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1 Moti vation

Theverbis anespeciallyrelevantpartof thesentence,sinceit is centralto thestructureandthemeaningof
thesentence:Theverbdeterminesthenumberandkind of theobligatoryandfacultativeparticipantswithin
the sentence,andthe propositionof the sentenceis definedby the structuralandconceptualinteraction
betweentheverbandthesentenceparticipants.For thatreason,lexical verbinformationrepresentsthecore
in supportingcomputationaltasksin NaturalLanguageProcessing(NLP) suchaslexicography, parsing,
machinetranslation,andinformationretrieval,whichdependonreliablelanguageresources.Butespecially
lexical semanticresourcesrepresentabottleneckin NLP, andmethodsfor theacquisitionof largeamounts
of semanticknowledgewith comparablylittle manualeffort have gainedimportance. In this context, I
am concernedwith the potentialandlimits of creatinga semanticknowledgebaseby automaticmeans,
semanticclassesfor Germanverbs.

Semanticverbclassesgeneraliseoververbsaccordingto their semanticproperties.They representa prac-
tical meansto capturelargeamountsof verbknowledgewithout definingtheidiosyncraticdetailsfor each
verb. The classlabelsrefer to the commonsemanticpropertiesof the verbsin a classat a generalcon-
ceptuallevel, andthe idiosyncraticlexical semanticpropertiesof the verbsareeitheraddedto the class
descriptionor left underspecified.Examplesfor conceptualstructuresarePositionverbssuchasliegen ‘to
lie’, sitzen‘to sit’, stehen‘to stand’,andMannerof Motion with a Vehicleverbssuchasfahren ‘to drive’,
fliegen ‘to fly’, rudern ‘to row’. A semanticclassificationdemandsa definitionof semanticproperties,but
it is difficult to automaticallyinducesemanticfeaturesfrom availableresources,bothwith respectto lex-
ical semanticsandconceptualstructure.Therefore,theconstructionof semanticclassestypically benefits
from a long-standinglinguistic hypothesiswhich assertsa tight connectionbetweenthe lexical meaning
of a verb andits behaviour: To a certainextent, the lexical meaningof a verb determinesits behaviour,
particularlywith respectto the choiceof its arguments(Pinker, 1989;Levin, 1993). We canutilise this
meaning-behaviour relationshipin thatwe inducea verbclassificationonbasisof verbfeaturesdescribing
verbbehaviour (which areeasierto obtainautomaticallythansemanticfeatures)andexpectthe resulting
behaviour-classificationto agreewith asemanticclassificationto a certainextent.

A commonapproachto defineverbbehaviour is capturedby thediathesisalternationof verbs.Alternations
arealternativeconstructionsatthesyntax-semanticinterfacewhichexpressthesameorasimilarconceptual
ideaof a verb. In Example(1), the mostcommonalternationsfor the Mannerof Motion with a Vehicle
�
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verb fahren ‘to drive’ areillustrated.Theparticipantsin theconceptualstructurearea vehicle,a driver, a
drivenperson,anda direction. In (a), thevehicleis expressedassubjectin a transitive verbconstruction,
with a prepositionalphraseindicatingthedirection.In (b), thedriver is expressedassubjectin a transitive
verb construction,with a prepositionalphraseindicatingthe direction. In (c), the driver is expressedas
subjectin a transitive verbconstruction,with anaccusative nounphraseindicatingthevehicle. In (d), the
driver is expressedassubjectin a ditransitiveverbconstruction,with anaccusativenounphraseindicating
a driven person,anda prepositionalphraseindicating the direction. Even if a certainparticipantis not
realisedwithin analternation,its contributionmight beimplicitly definedby theverb. For example,in (a)
thedriver is not expressedovertly, but we know that thereis a driver, andin (b) and(d) thevehicleis not
expressedovertly, but weknow thatthereis avehicle.

(1) (a) Der Wagenfährt in die Innenstadt.
‘The cardrivesto thecity centre.’

(b) Die Frau fährt nach Hause.
‘The womandriveshome.’

(c) Der Filius fährt einenblauenFerrari.
‘The sondrivesa blueFerrari.’

(d) Der Jungefährt seinenVaterzumZug.
‘The boy driveshis fatherto thetrain.’

For modellingverb alternationbehaviour by automaticmeans,a statisticalgrammarmodel for German
providesempiricallexical information,specialisingonbut not restrictedto thesubcategorisationbehaviour
of verbs(Schulteim Walde,2002,2003a). The grammarmodel is utilised for verbdescriptionsat three
levelsat thesyntax-semanticinterface,apurelysyntacticdefinitionof verbsubcategorisation,asyntactico-
semanticdefinitionof subcategorisationwith prepositionalpreferences,anda syntactico-semanticdefini-
tion of subcategorisationwith prepositionalandselectionalpreferences.Themostelaborateddescription
comescloseto adefinitionof theverbalternationbehaviour. Basedonthesyntactico-semanticdescriptions
of theGermanverbsasempiricalverbproperties,thestandardclusteringalgorithmk-Means(Forgy,1965)
is appliedto induceasemanticclassificationfor theverbs.

Whatis theusageof semanticverbclassesin NaturalLanguageProcessingapplications?Ontheonehand,
verbclassesreduceredundancy in verbdescriptions,sincethey encodethecommonpropertiesof verbs.On
theotherhand,verbclassescanpredictandrefinepropertiesof a verbthatreceivedinsufficient empirical
evidence,with referenceto verbsin the sameclass:underthis aspect,a verb classificationis especially
useful for the pervasive problemof datasparsenessin NLP, where little or no knowledgeis provided
for rareevents. Previouswork on verbclasseshasproventheir usefulness:particularlythe Englishverb
classificationby Levin (1993)hasbeenusedfor NLP applicationssuchaswordsensedisambiguation(Dorr
andJones,1996),machinetranslation(Dorr, 1997),anddocumentclassification(KlavansandKan,1998).

The planof the article is asfollows. Section2 introducesthe ideaof semanticverbclassesandpresents
a manuallydefinedclassificationof Germanverbs.Section3 describestheempiricalverbbehaviour and
the definition of the clusteringmethodology. In Section4, I presentandinterpretclusteringresults,and
Section5 closeswith examplesfor usingthelearnedverbclassesin NLP applications.

2 German SemanticVerb Classes

Semanticverbclassesgeneraliseoververbsaccordingto their semanticproperties.They representa prac-
tical meansto capturelargeamountsof verbknowledgewithout definingtheidiosyncraticdetailsfor each
verb. The classlabelsrefer to the commonsemanticpropertiesof the verbsin a classat a generalcon-
ceptuallevel, andthe idiosyncraticlexical semanticpropertiesof the verbsareeitheraddedto the class
descriptionor left underspecified.Semanticverbclasseshave beendefinedfor several languages:frame-
semanticdescriptionsfor thecomputationallexicographicdatabaseresourceFrameNetfor English(Baker
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etal., 1998;Johnsonetal., 2002)andin earlystagesalsofor German(Erk etal., 2003);thelexical seman-
tic ontologyWordNetfor English(Miller et al., 1990;Fellbaum,1998)andEuroWordNet(Vossen,1999)
for Dutch,Italian,Spanish,French,German,CzechandEstonian;andmulti-lingual verbclassesasbased
on thesyntax-semanticrelationshipfor English(Levin, 1993),Spanish(Vázquezet al., 2000)andFrench
(Saint-Dizier,1998). To my knowledge,no Germanverbclassificationis availablefor NLP applications.
A large-scaleGermanclassificationwould thereforeprovideaprincipledbasisfor filling agapin available
lexical knowledge.

