.04 || n(Zeit) 0.03
ns-2 | 0.01 || nad 0.03 || n(Sache) 0.02
Xp 0.01 || np:nachy,: | 0.01 || ngSituation) 0.02
essen na 0.42 || na 0.42 || na(Lebevesen) 0.33
‘to eat’ n 0.26 || n 0.26 || naNahrung) 0.17
nad | 0.10|| nad 0.10 || naSache) 0.09
np 0.06 || nd 0.05 || n(Lebewesen) 0.08
nd 0.05 || ns-2 0.02 | ngLebenvesen) 0.07
nap | 0.04 | np:aufp,: | 0.02 | n(Nahrung) 0.06
ns-2 | 0.02| ns-w 0.01 || n(Sache) 0.04
ns-w | 0.01 || ni 0.01 || nd(Lebeavesen) 0.04
ni 0.01 || np:mitp,¢ | 0.01 || nd(Nahrung) 0.02
nas-2| 0.01 || np:inpg: 0.01 || naAttribut) 0.02
fahren n 0.34 | n 0.34 || n(Sache) 0.12
‘to drive’ || np 0.29 || na 0.19 || n(Lebewesen) 0.10
na 0.19 || np:inggx 0.05 || na(Lebavesen) 0.08
nap | 0.06| nad 0.04 || naSache) 0.06
nad | 0.04 | np:zupg: 0.04 || n(Ort) 0.06
nd 0.04 || nd 0.04 || na(Sache) 0.05
ni 0.01 || np:nachh, | 0.04 || np:inggr(Sache) 0.02
ns-2 | 0.01 || np:mMitpy; 0.03 || np:zup.¢(Sache) 0.02
ndp | 0.01| np:inpg: 0.03 || np:inagx(Lebenvesen)| 0.02
ns-w | 0.01 | np:aufp,: 0.02 || np:nachp.¢(Sache) 0.02

Tablel: Examplesof mostprobableframetypes

UuMuxr andnadp,:, Mitp,; referringto the begunevent,anp,; asdateandinp,; asplaceindicator It is
obvious that adjunctPPsaswell asagumentPPsrepresent distinctive part of the verb behaiiour. D3
illustratesthat typical selectionalpreferencegor beginnerrolesare Situation,Zustand,Zeit, Sahe D3
hasthe potentialto indicateverbalternationbehaiour, e.g. ‘na(Situation)’ refersto the samerole for the
direct objectin a transitve frame as ‘n(Situation)’ in an intransitive frame. essento eat’ asan object
drop verb shavs strongpreferencedor both intransitve andtransitve usage. As desired,the agument
rolesarestronglydeterminediy Lebaveserfor both‘n’ and‘na’ andNahrungfor ‘na’. fahren‘to drive’
choosegypical mannerof motionframes(‘n’, ‘np’, ‘na’) with the refining PPsbeingdirectional(in 4z,
ZUpa:, Nadp,;) or referringto a meansof motion (Mitp,;, iNpa:, aufpe:). The selectionalpreferences
represeng correctalternatiorbehaiour: Lebevesenin the objectdrop casefor ‘n’ and‘na’, Sadein the
inchoatve/causatie casefor ‘n’ and‘na’.

Basedon the syntactico-semantidescriptionsof the Germarnverbsasempiricalverb propertiesthe clus-

tering of the Germanverbsis performedby the k-Meansalgorithm, a standardunsupervisealustering
techniqueasproposedy Forgy (1965). k-Meansiteratively re-organisesnitial verbclustersby assigning
eachverbto its closestclusterandre-calculatingclustercentroidsuntil no furtherchangegake place.For

detailson the clusteringsetupandexperimentsthereadeiis referredto Schulteim Walde (2003b).



4 Clustering Examples

This sectionpresentgepresentatie partsof a clusteranalysisbasedon the verb descriptionon D3. |
comparethe respectie clusterswith their pendantsuinderD1 and D2. For eachcluster the verbswhich
belongto the samegold standardtlassarepresentedh oneline, accompaniedby theclasslabel.