I manuallydefined43 Germansemanticverb classescontaining168 partly ambiguousGermanverbs.
The small-scalemanualclassificationrepresentsa gold standardin order to evaluatethe reliability and
performanceof the clusteringexperiments. The manualconstructionof the Germanverb classeswas
primarily basedon semanticintuition: Verbsareassignedto classesaccordingto similarity of lexical and
conceptualmeaning,andeachverbclassis assigneda conceptualclasslabel. The classlabelsaregiven
on two conceptuallevels;coarselabelssuchasMannerof Motionaresub-dividedinto finer labels,suchas
Locomotion,Rotation,Rush,Vehicle, Flotation. Ttheclassificationisprimarilybasedonsemanticintuition,
notonfactsaboutthesyntacticbehaviour. As anextremeexample,theSupportclass(23)containstheverb
unterstützen, which syntacticallyrequiresa direct object, togetherwith the threeverbsdienen,folgen,
helfenwhich dominantlysubcategoriseanindirectobject.Becauseof themeaning-behaviour relationship
atthesyntax-semanticinterface,theverbsgroupedin oneclassshow acertainagreementin theirbehaviour.
Theclasssizeis between2 and7, with anaverageof 3.9verbsperclass.Eight verbsareambiguouswith
respecttoclassmembership.Theclassesincludebothhighandlow frequency verbs:thecorpusfrequencies
of the verbsrangefrom 8 to 71,604. I tried to balancethe classificationnot to includeany kind of bias,
i.e. in theclassificationareno majoritiesof high frequentverbs,low frequentverbs,stronglyambiguous
verbs,verbsfrom specificsemanticareas,etc.Any biasin theclassificationcouldinfluencetheevaluation
of clusteringmethods.

1. Aspect: anfangen,aufhören,beenden,beginnen,enden

2. PropositionalAttitude: ahnen,denken,glauben,vermuten,wissen

3. Desire

(a) Wish: erhoffen,wollen,wünschen
(b) Need: bed̈urfen,ben̈otigen,brauchen

4. Transferof Possession(Obtaining): bekommen,erhalten,erlangen,kriegen

5. Transferof Possession(Giving)

(a) Gift: geben,leihen,schenken,spenden,stiften,vermachen,̈uberschreiben
(b) Supply: bringen,liefern,schicken,vermitteln� , zustellen

6. Mannerof Motion

(a) Locomotion: gehen,klettern,kriechen,laufen,rennen,schleichen,wandern
(b) Rotation: drehen,rotieren
(c) Rush: eilen,hasten
(d) Vehicle: fahren,fliegen,rudern,segeln
(e) Flotation: fließen,gleiten,treiben

7. Emotion

(a) Origin: ärgern,freuen
(b) Expression: heulen� , lachen� , weinen
(c) Objection: ängstigen,ekeln, fürchten,scheuen

8. Facial Expression: gähnen,grinsen,lachen� , lächeln,starren

9. Perception: empfinden,erfahren� , fühlen,hören,riechen,sehen,wahrnehmen

10. Mannerof Articulation: flüstern,rufen,schreien

11. Moaning: heulen� , jammern,klagen,lamentieren

12. Communication: kommunizieren,korrespondieren,reden,sprechen,verhandeln
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13. Statement

(a) Announcement: ankündigen,bekanntgeben,eröffnen,verkünden
(b) Constitution: anordnen,bestimmen,festlegen
(c) Promise: versichern,versprechen,zusagen

14. Observation: bemerken,erkennen,erfahren� , feststellen,realisieren,registrieren

15. Description: beschreiben,charakterisieren,darstellen� , interpretieren

16. Presentation: darstellen� , demonstrieren,präsentieren,veranschaulichen,vorführen

17. Speculation: grübeln,nachdenken,phantasieren,spekulieren

18. Insistence: beharren,bestehen� , insistieren,pochen

19. Teaching: beibringen,lehren,unterrichten,vermitteln�
20. Position

(a) Bring into Position: legen,setzen,stellen
(b) Bein Position: liegen,sitzen,stehen

21. Production: bilden,erzeugen,herstellen,hervorbringen,produzieren

22. Renovation: dekorieren,erneuern,renovieren,reparieren

23. Support: dienen,folgen� , helfen,untersẗutzen

24. QuantumChange: erhöhen,erniedrigen,senken,steigern,vergrößern,verkleinern

25. Opening: öffnen,schließen�
26. Existence: bestehen� , existieren,leben

27. Consumption: essen,konsumieren,lesen,saufen,trinken

28. Elimination: eliminieren,entfernen,exekutieren,töten,vernichten

29. Basis: basieren,beruhen,gründen,stützen

30. Inference: folgern,schließen�
31. Result: ergeben,erwachsen,folgen� , resultieren

32. Weather: blitzen,donnern,dämmern,nieseln,regnen,schneien

Theclassificationis completedby adetailedclassdescriptionwhichis closelyrelatedto Fillmore’sscenes-
and-framessemantics(Fillmore,1977,1982),ascomputationallyutilisedin FrameNet(Bakeretal., 1998;
Johnsonetal., 2002).Theframe-semanticclassdefinitioncontainsaprosescenedescription,predominant
frameparticipantandmodificationroles,andframevariantsdescribingthe scene.The frameroleshave
beendevelopedon basisof a large Germannewspapercorpusfrom the 1990s. They capturethe scene
descriptionby idiosyncraticparticipantnamesanddemarcatemajorandminor roles.Sincea scenemight
beactivatedby variousframeembeddings,I havelistedthepredominantframevariantsasfoundin thecor-
pus,markedwith participatingroles,andat leastoneexamplesentenceof eachverbutilising therespective
frame. The corpusexamplesareannotatedand illustrate the idiosyncraticcombinationsof lexical verb
meaningandconceptualconstructions,to capturethevariantsof verbsenses.Following, I presenta verb
classdescriptionfor the classof Aspectverbs.1 Verbsallowing a framevariantaremarkedby ‘+’, verbs
allowing theframevariantonly in company of anadditionaladverbialmodifieraremarkedby ‘+ ����� ’, and
verbsnot allowing a framevariantaremarkedby ‘ 	 ’. In thecaseof ambiguities,framevariantsareonly
givenfor thesensesof theverbswith respectto theclasslabel.Theframevariantswith their rolesmarked
representthealternationpotentialof theverbs,by relatingthedifferentsyntacticembeddingsto identical
roledefinitions.For example,thecausative-inchoativealternationassumesthesyntacticembeddingsn 
 a�
andn � , indicatingthat thealternatingverbsarerealisedby a transitive frametype(containinga nomina-
tiveNP‘n’ with roleX andanaccusativeNP‘a’ with roleY) andthecorrespondingintransitiveframetype
(with a nominative NP ‘n’ only, indicatingthe samerole Y asfor the transitive accusative). AppendixA
lists all possibleframevariantsand illustrative examples. Passivisationof a verb-framecombinationis
indicatedby [P].

1For furtherclassdescriptions,thereaderis referredto Schulteim Walde(2003b,pages27-103).
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AspectVerbs: anfangen,aufhören,beenden,beginnen,enden

Scene: [ � An event]beginsor ends,eitherinternallycausedor externallycausedby
[ 
 aninitiator]. Theeventmaybespecifiedwith respectto [ � tense],[ � location],
[ 
 anexperiencer],or [ � a result].

FrameRoles: I(nitiator), E(vent)

ModificationRoles: T(emporal),L(ocal), (e)X(periencer),R(esult)

Frame ParticipatingVerbs& CorpusExamples
n � + anfangen,aufḧoren,beginnen/ + ����� enden/ � beenden

Nunabermuß[ � derDialog] anfangen.
... bevor [ � derGolfkrieg] angefangenhatte...
... damit[ � die Kämpfe]aufhören.
Erstmuß[ � dasMorden]aufhören.
[ � DerGottesdienst]beginnt.
[ � DasSchuljahr]beginnt [ � im Februar].
[ � Für die Flüchtlinge]beginnt nun[ � einWettlaufgegendie Zeit].
[ � SeinZwischenspiel]bei derWehrmachtendete... [ � glimpflich].
[ � Die Ferien]enden[ � mit einemgroßenFest].
[ � Druckkunst]... endet [ � beimgutenBuch].
[ � Die Partie]endete[ � 0:1].
[ � An einemBaum]endetein Höchst[ � die Flucht] ...
[ � Der Informationstag]... endet[ � um14Uhr].

n � + anfangen,aufḧoren/ � beenden,beginnen,enden
[ � Die Hauptstadt]mußanfangen.
... daß[ � er] [ � pünktlich] anfing.
Jetztkönnen[ � wir] nichteinfachaufhören.
Vielleichtsollte[ � ich] aufhörenundnochstudieren.

n � + anfangen,beenden,beginnen/ � aufḧoren,enden
a� Nachdem[ � wir] [ � dieSache]angefangenhaben,

... [ � er] versucht,[ � ein neuesLeben]anzufangen.
[ � Die Polizei] beendete[ � die Gewalttätigkeiten].
[ � NachdemAbi] beginnt [ � Jens][ � in Frankfurt][ � seineLehre]...

n � + anfangen,beenden,beginnen/ � aufḧoren,enden
a� Wenn[ � die Arbeiten][ � vor demBescheid]angefangenwerden...� ���

Während[ � für Senna][ � dasRennen]beendetwar ...
... ehe[ � einemilit ärischeAktion] begonnenwird ...

n � + anfangen,aufḧoren,beginnen/ � beenden,enden
i � [ � Ich] habenämlich[ � zu malen]angefangen.

[ � Ich] habeangefangen, [ � Hemdenzu schneidern].
[ � Die Bahn]will [ � 1994]anfangen[ � zubauen].
... daß[ � derAlkoholiker] aufhört [ � zu trinken].
... daß[ � dieSäuglinge]einfachaufhören [ � zu atmen].
In dieserStimmungbegannen[ � Männer][ � Tangozu tanzen]...
[ � TausendevonPinguinen]beginnen[ � dort zubrüten].

n � + anfangen,aufḧoren,beginnen/ � beenden,enden
p �! �"$#&% Erstals[ � derversammelteHofstaat][ � mit Klatschen]anfing,

Aber [ � wir] müssenendlich[ � damit]anfangen.
[ � DerAthlet] ... kann... [ � mit seinemSport]aufhören.
... müßtennoch[ � viel mehrFrauen][ � mit ihrerArbeit] aufhören ...
Schließlichzog[ � er] einenTrennstrich,begann[ � mit demEntzug]...
[ � Man] beginne[ � mit eherkatharsischenWerken].

n � +anfangen,aufḧoren,beginnen/ � beenden,enden
p �! �"$#&% Und [ � mit denUmbauarbeiten]könnteangefangenwerden.� ���

[ � Mit diesemungerechtenKrieg] mußsofortaufgeḧort werden.
[ � Vorher]dürfe [ � mit derAuflösung]nichtbegonnenwerden.
... daß[ � mit demUmbau]... begonnenwerdenkann.
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3 Clustering Methodology

I developed,implementedandtraineda statisticalgrammarmodelfor Germanwhich providesempirical
lexical information,specialisingon but not restrictedto thesubcategorisationbehaviour of verbs(Schulte
im Walde,2002,2003a). The grammarmodel servesassourcefor the Germanverb descriptionat the
syntax-semanticinterface. For the purely syntacticdefinition of subcategorisationframes( ')( ), it pro-
videsfrequency distributionsof Germanverbsover 38 purelysyntacticsubcategorisationframes,cf. Ap-
pendixA. In additionto ')( , thegrammarprovidesdetailedinformationfor thesyntactico-semanticdefini-
tion of subcategorisationwith prepositionalpreferences( '+* ) aboutthetypesof PPswithin theframes.For
eachof theprepositionalphraseframetypesin thegrammar, thejoint frequency of averbandthePPframe
is distributedover the prepositionalphrases,accordingto their frequenciesin the corpus. Prepositional
phrasesaredefinedby caseandpreposition,suchas‘mit , ��- ’ and‘f ür.0/�/ ’.