(a) nieselnregnenschneien- Weather

(b) dammern-Weather

(c) beginnenenden- Aspect
bestehep existieren— Existence
liegensitzenstehen- Position
laufen— Mannerof Motion: Locomotion

(d) kriechenrennen- Mannerof Motion: Locomotion
eilen— Mannerof Motion: Rush
gleiten— Mannerof Motion: Flotation
starren- Facial Expression

(e) kletternwandern- Mannerof Motion: Locomotion
fahrenfliegensegeln— Mannerof Motion: Vehicle
flieRen— Mannerof Motion: Flotation

(f) festlegen— Constitution
bilden— Production
erhbhensenlensteigernvergroRernverkleinern— QuantumChange

(g) toten—Elimination
unterrichten- Teacing

(h) geben- Transferof Possessiol(Giving): Gift

The weatherverbsin cluster(a) strongly agreein their syntacticexpressionon D1 anddo not needD2

or D3 refinementdor a successfutlassconstitution. dammernin cluster(b) is ambiguoushetweena
weathenerbandexpressinga senseof understandingthis ambiguityis idiosyncraticallyexpressedn D1

framesalready so dammernis never clusteredogetherwith the otherweathewerbson D1-D3. Manner
of Motion, Existence Position and Aspectverbsare similar in their syntacticframe usageandtherefore
mergedtogetheron D1, but addingPP information distinguisheghe respectie verb classes:Manner of

Motion verbsprimarily demandlirectionalPPs Aspectverbsaredistinguishedy patientmitp,; andtime

andlocationprepositionsandExistenceandPositionverbsaredistinguishedy locative prepositionswith

Positionverbsshonving morePPvariation. The PPinformationis essentiafor successfullydistinguishing
theseverb classesandthe coherencas partly destryedby D3: Mannerof Motion verbs(from the sub-
classed_ocomotion,Rotation, Rush,\Vehicle Flotation) are capturedwell by clusters(d) and (e), since
they inhibit strongcommonalternationsput cluster(c) mergesthe Existence Position and Aspectverbs,
sinceverb-idiosyncratialemandson selectionakolesdestry the D2 classdemarcation Admittedly, the
verbsin cluster(c) areclosein their semanticswith a commonsenseof (bringing into vs. beingin)

existence. laufenfits into the clusterwith its senseof ‘to function’. Cluster(f) containsmostverbsof

QuantumChangg, togetherwith one verb of Productionand Constitutioneach. The semanticsof the
clusteris thereforeratherpure. The verbsin the clustertypically subcatgorisea directobject,alternating
with areflexive usage,;nr’ and‘npr’ with mostly aufazr andumyy,. Theselectionapreferenceselpto

distinguishthis cluster: the verbsagreein demandinga thing or situationassubject,andvariousobjects
suchasattribute, cognitive object, state,structureor thing asobject. Without selectionalpreferencegon

D1 andD2), thechangeof quantunmverbsarenotfoundtogethemwith the samedegreeof purity. Thereare
verbsasin cluster(g), whosepropertiesarecorrectlystatedassimilar on D1-D3, soa commonclusteris

justified; but the verbsonly have coarsecommonmeaningcomponentsin this casetdtenandunterrichten
agreein an action of one personor institution towardsanother gebenin cluster(h) representsn own

cluster Syntactically this is causedby beingthe only verb with a strongpreferenceor xa. Fromthe
meaningpoint of view, this specificframerepresentsn idiomatic expressiononly possiblewith geben
Therespectie frameusageoverlapsthe Giving senseof the verh



Thefactthatthereareverbswhichareclusteredsemanticallyon basisof their corpus-basedndknowledge-
basedempiricalpropertiesjndicates(i) arelationshipbetweerthe meaningcomponent®f the verbsand
their behaiour, and(ii) thatthe clusteringalgorithmis ableto benefitfrom the linguistic descriptionsand
to abstracfrom the noisein the distributions. Low frequentverbshave beendeterminedasproblemin the
clusteringexperiments.Their distributionsarenoisierthanthosefor morefrequentverbs,sothey typically

constitutenoisy clusters.The ambiguity of verbscannotbe modelledby the hardclusteringalgorithmk-

Means.Ambiguousverbsweretypically assigneekither(i) to oneof the correctclusterspr (ii) to acluster
whoseverbshave distributionswhich aresimilar to the ambiguoudistribution, or (iii) to a singletonclus-
ter. Theinterpretatiorof the clusteringsunexpectedlypointsto meaningcomponent®f verbswhich have
not beendiscoveredby the manualclassificatiorbefore. An exampleverbis laufenexpressingnot only a
Mannerof Motion but alsoa kind of existencewhenusedin the senseof operation.Thediscoveringeffect
shouldbe larger with anincreasingnumberof verbs,sincethe manualjudgementis more difficult, and
alsowith a soft clusteringtechnique wheremultiple clusterassignmenis enabled.In a similar way, the
clusteringinterpretatiorexhibits semanticallyrelatedverbclassesverbclassesvhich areseparatedh the
manualclassificationput semanticallymeigedin a commoncluster For example,PerceptionandObser

vationverbsarerelatedin thatall the verbsexpressan obsenation,with the Perceptionverbsadditionally
referringto a physicalability, suchashearing.Relatedto the precedingssue,the manualverb classess
definedare demonstrate@sdetailedandsubtle. Comparedo a moregeneralclassificatiorwhich would
appropriatelymemge several classesthe clusteringconfirmsthat | have defineda difficult taskwith subtle
classes.| wasaware of this fact but preferreda fine classification sinceit allows insightinto moreverb
andclassproperties But in this way, verbswhich aresimilarin meaningareoften clusteredvrongly with

respecto thegold standard.