For thesyntactico-semanticdefinitionof subcategorisationwith prepositionalandselectionalpreferences
( '21 ), theverb-framecombinationsarerefinedby selectionalpreferences,i.e. theargumentslotswithin a
subcategorisationframetypearespecifiedaccordingto which ‘kind’ of argumentthey require.Thegram-
marprovidesselectionalpreferenceinformationon a fine-grainedlevel: it specifiesthepossibleargument
realisationsin form of lexical heads,with referenceto a specificverb-frame-slotcombination. I.e. the
grammarprovidesfrequenciesfor headsfor eachverbandeachframetypeandeachargumentslot of the
frametype. For example,the most frequentnominalargumentheadsfor the verb verfolgen ‘to follow’
andthe accusative NP of the transitive frametype ‘na’ areZiel ‘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
selectionalpreferencesinto theverbdescriptionson suchaspecificlevel. We areprovidedwith rich infor-
mationonthenominallevel, but weneedageneralisationof theselectionalpreferencedefinition.WordNet
(Miller etal., 1990;Fellbaum,1998)andits GermanversionGermaNet(HampandFeldweg,1997;Kunze,
2000)have widely beenusedassourcefor fine-grainedselectionalpreferenceinformation(Resnik,1997;
Ribas,1995;Li andAbe,1998;Abney andLight, 1999;Wagner, 2000;McCarthy, 2001;Clark andWeir,
2002). I utilise the Germannounhierarchyin GermaNetfor a generalisationof selectionalpreferences.
Thehierarchyis realisedby meansof synsets,setsof synonymousnouns,which areorganisedby multi-
ple inheritancehyponym/hypernym relationships.A nouncanappearin several synsets,accordingto its
numberof senses.My approachis asfollows. For eachnounin a verb-frame-slotcombination,the joint
frequency is split over thedifferentsensesof thenounandpropagatedupwardsthehierarchy. In caseof
multiplehypernym synsets,thefrequency is split again.Thesumof frequenciesoverall topsynsetsequals
thetotal joint frequency. Repeatingthefrequency assignmentandpropagationfor all nounsappearingin a
verb-frame-slotcombination,theresultdefinesafrequency distributionof theverb-frame-slotcombination
over all GermaNetsynsets.To restrictthevarietyof nounconceptsto a generallevel, I consideronly the
frequency distributionsover thetop GermaNetnodes:2 Lebewesen‘creature’,Sache ‘thing’, Besitz‘prop-
erty’, Substanz‘substance’,Nahrung‘food’, Mittel ‘means’,Situation‘situation’, Zustand‘state’,Struktur
‘structure’, Physis‘body’, Zeit ‘time’, Ort ‘space’,Attribut ‘attribute’, KognitivesObjekt ‘cognitive ob-
ject’, Kognitiver Prozess‘cognitive process’.Sincethe 15 nodesexcludeeachotherandthe frequencies
sumto thetotal joint verb-framefrequency, we canusethefrequenciesto defineprobabilitydistributions.
Therefore,the15nodesprovideacoarsedefinitionof selectionalpreferencesfor averb-frame-slotcombi-
nation.

Table1 summarisesthe verb distributionsandpresentsthreeverbsfrom differentverb classesandtheir
ten most frequentframe typeswith respectto the three levels of verb definition, accompaniedby the
probabilityvalues.On '3* frametypesincludingPPsarespecifiedfor thePPtype,andon '21 the frame
slot for selectionalpreferencerefinementis underlined,andthe top-level synsetis given in brackets. '4(
for beginnen‘to begin’ defines‘np’ and‘n’ asthemostprobableframetypes. Evenby splitting the ‘np’
probability over the differentPP typesin '3* , a numberof prominentPPsare left, the time indicating

2SinceGermaNethadnot beencompletedat the point of time I have usedthehierarchy, I have manuallyaddedfew hypernym
definitions.
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Distribution
Verb ')( '3* '21

beginnen np 0.43 n 0.28 n(Situation) 0.12
‘to begin’ n 0.28 np:um.0/�/ 0.16 np:um.0/�/ (Situation) 0.09

ni 0.09 ni 0.09 np:mit, ��- (Situation) 0.04
na 0.07 np:mit, ��- 0.08 ni(Lebewesen) 0.03
nd 0.04 na 0.07 n(Zustand) 0.03
nap 0.03 np:an, ��- 0.06 np:an, �5- (Situation) 0.03
nad 0.03 np:in, ��- 0.06 np:in, ��- (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:nach, �5- 0.01 na(Situation) 0.02

essen na 0.42 na 0.42 na(Lebewesen) 0.33
‘to eat’ n 0.26 n 0.26 na(Nahrung) 0.17

nad 0.10 nad 0.10 na(Sache) 0.09
np 0.06 nd 0.05 n(Lebewesen) 0.08
nd 0.05 ns-2 0.02 na(Lebewesen) 0.07
nap 0.04 np:auf, ��- 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(Lebewesen) 0.04
ni 0.01 np:mit, ��- 0.01 nd(Nahrung) 0.02
nas-2 0.01 np:in, ��- 0.01 na(Attribut) 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:in.0/�/ 0.05 na(Lebewesen) 0.08
nap 0.06 nad 0.04 na(Sache) 0.06
nad 0.04 np:zu, ��- 0.04 n(Ort) 0.06
nd 0.04 nd 0.04 na(Sache) 0.05
ni 0.01 np:nach, �5- 0.04 np:in.0/6/ (Sache) 0.02
ns-2 0.01 np:mit, ��- 0.03 np:zu, �5- (Sache) 0.02
ndp 0.01 np:in, ��- 0.03 np:in.0/6/ (Lebewesen) 0.02
ns-w 0.01 np:auf, ��- 0.02 np:nach, ��- (Sache) 0.02

Table1: Examplesof mostprobableframetypes

um.0/6/ andnach, �5- , mit, ��- referringto thebegunevent,an, ��- asdateandin , ��- asplaceindicator. It is
obvious that adjunctPPsaswell asargumentPPsrepresenta distinctive part of the verb behaviour. '31
illustratesthat typical selectionalpreferencesfor beginnerrolesareSituation,Zustand,Zeit, Sache. '31
hasthepotentialto indicateverbalternationbehaviour, e.g. ‘na(Situation)’ refersto thesamerole for the
direct object in a transitive frame as ‘n(Situation)’ in an intransitive frame. essen‘to eat’ as an object
drop verb shows strongpreferencesfor both intransitive andtransitive usage.As desired,the argument
rolesarestronglydeterminedby Lebewesenfor both ‘n’ and‘na’ andNahrungfor ‘na’. fahren ‘to drive’
choosestypical mannerof motion frames(‘n’, ‘np’, ‘na’) with the refiningPPsbeingdirectional(in .0/�/ ,
zu, ��- , nach, �5- ) or referringto a meansof motion (mit, ��- , in , ��- , auf, ��- ). The selectionalpreferences
representa correctalternationbehaviour: Lebewesenin theobjectdropcasefor ‘n’ and‘na’, Sache in the
inchoative/causativecasefor ‘n’ and‘na’.

Basedon thesyntactico-semanticdescriptionsof theGermanverbsasempiricalverbproperties,theclus-
tering of the Germanverbsis performedby the k-Meansalgorithm,a standardunsupervisedclustering
techniqueasproposedby Forgy (1965).k-Meansiteratively re-organisesinitial verbclustersby assigning
eachverbto its closestclusterandre-calculatingclustercentroidsuntil no furtherchangestake place.For
detailson theclusteringsetupandexperiments,thereaderis referredto Schulteim Walde(2003b).
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4 Clustering Examples

This sectionpresentsrepresentative partsof a clusteranalysisbasedon the verb descriptionon '21 . I
comparethe respective clusterswith their pendantsunder ')( and '3* . For eachcluster, the verbswhich
belongto thesamegoldstandardclassarepresentedin oneline, accompaniedby theclasslabel.

(a) nieselnregnenschneien– Weather

(b) dämmern– Weather

(c) beginnenenden– Aspect
bestehen� 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
fließen– Mannerof Motion: Flotation

(f) festlegen– Constitution
bilden– Production
erhöhensenkensteigernvergrößernverkleinern– QuantumChange

(g) töten– Elimination
unterrichten– Teaching

(h) geben– Transferof Possession(Giving): Gift

The weatherverbsin cluster(a) stronglyagreein their syntacticexpressionon ')( anddo not need '+*
or '21 refinementsfor a successfulclassconstitution. dämmernin cluster(b) is ambiguousbetweena
weatherverbandexpressinga senseof understanding;this ambiguityis idiosyncraticallyexpressedin '4(
framesalready, sodämmernis never clusteredtogetherwith theotherweatherverbson ')( - '21 . Manner
of Motion, Existence, Position andAspectverbsaresimilar in their syntacticframeusageandtherefore
mergedtogetheron ')( , but addingPPinformationdistinguishesthe respective verbclasses:Mannerof
Motionverbsprimarily demanddirectionalPPs,Aspectverbsaredistinguishedby patientmit, ��- andtime
andlocationprepositions,andExistenceandPositionverbsaredistinguishedby locativeprepositions,with
Positionverbsshowing morePPvariation.ThePPinformationis essentialfor successfullydistinguishing
theseverbclasses,andthecoherenceis partly destroyedby '21 : Mannerof Motion verbs(from thesub-
classesLocomotion,Rotation,Rush,Vehicle, Flotation) arecapturedwell by clusters(d) and(e), since
they inhibit strongcommonalternations,but cluster(c) mergesthe Existence, PositionandAspectverbs,
sinceverb-idiosyncraticdemandson selectionalrolesdestroy the '+* classdemarcation.Admittedly, the
verbsin cluster(c) are closein their semantics,with a commonsenseof (bringing into vs. being in)
existence. laufenfits into the clusterwith its senseof ‘to function’. Cluster(f) containsmostverbsof
QuantumChange, togetherwith one verb of Productionand Constitutioneach. The semanticsof the
clusteris thereforeratherpure.Theverbsin theclustertypically subcategorisea directobject,alternating
with a reflexive usage,‘nr’ and‘npr’ with mostlyauf.0/�/ andum.0/�/ . Theselectionalpreferenceshelpto
distinguishthis cluster: the verbsagreein demandinga thing or situationassubject,andvariousobjects
suchasattribute,cognitive object,state,structureor thing asobject. Without selectionalpreferences(on
')( and '3* ), thechangeof quantumverbsarenot foundtogetherwith thesamedegreeof purity. Thereare
verbsasin cluster(g), whosepropertiesarecorrectlystatedassimilar on ')( - '31 , soa commonclusteris
justified;but theverbsonly havecoarsecommonmeaningcomponents,in this casetötenandunterrichten
agreein an actionof onepersonor institution towardsanother. gebenin cluster(h) representsan own
cluster. Syntactically, this is causedby being the only verb with a strongpreferencefor xa . From the
meaningpoint of view, this specificframerepresentsan idiomatic expression,only possiblewith geben.
Therespective frameusageoverlapstheGivingsenseof theverb.
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Thefactthatthereareverbswhichareclusteredsemanticallyonbasisof theircorpus-basedandknowledge-
basedempiricalproperties,indicates(i) a relationshipbetweenthemeaningcomponentsof theverbsand
their behaviour, and(ii) thattheclusteringalgorithmis ableto benefitfrom thelinguistic descriptionsand
to abstractfrom thenoisein thedistributions.Low frequentverbshavebeendeterminedasproblemin the
clusteringexperiments.Theirdistributionsarenoisierthanthosefor morefrequentverbs,sothey typically
constitutenoisyclusters.Theambiguityof verbscannotbemodelledby thehardclusteringalgorithmk-
Means.Ambiguousverbsweretypically assignedeither(i) to oneof thecorrectclusters,or (ii) to acluster
whoseverbshavedistributionswhich aresimilar to theambiguousdistribution,or (iii) to a singletonclus-
ter. Theinterpretationof theclusteringsunexpectedlypointsto meaningcomponentsof verbswhich have
not beendiscoveredby themanualclassificationbefore.An exampleverbis laufenexpressingnot only a
Mannerof Motionbut alsoakind of existencewhenusedin thesenseof operation.Thediscoveringeffect
shouldbe larger with an increasingnumberof verbs,sincethe manualjudgementis moredifficult, and
alsowith a soft clusteringtechnique,wheremultiple clusterassignmentis enabled.In a similar way, the
clusteringinterpretationexhibits semanticallyrelatedverbclasses:verbclasseswhich areseparatedin the
manualclassification,but semanticallymergedin a commoncluster. For example,PerceptionandObser-
vationverbsarerelatedin thatall theverbsexpressanobservation,with thePerceptionverbsadditionally
referringto a physicalability, suchashearing.Relatedto theprecedingissue,themanualverbclassesas
definedaredemonstratedasdetailedandsubtle.Comparedto a moregeneralclassificationwhich would
appropriatelymergeseveralclasses,theclusteringconfirmsthat I have defineda difficult taskwith subtle
classes.I wasawareof this fact but preferreda fine classification,sinceit allows insight into moreverb
andclassproperties.But in this way, verbswhich aresimilar in meaningareoftenclusteredwrongly with
respectto thegold standard.