What exactly is the natureof the meaning-behaour relationship? (a) Already a purely syntacticverb
descriptionallows a verbclusteringclearly above the baseline. Theresultis a successfu{semanticlas-
sificationof verbswhich agreein their syntacticframe definitions,e.g. mostof the Supportverbs. The
clusteringfails for semanticallysimilar verbswhich differ in their syntacticbehaiour, e.g. unteistitzen
which doesbelongto the Supportverbsbut demandsan accusatie insteadof a dative object. In addi-
tion, it fails for syntacticallysimilar verbswhich are clusteredtogethereven thoughthey do not exhibit
semanticsimilarity, e.g. mary verbsfrom differentsemanticclassesubcatgorisean accusatie object,
sothey arefalselyclusteredogether (b) Refiningthe syntacticverbinformationby prepositionaphrases
is helpful for the semanticclustering,not only in the clusteringof verbswherethe PPsare obligatory,
but alsoin the clusteringof verbswith optionalPParguments.Theimprovementunderlineghelinguistic
factthatverbswhich aresimilarin their meaningagreeeitheron a specificprepositionatcomplemente.g.
glauben/den&nanyy;) or on amoregenerakind of modification,e.g. directionalPPsfor mannerof mo-
tion verbs. (c) Defining selectionabreference$or argumentsoncemoreimprovesthe clusteringresults,
but theimprovementis not aspersuasie aswhenrefiningthe purely syntacticverbdescriptionsy prepo-
sitionalinformation. For example the selectionapreferenceselp demarcatehe QuantumChange class,
becauseherespectie verbsagreen their structuralaswell asselectionapropertiesBut in the Consump-
tion classesserandtrinkenhave strongpreferencefor afood object,whereakonsumieenallows awider
rangeof objecttypes.Onthe contrary thereareverbswhich arevery similarin their behaiour, especially
with respectto a coarsedefinition of selectionalroles, but they do not belongto the samefine-grained
semantiaclass,e.g. totenandunterrichten Why do we encountelan unpredictabilityconcerninghe en-
coding and effect of verb features,especiallywith respectto selectionalpreferences?The experiments
presentedavidencefor alinguistically definedlimit onthe usefulnes®f theverbfeatureswhichis driven
by thedividing line betweerthe commonandidiosyncraticfeaturesof theverbsin averbclass.Recallthe
underlyingideaof verb classesthatthe meaningcomponent®f verbsto a certainextentdeterminetheir
behaiour. This doesnot meanthatall propertiesof all verbsin a commonclassaresimilar andwe could
extendandrefine the featuredescriptionendlessly The meaningof verbscompriseshoth (a) properties
which are generalfor the respectie verb classesand (b) idiosyncraticpropertieswhich distinguishthe
verbsfrom eachother As long aswe definethe verbshy thosepropertieswhich representhe common
partsof the verb classesa clusteringcansucceed But by step-wiserefiningthe verb descriptionandin-
cludinglexical idiosyncrasythe emphasi®f the commonpropertiesvanishes Fromthe theoreticalpoint
of view, thedistinctionbetweercommonandidiosyncraticfeatureds obvious, but from the practicalpoint



of view thereis no uniqueperfectchoiceandencodingof theverbfeatures Thefeaturechoicedependsn
the specificpropertiesof the desiredverb classesandevenif classesare perfectlydefinedon a common
conceptualevel, therelevantlevel of behaioural propertiesof theverbclassesnight differ.

Thegoal of my work is to developa clusteringmethodologywith respecto anautomaticacquisitionof a
high-qualityandlarge-scaleGermanverb classification.| thereforeappliedthe insightson the clustering
methodologyto aconsiderablyfargeramountof verbdata.l extractedall Germarverbsfrom thestatistical
grammamodelwith anempiricalfrequeng betweerb00and10,000in a newspapeicorpusof 35 million
words. This selectionresultsin a total of 809 verbs,including 94 verbsfrom the preliminary setof 168
verbs.| addedheremainingverbsof thepreliminaryset,resultingin atotal selectiorof 883Germarverbs.
Thefeaturedescriptiorof the Germarverbsrefersto D3, andthenumberof clustersvassetto 100,which
correspondso an averageof 8.83verbsper cluster As a generalcharacterisationf the clusteranalysis,
someclustersareextremelygoodwith respecto the semanticoverlapof the verbs,someclusterscontain
a numberof similar verbsmixedwith semanticallydifferentverbs,andfor someclustersit is difficult to
recognisea commonsemanticaspectof the verbs. For eachkind of resultl will presentexamples. The
verbswhich | think semanticallysimilar aremarkedin bold font.

(1) absdineidento cutoff’, anzieherito dress’,binden‘to bind’, entfernerito remove’, tunen‘to tune’,
wiegen‘to weigh’

(2) aufhalten‘to detain’, ausspechen‘to pronounce’,auszahlerito pay off’, durchsetzerto achieve’,
entwideeln ‘to develop’, verantworten‘to be responsible’ verdoppeln‘to double’, zuridkhalten‘to
keepaway’, zurickzieherito draw back’, &ndern‘to change’

(3) anhbren ‘to listen’, auswirken ‘to affect’, einigen ‘to agree’,lohnen‘to be worth’, verhalten‘to be-
have’, wandeln'to promenade’

(4) abholen'to pick up’, anseherito watch’, bestellerito order’,erwerben‘to purchase’holen‘to fetch’,
kaufen‘to buy’, konsumieren‘'to consume’yerbrennento burn’, verkaufen ‘to sell’

(5) ansdhauen'to watch’, erhoffen ‘to wish’, vorstellen‘to imagine’,wiinschen ‘to wish’, tiberlegen‘to
think about’

(6) danken'‘to thank’,enttommerito escape’gratulieren‘to congratulate’

(7) bestleunigen‘to speedup’, bilden ‘to constitute’, darstellen‘to illustrate’, deden‘to cover’, erfiillen
‘to fulfil’, erhdhen ‘to raise’, erledigen ‘to fulfil’, finanzieen ‘to finance’,fullen ‘to fill', 18sen‘to
solwe’, rechtfertigen ‘to justify’, reduzieren‘to reduce’,senken ‘to lower’, steigern‘to increase’,
verbesserrito improve’, vergroRern‘to enlage’, verkleinern ‘to make smaller’, verringern ‘to de-
crease’,versdieben ‘to shift’, verscarfen ‘to intensify’, verstirken ‘to intensify’, verandern ‘to
change’

(8) ahnen‘to guess’bedauern'to regret’, beflirchten‘to fear’, bezveifeln ‘to doubt’,merken‘to notice’,
vermuten‘to assume’weifl3erto whiten’, wissen'to know’

(9) anbieten‘to offer’, angebietenis not an infinitive, but a morphologicallymistalen perfectparticiple
of ‘to offer’, bieten‘to offer’, erlauben‘to allow’, erleichtern ‘to facilitate’, ermoglichen ‘to make
possible’,eroffnen ‘to open’,untersagerito forbid’, veranstaltento arrange’ verbieten‘to forbid’

(10) argumentieren'to argue’, berichten ‘to report’, folgern ‘to conclude’ hinzufiigen‘to add’,jammern
‘to moan’,klagen‘to complain’,schimpfen ‘to rail’, urteilen ‘to judge’

(11) basieren‘to be basedon’, beruhen‘to be basedon’, resultieren‘to resultfrom’, stammen'to stem
from’

(12) befragen‘to interrogate’,entlassen‘'to release’,ermorden‘to assassinate’erscie3en‘to shoot’,
festnehmerito arrest’,téten‘to kill’, verhaften‘to arrest’

(13) bezifern ‘to amountto’, schatzen'to estimate’ veransdilagen‘to estimate’
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(14) entstuldigen‘to apologise’ freuen‘to beglad’, wundern‘to besurprised’ &rgern‘to beannged’

(15) nachdenken‘to thinkabout’,profitieren‘to profit’, reden‘to talk’, spekulierento speculate’spretien
‘to talk’, traumen‘to dream’,verfiigen‘to decree’ verhandeln‘to negotiate’

(16) mangeln‘to lack’, nieseln‘to drizzle’, regnen‘to rain’, schneien‘to snow’