What exactly is the natureof the meaning-behaviour relationship? (a) Already a purely syntacticverb
descriptionallows a verbclusteringclearlyabove thebaseline.Theresultis a successful(semantic)clas-
sificationof verbswhich agreein their syntacticframedefinitions,e.g. mostof the Supportverbs. The
clusteringfails for semanticallysimilar verbswhich differ in their syntacticbehaviour, e.g. unterstützen
which doesbelongto the Supportverbsbut demandsan accusative insteadof a dative object. In addi-
tion, it fails for syntacticallysimilar verbswhich areclusteredtogethereven thoughthey do not exhibit
semanticsimilarity, e.g. many verbsfrom differentsemanticclassessubcategorisean accusative object,
sothey arefalselyclusteredtogether. (b) Refiningthesyntacticverbinformationby prepositionalphrases
is helpful for the semanticclustering,not only in the clusteringof verbswherethe PPsare obligatory,
but alsoin theclusteringof verbswith optionalPParguments.Theimprovementunderlinesthelinguistic
factthatverbswhicharesimilar in theirmeaningagreeeitherona specificprepositionalcomplement(e.g.
glauben/denkenan.0/�/ ) or on a moregeneralkind of modification,e.g.directionalPPsfor mannerof mo-
tion verbs. (c) Definingselectionalpreferencesfor argumentsoncemoreimprovestheclusteringresults,
but theimprovementis not aspersuasiveaswhenrefiningthepurelysyntacticverbdescriptionsby prepo-
sitional information.For example,theselectionalpreferenceshelpdemarcatetheQuantumChange class,
becausetherespectiveverbsagreein theirstructuralaswell asselectionalproperties.But in theConsump-
tion class,essenandtrinkenhavestrongpreferencesfor afoodobject,whereaskonsumierenallowsawider
rangeof objecttypes.On thecontrary, thereareverbswhichareverysimilar in their behaviour, especially
with respectto a coarsedefinition of selectionalroles,but they do not belongto the samefine-grained
semanticclass,e.g. tötenandunterrichten. Why do we encounteranunpredictabilityconcerningtheen-
codingandeffect of verb features,especiallywith respectto selectionalpreferences?The experiments
presentedevidencefor a linguistically definedlimit on theusefulnessof theverbfeatures,which is driven
by thedividing line betweenthecommonandidiosyncraticfeaturesof theverbsin averbclass.Recallthe
underlyingideaof verbclasses,that themeaningcomponentsof verbsto a certainextentdeterminetheir
behaviour. This doesnot meanthatall propertiesof all verbsin a commonclassaresimilar andwe could
extendandrefinethe featuredescriptionendlessly. The meaningof verbscomprisesboth (a) properties
which aregeneralfor the respective verb classes,and(b) idiosyncraticpropertieswhich distinguishthe
verbsfrom eachother. As long aswe definethe verbsby thosepropertieswhich representthe common
partsof theverbclasses,a clusteringcansucceed.But by step-wiserefiningtheverbdescriptionandin-
cludinglexical idiosyncrasy, theemphasisof thecommonpropertiesvanishes.Fromthetheoreticalpoint
of view, thedistinctionbetweencommonandidiosyncraticfeaturesis obvious,but from thepracticalpoint
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of view thereis nouniqueperfectchoiceandencodingof theverbfeatures.Thefeaturechoicedependson
thespecificpropertiesof thedesiredverbclasses,andeven if classesareperfectlydefinedon a common
conceptuallevel, therelevantlevel of behaviouralpropertiesof theverbclassesmight differ.

Thegoalof my work is to developa clusteringmethodologywith respectto anautomaticacquisitionof a
high-qualityandlarge-scaleGermanverbclassification.I thereforeappliedthe insightson theclustering
methodologyto aconsiderablylargeramountof verbdata.I extractedall Germanverbsfrom thestatistical
grammarmodelwith anempiricalfrequency between500and10,000in anewspapercorpusof 35 million
words. This selectionresultsin a total of 809 verbs,including 94 verbsfrom the preliminarysetof 168
verbs.I addedtheremainingverbsof thepreliminaryset,resultingin atotalselectionof 883Germanverbs.
Thefeaturedescriptionof theGermanverbsrefersto '21 , andthenumberof clusterswassetto 100,which
correspondsto an averageof 8.83verbspercluster. As a generalcharacterisationof the clusteranalysis,
someclustersareextremelygoodwith respectto thesemanticoverlapof theverbs,someclusterscontain
a numberof similar verbsmixedwith semanticallydifferentverbs,andfor someclustersit is difficult to
recognisea commonsemanticaspectof the verbs. For eachkind of result I will presentexamples.The
verbswhich I think semanticallysimilar aremarkedin bold font.

(1) abschneiden‘to cut off ’, anziehen‘to dress’,binden‘to bind’, entfernen‘to remove’, tunen‘to tune’,
wiegen ‘to weigh’

(2) aufhalten‘to detain’, aussprechen ‘to pronounce’,auszahlen‘to pay off ’, durchsetzen‘to achieve’,
entwickeln ‘to develop’, verantworten‘to be responsible’,verdoppeln‘to double’, zurückhalten ‘to
keepaway’, zurückziehen‘to draw back’, ändern‘to change’

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

(4) abholen‘to pick up’, ansehen‘to watch’,bestellen‘to order’,erwerben‘to purchase’,holen ‘to fetch’,
kaufen ‘to buy’, konsumieren‘to consume’,verbrennen‘to burn’, verkaufen ‘to sell’

(5) anschauen‘to watch’, erhoffen ‘to wish’, vorstellen‘to imagine’,wünschen ‘to wish’, überlegen ‘to
think about’

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

(7) beschleunigen‘to speedup’, bilden ‘to constitute’,darstellen‘to illustrate’,decken‘to cover’, erfüllen
‘to fulfil’, erhöhen ‘to raise’, erledigen ‘to fulfil’, finanzieren ‘to finance’, füllen ‘to fill’, lösen‘to
solve’, rechtfertigen ‘to justify’, reduzieren‘to reduce’,senken ‘to lower’, steigern ‘to increase’,
verbessern‘to improve’, vergrößern ‘to enlarge’, verkleinern ‘to make smaller’, verringern ‘to de-
crease’,verschieben ‘to shift’, verschärfen ‘to intensify’, versẗarken ‘to intensify’, verändern ‘to
change’

(8) ahnen‘to guess’,bedauern‘to regret’,befürchten ‘to fear’,bezweifeln ‘to doubt’,merken ‘to notice’,
vermuten‘to assume’,weißen‘to whiten’, wissen‘to know’

(9) anbieten‘to offer’, angebietenis not an infinitive, but a morphologicallymistaken perfectparticiple
of ‘to offer’, bieten ‘to offer’, erlauben ‘to allow’, erleichtern ‘to facilitate’, ermöglichen ‘to make
possible’,eröffnen ‘to open’,untersagen‘to forbid’, veranstalten‘to arrange’,verbieten‘to forbid’

(10) argumentieren‘to argue’,berichten ‘to report’, folgern ‘to conclude’,hinzufügen ‘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’,erschießen ‘to shoot’,
festnehmen‘to arrest’,töten ‘to kill’, verhaften ‘to arrest’

(13) beziffern ‘to amountto’, schätzen‘to estimate’,veranschlagen ‘to estimate’
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(14) entschuldigen‘to apologise’,freuen ‘to beglad’, wundern ‘to besurprised’,ärgern ‘to beannoyed’

(15) nachdenken ‘to thinkabout’,profitieren‘to profit’, reden‘to talk’, spekulieren‘to speculate’,sprechen
‘to talk’, träumen‘to dream’,verfügen ‘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 semanticallyincoherentclusterstend to be ratherlarge, i.e. with more than15-20
verb members.Clusters(4) to (7) areexampleclusterswherea part of the verbsshow overlapin their
meaningaspects,but the clustersalsocontainconsiderablenoise. 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 verbsshow a strongsimilarity in their conceptualstructures.Cluster
(8) containsverbsexpressingapropositionalattitude;theunderlinedverbsin additionindicateanemotion.
Theonly unmarkedverbweißenalsofits into thecluster, sinceit is amorphologicallemmamistakechanged
with wissenwhich belongsto the verbclass. The verbsin cluster(9) describea scenewheresomebody
or somesituationmakessomethingpossible(in the positive or negative sense).Next to a lemmatising
mistake (angebietenis notaninfinitive,but amorphologicallymistakenperfectparticipleof anbieten), the
only exceptionverbis veranstalten. Theverbsin cluster(10)areconnectedmoreloosely, all referringto a
verbaldiscussion,with theunderlinedverbsin additiondenotinganegative,complainingwayof utterance.
In cluster(11) all verbsrefer to a basis,in cluster(12) the verbsdescribethe processfrom arrestingto
treatinga suspect,andcluster(13) containsverbsof estimatingan amountof money. In cluster(14), all
verbsexceptfor entschuldigen refer to anemotionalstate(with someorigin for the emotion). Theverbs
in cluster(15) exceptfor profitierenall indicatea thinking (with or without talking)abouta certainmatter.
Finally in cluster(16),we canrecogniseweatherverbs.