Clusters(1) to (3) are exampleclusterswherethe verbsdo not sharemeaningaspects. In the overall
clusteranalysis,the semanticallyincoherentclusterstendto be ratherlarge, i.e. with morethan15-20
verb members.Clusters(4) to (7) are exampleclusterswherea part of the verbsshown overlapin their
meaningaspectshut the clustersalso containconsiderablenoise. Cluster(4) mainly containsverbsof
buying andselling, cluster(5) containsverbsof wishing, cluster(6) containsverbsof expressinga speech
actconcerninga specificevent,andcluster(7) containsverbsof quantumchange.Clusters(8) to (16) are
exampleclusterswheremostor all verbsshav a strongsimilarity in their conceptuaktructures.Cluster
(8) containsverbsexpressinga propositionahttitude;the underlinedverbsin additionindicateanemotion.
Theonly unmarledverbweil3eralsofits into thecluster sinceit isamorphologicalemmamistake changed
with wissenwhich belongsto the verb class. The verbsin cluster(9) describea scenewheresomebody
or somesituationmakes somethingpossible(in the positive or negative sense). Next to a lemmatising
mistale (angebieteris not aninfinitive, but amorphologicallymistalenperfectparticipleof anbieter), the
only exceptionverbis veranstalten Theverbsin cluster(10) areconnectednoreloosely all referringto a
verbaldiscussionwith theunderlinedverbsin additiondenotinga negative, complainingway of utterance.
In cluster(11) all verbsreferto a basis,in cluster(12) the verbsdescribethe processrom arrestingto
treatinga suspectand cluster(13) containsverbsof estimatingan amountof money. In cluster(14), all
verbsexceptfor entstuldigenreferto an emotionalstate(with someorigin for the emotion). The verbs
in cluster(15) exceptfor profitierenall indicatea thinking (with or without talking) abouta certainmatter
Finally in cluster(16), we canrecogniseveathewerbs.

5 Application of SemanticVerb Classes

Theprevioussectionhaspresentedlusteringexampleswvhich agreewith themanualklassificatiorin mary
respectsWithout ary doubtthe clusteranalysisneedsmanualcorrectionandcompletion but representa
plausiblebasisfor a semantidexicon resource Following, | discusspossibleNLP applicationsor averb
classification. (a) Providing lexical information aboutverbsby verb classlabelssenestwo purposesn
parsing (i) Onthe onehandthe classinformationrestrictspossibleparsesanddecreaseparseambigui-
ties,sincetheclassabelsimplicitly definetherangeof possiblesyntacticandsemantiozerbervironments.
(ii) Ontheotherhandtheclassinformationsuppliesadditionalinformationon the syntax-semantiembed-
ding for verbswhich aredefinedvaguely Combiningboth uses,the parsingquality might be improved.
(b) Replacingverbsin alanguage modelby therespectie verbclassesnightimprove alanguagemodel's
robustnesandaccurag, sincethe classinformationprovidesmorestablesyntacticandsemantidanforma-
tion thantheindividual verbs. For example,the probability of the prepositionnach following any manner
of motionverbis comparablyhigh, since(amongothersensesit indicatesa path. Neverthelessthemodel
might provide lessreliable informationon the individual mannerof motion verbs,especiallyin low fre-
guentcasessuchasrasen‘to speed’. The verb classinformation contributesthis missinginformationby
generalisingvertheverbswithin oneclassandis thereforeableto predictanach-PPfor rasen (c) A user
guerywhichrequiresnformationextractionon documentganbeextendedwith respecto its syntacticand
especiallysemantidnformation(e.g. complementealisation)by addingthe existing classinformationof
the querypredicateto the querydescriptionjn additionto the individual verbinformation. (d) Assuming
thata similar systemof verb classesxistsin variouslanguagesthe problemin madinetranslationthat
thetranslationof a verbfrom onelanguagdanto anotheractivatesseveral verbsin the targetlanguagecan
be solved by filtering the correcttranslationwith respecto the sourceverb class. For example,the verb
besteherasat leastfour differentsenseseachcoupledwith a preferredsubcatgorisationbehaiour: (i)
bestehemmeaning‘to insist’ subcatgorisesnp with aufp,, (i) bestehermeaning‘to consist’subcate-
gorisesnp with aussgs, (iii) bestehemmeaning'to exist, to survive’ subcatgorisesn or np with in 44,
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and(iv) bestehemeaningto pass’(e.g. of anexam)subcatgorisesna. With respecto the sourcecon-
text (thesyntactico-semantiembedding)the verbclassof thesourceverbis determinedandbasedn the
sourceclassthetargetverbis filtered. In addition,missinginformationconcerninghe sourceor targetverb
with respecto its syntacticandsemantieembeddingnight be addedby therespectie classandrefinethe
translation.

Becausdheseideasmight seemspeculatie, the following sectiongprovide examplesof verb classusage
which have alreadybeenperformed. Most of them are basedon the Levin classessomeon German
soft-clusteringapproachesl shouldaddthatthereare multiple usesof the WordNetclassesbut | do not
provide apictureof themwithin thescopeof thisthesis.Thereadetis referredto the WordNetbibliography
at http://fengr.smu.edu/"rada/wnb/

Parsing-BasedWord SenseDisambiguation Dorr andJoneg1996)shawv thatthe Levin classesanbe
usedfor word sensalisambiguationThey describehe Englishverbsin theLevin classedy theirsyntactic
descriptionsbasedn parsingpatternson the examplesentencefor theverbclassesTheapproachdistin-
guishesositive andnegative examplesby 1 andO, respectiely. For example,the parsingpatternfor the
sentencdonybroke thevaseto pieceswould be 1-[np,v,np,pp(to)] . Thesyntacticdescriptiorof a
verbconsistof thesetof parsingpatternsvhich areassignedo theverbaccordingo its classaffiliations.

Dorr and Jonesdeterminethe overlap on the setsof verbs(a) in the semanticLevin classesand (b) as
basedon the agreemenbn syntacticdescriptions.The comparisoris performedwithin two experiments:
(i) The syntacticpatternsof the examplesentencewithin aLevin classareassignedo all verbswithin the
classdisrggardingthedifferentverbsensesheverbsmighthave. Thesyntacticdescriptionof averbmight
thereforecontainsyntacticpatternsof severalverbclassesaccordingo its numberof classaffiliations. (ii)
Thesyntacticpatternf classexamplesareonly assignedo theverbsensesctivatedby the specificclass.
The overlapof (a) the ‘'semantic’and(b) the ‘syntactic’ setsof verbsare (i) 6.3%accuray, becausehere
arefar more syntacticdescriptionghan semanticclassesys. (i) 97.9%accurag, becausdhe semantic
classesgreewith the disambiguatedyntacticdescriptions.The experimentsvalidatethe strongrelation
betweerthe syntacticandthe semantianformationin the verb classesandshaow thatthis relationcanbe
utilised for word sensalisambiguationbecausehe classificationcandisambiguatererb sensesccording
to syntacticdescriptions.

Machine Translation Dorr (1997)uses.evin’sverbclassapproacho constructalarge-scalalictionary
for machinetranslation. Dorr definesLexical ConceptualStructureqLCSs) (Jaclendof, 1983,1990)as
a meandfor the language-independetexicon representationf verb meaningcomponents Shepresents
possibilitiesof how to obtainthe LCS representationsangingfrom manualo fully-automaticapproaches.
Thefollowing automaticapproachs basedntheLevin classes.

Assumingasin (Dorr and Jones,1996) that basicverb meaningcomponentsan be systematicallyde-
rived from information aboutthe syntacticrealisation,Dorr utilises and extendsLevin’s classedor the
lexicon construction. The syntaxand semanticf the verb classesare capturedoy a matrix relatingthe
existenceof alternationswith the definition of the semanticclassesVerbsarethenassignedo a semantic
classaccordingo which alternationghey undegowithin alarge corpus.The classesredecomposeéhto
primitive units of meaningwhich are capturedin an LCS representation Even thoughneitherthe syn-
tactic constructionshor the classsystemis expectedto hold cross-linguisticallythe meaningcomponents
underlyingtwo translationallyrelatedverbsareexpectedto overlap. Thelanguage-independehCS lex-
icon entriesfor machinetranslationarethereforeconstructedvia the syntacticand semantiadefinitionsin
Levin's classification.

DocumentClassification KlavansandKan (1998)uselevin’s verbclassego discriminatearticle types
within the news domainof the Wall StreetJournal (WSJ)corpus.They considerthe nounsin a document
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asthe conceptuakntities,andthe verbsasthe conceptuakventsandactionswithin the documents.The
paperfocusesontherole of verbsin documenanalysis.

KlavansandKan placetheir investigationon the 100 mostfrequentand 50 additionalverbsin the WSJ,
covering a total of 56% of the verbtokensin the corpus. They select50 out of 1,236articles,with each
article containingthe highestpercentagef a particularverb class. The investigationrevealsthat each
verbclassdistinguishedetweerdifferentarticletypes,e.g. mannermf motionverbsaretypically foundin

postedearningsandannouncementgspommunicatiorverbsin issuesyeports,opinions,andeditorials. The
work shavsthattheverbclassesanbeusedastypelabelsin informationretrieval.