5 Application of SemanticVerb Classes

Theprevioussectionhaspresentedclusteringexampleswhichagreewith themanualclassificationin many
respects.Without any doubttheclusteranalysisneedsmanualcorrectionandcompletion,but representsa
plausiblebasisfor a semanticlexicon resource.Following, I discusspossibleNLP applicationsfor a verb
classification.(a) Providing lexical informationaboutverbsby verb classlabelsservestwo purposesin
parsing: (i) On theonehandtheclassinformationrestrictspossibleparsesanddecreasesparseambigui-
ties,sincetheclasslabelsimplicitly definetherangeof possiblesyntacticandsemanticverbenvironments.
(ii) Ontheotherhandtheclassinformationsuppliesadditionalinformationonthesyntax-semanticembed-
ding for verbswhich aredefinedvaguely. Combiningboth uses,the parsingquality might be improved.
(b) Replacingverbsin a languagemodelby therespectiveverbclassesmight improvea languagemodel’s
robustnessandaccuracy, sincetheclassinformationprovidesmorestablesyntacticandsemanticinforma-
tion thantheindividual verbs.For example,theprobabilityof theprepositionnach following any manner
of motionverbis comparablyhigh,since(amongothersenses)it indicatesapath.Nevertheless,themodel
might provide lessreliableinformationon the individual mannerof motion verbs,especiallyin low fre-
quentcasessuchasrasen‘to speed’.Theverbclassinformationcontributesthis missinginformationby
generalisingovertheverbswithin oneclass,andis thereforeableto predictanach-PPfor rasen. (c) A user
querywhichrequiresinformationextractionondocumentscanbeextendedwith respectto its syntacticand
especiallysemanticinformation(e.g. complementrealisation)by addingtheexisting classinformationof
thequerypredicateto thequerydescription,in additionto theindividual verbinformation. (d) Assuming
thata similar systemof verbclassesexists in variouslanguages,the problemin machinetranslationthat
thetranslationof a verbfrom onelanguageinto anotheractivatesseveralverbsin thetarget languagecan
be solvedby filtering the correcttranslationwith respectto the sourceverbclass.For example,the verb
bestehenhasat leastfour differentsenses,eachcoupledwith a preferredsubcategorisationbehaviour: (i)
bestehenmeaning‘to insist’ subcategorisesnp with auf, ��- , (ii) bestehenmeaning‘to consist’subcate-
gorisesnp with aus.0/�/ , (iii) bestehenmeaning‘to exist, to survive’ subcategorisesn or np with in .0/6/ ,
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and(iv) bestehenmeaning‘to pass’(e.g. of anexam)subcategorisesna . With respectto thesourcecon-
text (thesyntactico-semanticembedding),theverbclassof thesourceverbis determined,andbasedon the
sourceclassthetargetverbis filtered. In addition,missinginformationconcerningthesourceor targetverb
with respectto its syntacticandsemanticembeddingmight beaddedby therespectiveclassandrefinethe
translation.

Becausetheseideasmight seemspeculative, thefollowing sectionsprovide examplesof verbclassusage
which have alreadybeenperformed. Most of them are basedon the Levin classes,someon German
soft-clusteringapproaches.I shouldaddthat therearemultiple usesof theWordNetclasses,but I do not
provideapictureof themwithin thescopeof thisthesis.Thereaderis referredto theWordNetbibliography
at http://engr.smu.edu/˜rada/wnb/ .

Parsing-BasedWord SenseDisambiguation Dorr andJones(1996)show thattheLevin classescanbe
usedfor wordsensedisambiguation.They describetheEnglishverbsin theLevin classesby theirsyntactic
descriptions,basedonparsingpatternson theexamplesentencesfor theverbclasses.Theapproachdistin-
guishespositive andnegative examplesby 1 and0, respectively. For example,theparsingpatternfor the
sentenceTonybrokethevaseto pieceswouldbe1-[np,v,np,pp(to)] . Thesyntacticdescriptionof a
verbconsistsof thesetof parsingpatternswhich areassignedto theverbaccordingto its classaffiliations.

Dorr andJonesdeterminethe overlapon the setsof verbs(a) in the semanticLevin classes,and(b) as
basedon theagreementon syntacticdescriptions.Thecomparisonis performedwithin two experiments:
(i) Thesyntacticpatternsof theexamplesentenceswithin aLevin classareassignedto all verbswithin the
class,disregardingthedifferentverbsensestheverbsmighthave. Thesyntacticdescriptionof averbmight
thereforecontainsyntacticpatternsof severalverbclasses,accordingto its numberof classaffiliations. (ii)
Thesyntacticpatternsof classexamplesareonly assignedto theverbsensesactivatedby thespecificclass.
Theoverlapof (a) the‘semantic’and(b) the‘syntactic’ setsof verbsare(i) 6.3%accuracy, becausethere
arefar moresyntacticdescriptionsthansemanticclasses,vs. (ii) 97.9%accuracy, becausethe semantic
classesagreewith thedisambiguatedsyntacticdescriptions.Theexperimentsvalidatethestrongrelation
betweenthesyntacticandthesemanticinformationin theverbclasses,andshow that this relationcanbe
utilisedfor word sensedisambiguation,becausetheclassificationcandisambiguateverbsensesaccording
to syntacticdescriptions.

Machine Translation Dorr (1997)usesLevin’sverbclassapproachto constructa large-scaledictionary
for machinetranslation.Dorr definesLexical ConceptualStructures(LCSs)(Jackendoff, 1983,1990)as
a meansfor the language-independentlexicon representationof verbmeaningcomponents.Shepresents
possibilitiesof how to obtaintheLCSrepresentations,rangingfrom manualto fully-automaticapproaches.
Thefollowing automaticapproachis basedon theLevin classes.

Assumingas in (Dorr andJones,1996) that basicverb meaningcomponentscanbe systematicallyde-
rived from informationaboutthe syntacticrealisation,Dorr utilisesandextendsLevin’s classesfor the
lexicon construction.The syntaxandsemanticsof the verb classesarecapturedby a matrix relatingthe
existenceof alternationswith thedefinitionof thesemanticclasses.Verbsarethenassignedto a semantic
classaccordingto whichalternationsthey undergowithin a largecorpus.Theclassesaredecomposedinto
primitive units of meaningwhich arecapturedin an LCS representation.Even thoughneitherthe syn-
tacticconstructionsnor theclasssystemis expectedto hold cross-linguistically, themeaningcomponents
underlyingtwo translationallyrelatedverbsareexpectedto overlap.The language-independentLCS lex-
icon entriesfor machinetranslationarethereforeconstructedvia thesyntacticandsemanticdefinitionsin
Levin’sclassification.