Word SenseDisambiguationin TargetWord Selection PrescherRiezler andRooth(2000)presentin

approachHor disambiguationn targetword selection.Givena translationproducesnultiple equivalences
of asourceword, adisambiguatiomodelselectghetargetword. Thecorepartof thedisambiguatiorsys-

temis representetly a probabilisticclass-basebkxicon, whichis inducedin anunsupervisednanner(via

the EM algorithm)from unannotatedenspapercorpusdata. Thelexicon providesestimatedrequencies
for Englishverb-nounpairswith respecto a grammaticatelationship.For example,Table2 presentghe

10 mostfrequentnounswhich arelearnedasdirectobjectsof theverbto cross Giventhatin atranslation
processa decisionhasto be madeconcerningwhich of a setof alternatve targetnounsis the mostappro-
priatetranslationof anambiguoussourcenoun,thetargetnounsarelookedup in the probabilisticlexicon

with respecto the grammaticakelationshipto the (alreadytranslated}arget verh. For example,in eine

GrenzelibersdhreitenpossibleEnglishtarget nounsfor the GermansourcenounGrenzeare border, fron-

tier, boundarylimit, periphery edge. But with respecto the directobjectrelationshipto the verbto cross
which is the translationof Ubersdreiten the lexicon determinesorder asthe mostprobabletranslation,
cf. Table2.

crossjsubjpbj¢, | Freq
mind 74.2
road 30.3
line 28.1
bridge 27.5
room 20.5
border 17.8
boundary 16.2
river 14.6
street 11.5
atlantic 9.9

Table2: Class-basedstimatedrequencie®f directobjectnouns

SubcategorisationAcquisition  Korhonen(2002b)useslevin’s verb classedor the hypothesidiltering
in anautomaticacquisitionof subcatgorisationframesfor Englishverbs.Herwork is basedn theframe-
work of (Briscoeand Carroll, 1997) who automaticallyinduce a subcatgorisationlexicon for English
verbs. Sinceautomaticsubcatgorisationlexica in generalkhav alackin accurag, thelexical acquisition
is typically followedby afiltering on theframedefinitions.

Korhonensuggests filter thatsmootheghe statisticalsubcatgorisationframeinformationwith back-of
estimateson the verbs’ semanticLevin classes:Provided with a probabilisticdistribution of the verbs
oversubcatgorisationframetypesasobtainedrom (BriscoeandCarroll, 1997),eachverbis assignedia
WordNetclassego the Levin classrepresentingts dominantsensgKorhonen2002a). From eachLevin
class,4-5 verbsare manuallychoserto representhe semanticclass. The verbs' distributionsare memged
to obtainback-of estimateswith respecto the class,andthe back-of estimatesarethenusedto smooth
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the subcatgorisationdistributionsof the verbswithin thatclass. Settingan empirically definedthreshold
onthesmoothedlistributionsfilters out the unreliablehypotheses.

6 Conclusionsand Outlook

This article haspresentedan automaticinduction of Germansemanticverb classes.A statisticalgram-
mar modelhasprovided verb descriptionsat threelevels at the syntax-semantimterface,with the most
elaboratediescriptiorbeingcloseto adefinitionof theverbalternatiorbehaiour. Basedonthesyntactico-
semanticdescriptionsthe standarcclusteringalgorithmk-Means(Forgy, 1965) was appliedto inducea
semantiaclassificatiorfor the verbs. | presenteatlusteringexampleswhich agreewith a manualclassifi-
cationin mary respectsWithout ary doubtthe clusteranalysisneedsnanualcorrectionandcompletion,
but representa plausiblebasisfor asemantidexiconresourcel closedthearticlewith examplesor using
thelearnedverbclassesn NLP applications.

Thestratayy of utilising subcatgorisationframes prepositionalnformationandselectionapreferenceto
definetheverbfeatureshasprovensuccessfulsincethe experimentsllustratedatight connectiorbetween
the inducedverb behaiour andthe constitutionof the semanticverb classes.In addition, eachlevel of
representatiomasgenerated positive effect on the clusteringand improved the lessinformative level.
The experimentspresentevidencefor alinguistically definedlimit on the usefulnes®f the verbfeatures,
whichis drivenby thedividing line betweerthecommonandidiosyncraticfeaturesof verbsin averbclass.
Thefeaturechoicethereforedepend®on the specificpropertiesof thedesiredverbclasses.

Therearevariousdirectionsfor future research.(i) The manualdefinition of the Germansemanticverb
classesnight be extendedn orderto includea largernumberanda largervariety of verbclassesAn ex-

tendedclassificatiorwould be usefulasgold standardor furtherclusteringexperimentsandmoregeneral
asmanualresourcen NLP applications(ii) Possibldeaturego describeGermanverbsmightincludeary

kind of informationwhich helpsclassifythe verbsin a semanticallyappropriatevay. Within this article,
| have concentratedn defining the verb featureswith respectto the alternationbehaiour. Otherfea-
tureswhich arerelevantto describethe behaiour of verbsaree.g. their auxiliary selectionandadwerbial
combinations.(iii) Variationsof the existing featuredescriptionare especiallyrelevantfor the choiceof

selectionapreferencesThe experimentresultsdemonstratethatthe 15 conceptualGermaNetop levels
arenot sufficient for all verbs.(iv) As anextensionof the existing clustering,] might apply a soft cluster

ing algorithmto the Germanverbs. The soft clusteringenableausto assignverbsto multiple clustersand
thereforeaddresshe phenomenoiwf verbambiguity
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A SubcategorisationFrame Types

The syntacticaspectof the Germanverb behaiour is capturedby 38 subcatgorisationframe typesin
the context-free Germangrammayaccordingto standardsermangrammardefinitionssuchasHelbig and
Buscha(1998). The subcatgorisationframe typescomprisemaximally threearguments.Possibleargu-
mentsin the framesarenominative (n), dative (d) andaccusatie (a) nounphrasesteflexive pronoungr),
prepositionaphrasegp), expletive es(x), subordinatedhon-finite clauseqi), subordinatedinite clauses
(s-2for verbsecondclausess-dassor dassclausess-obfor ob-clausess-w for indirectwh-questions),
andcopulaconstructiongk). Theresultingframetypesarelistedin Table 3, accompaniedy annotated
verbsecondexampleclauses.

Frame Type Example

n Natalie, schwimmt.

na Hans, siehtseineFreundin,.

nd Er,, glaubtdenLeutery nicht.

np Die Autofahter,, achtenbesondes aufKinder,.

nad Anng, verspricht ihremVatery eintolles Gesthenk,.

nap Die kleineVerkauferin, hindertdenDieb, am Stehlep.

ndp Der Moderator,, danktdemPublikuny fir seinVerstndnis,.

ni Mein Freund, versuttimmerwieder plinktlich zukommen.

nai Er,, hort seineMutter, ein Lied singen;.

ndi Heleng, versprichtihremGrof3vatey; ihn bald zubesuben.

nr Die kleinenKinder,, furchtensich,.

nar Der Unternehmeg erhoft sich, baldigen Aufwind, .

ndr Sie, sdlielRtsich, nach 10 Jahrenwiederder Kirche; an.

npr Der Pastor, hatsich, als der Kirchewtdirdig, erwiesen.

nir Die alte Frau, stelltsich, vor, denJackpotzugewinnen.

X Es, blitzt.

xa Es, gibtvieleBlicher,.

xd Es, grautmir,.

Xp Es, gehtumeintolles Angebotfir einensuperComputey.

Xr Es, rechnetsich,..

xs-dass Es, heif3t,dassThomassehrklugist;_g,5s-

ns-2 Der Abteilungsleitey, hat gesat, er haltebald einenVortrag, _».
nas-2 Der Chef, schnauztihn, an, er seieinldiot,_».

nds-2 Er,, sagt seinerFreundiry, sieseizukrankzumArbeiten _s.
nrs-2 Der traurige Vogel,, wiinsdt sich,., siebliebebeiihm;,_».
ns-dass Der Winter,, hat schonangekindigt,dasser baldkommt _ ,5s.
nas-dass Der Vater,, fordertseineTochter, auf, dasssieverreist,_ 4q4ss-
nds-dass Er,, sagt seinerGeliebtery, dasser verheiatetist; _g45s-
nrs-dass Der Junge, winsat sich,., dassseineMutter bleibt, 4,55-
ns-ob Der Chef, hatgefragt, ob die neueAngestelltedenVortrag halt, .
nas-ob Anton, fragt seineFrau,, ob sieihn liebt,_ .

nds-ob Der Nachbar, ruft der Frau, zu,ob sieverreist; _ .

nrs-ob Der Alte,, wird sich,. erinnern,ob dasMaddendort war,_ ;.
ns-w Der kleineJunge,, hat gefragt, wanndie Tanteendlich ankommg_,,,.
nas-w Der Mann, fragt seineFreundin,, warumsieihn liebt, .
nds-w Der Vater,, verrat seinerTochter; nicht, wer zuBesut kommt,_,,.
nrs-w DasMadden, erinnertsich,., wer zuBesutt kommg_,,.

k Der neueNadbar;, ist ein ziemlicher ldiot.

Table3: Subcatgorisationframetypes
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