DocumentClassification KlavansandKan (1998)useLevin’s verbclassesto discriminatearticletypes
within thenews domainof theWall StreetJournal (WSJ)corpus.They considerthenounsin a document
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asthe conceptualentities,andthe verbsasthe conceptualeventsandactionswithin the documents.The
paperfocuseson therole of verbsin documentanalysis.

KlavansandKan placetheir investigationon the 100mostfrequentand50 additionalverbsin the WSJ,
coveringa total of 56% of the verb tokensin the corpus.They select50 out of 1,236articles,with each
article containingthe highestpercentageof a particularverb class. The investigationrevealsthat each
verbclassdistinguishesbetweendifferentarticletypes,e.g.mannerof motionverbsaretypically foundin
postedearningsandannouncements,communicationverbsin issues,reports,opinions,andeditorials.The
work shows thattheverbclassescanbeusedastypelabelsin informationretrieval.

Word SenseDisambiguation in TargetWord Selection Prescher, Riezler, andRooth(2000)presentan
approachfor disambiguationin targetword selection.Givena translationproducesmultiple equivalences
of asourceword,adisambiguationmodelselectsthetargetword. Thecorepartof thedisambiguationsys-
temis representedby aprobabilisticclass-basedlexicon,which is inducedin anunsupervisedmanner(via
theEM algorithm)from unannotatednewspapercorpusdata.Thelexicon providesestimatedfrequencies
for Englishverb-nounpairswith respectto a grammaticalrelationship.For example,Table2 presentsthe
10 mostfrequentnounswhich arelearnedasdirectobjectsof theverb to cross. Giventhatin a translation
processa decisionhasto bemadeconcerningwhich of a setof alternative targetnounsis themostappro-
priatetranslationof anambiguoussourcenoun,thetargetnounsarelookedup in theprobabilisticlexicon
with respectto the grammaticalrelationshipto the (alreadytranslated)target verb. For example,in eine
GrenzeüberschreitenpossibleEnglishtargetnounsfor theGermansourcenounGrenzeareborder, fron-
tier, boundary, limit, periphery, edge. But with respectto thedirectobjectrelationshipto theverb to cross
which is the translationof überschreiten, the lexicon determinesborder asthemostprobabletranslation,
cf. Table2.

cross¡subj,obj¿ 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-basedestimatedfrequenciesof directobjectnouns

SubcategorisationAcquisition Korhonen(2002b)usesLevin’s verbclassesfor thehypothesisfiltering
in anautomaticacquisitionof subcategorisationframesfor Englishverbs.Herwork is basedon theframe-
work of (Briscoeand Carroll, 1997) who automaticallyinducea subcategorisationlexicon for English
verbs.Sinceautomaticsubcategorisationlexica in generalshow a lack in accuracy, thelexical acquisition
is typically followedby a filtering on theframedefinitions.

Korhonensuggestsa filter thatsmoothesthestatisticalsubcategorisationframeinformationwith back-off
estimateson the verbs’ semanticLevin classes:Provided with a probabilisticdistribution of the verbs
oversubcategorisationframetypesasobtainedfrom (BriscoeandCarroll,1997),eachverbis assignedvia
WordNetclassesto theLevin classrepresentingits dominantsense(Korhonen,2002a).FromeachLevin
class,4-5 verbsaremanuallychosento representthesemanticclass.Theverbs’distributionsaremerged
to obtainback-off estimateswith respectto theclass,andtheback-off estimatesarethenusedto smooth
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thesubcategorisationdistributionsof theverbswithin thatclass.Settinganempiricallydefinedthreshold
on thesmootheddistributionsfilters out theunreliablehypotheses.

6 Conclusionsand Outlook

This article haspresentedan automaticinductionof Germansemanticverb classes.A statisticalgram-
mar modelhasprovidedverb descriptionsat threelevels at the syntax-semanticinterface,with the most
elaborateddescriptionbeingcloseto adefinitionof theverbalternationbehaviour. Basedonthesyntactico-
semanticdescriptions,the standardclusteringalgorithmk-Means(Forgy, 1965)wasappliedto inducea
semanticclassificationfor theverbs. I presentedclusteringexampleswhich agreewith a manualclassifi-
cationin many respects.Without any doubttheclusteranalysisneedsmanualcorrectionandcompletion,
but representsaplausiblebasisfor asemanticlexiconresource.I closedthearticlewith examplesfor using
thelearnedverbclassesin NLP applications.

Thestrategy of utilising subcategorisationframes,prepositionalinformationandselectionalpreferencesto
definetheverbfeatureshasprovensuccessful,sincetheexperimentsillustratedatight connectionbetween
the inducedverb behaviour andthe constitutionof the semanticverb classes.In addition,eachlevel of
representationhasgenerateda positive effect on the clusteringand improved the lessinformative level.
Theexperimentspresentevidencefor a linguistically definedlimit on theusefulnessof theverbfeatures,
whichis drivenby thedividing line betweenthecommonandidiosyncraticfeaturesof verbsin averbclass.
Thefeaturechoicethereforedependson thespecificpropertiesof thedesiredverbclasses.

Therearevariousdirectionsfor future research.(i) The manualdefinition of the Germansemanticverb
classesmight beextendedin orderto includea largernumberanda largervarietyof verbclasses.An ex-
tendedclassificationwouldbeusefulasgoldstandardfor furtherclusteringexperiments,andmoregeneral
asmanualresourcein NLP applications.(ii) Possiblefeaturesto describeGermanverbsmight includeany
kind of informationwhich helpsclassifytheverbsin a semanticallyappropriateway. Within this article,
I have concentratedon defining the verb featureswith respectto the alternationbehaviour. Other fea-
tureswhich arerelevantto describethebehaviour of verbsaree.g. their auxiliary selectionandadverbial
combinations.(iii) Variationsof the existing featuredescriptionareespeciallyrelevant for the choiceof
selectionalpreferences.Theexperimentresultsdemonstratedthat the15 conceptualGermaNettop levels
arenot sufficient for all verbs.(iv) As anextensionof theexisting clustering,I might applya soft cluster-
ing algorithmto theGermanverbs.Thesoft clusteringenablesusto assignverbsto multiple clustersand
thereforeaddressthephenomenonof verbambiguity.
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A SubcategorisationFrame Types

The syntacticaspectof the Germanverb behaviour is capturedby 38 subcategorisationframe typesin
thecontext-freeGermangrammar, accordingto standardGermangrammardefinitionssuchasHelbig and
Buscha(1998). The subcategorisationframetypescomprisemaximally threearguments.Possibleargu-
mentsin theframesarenominative (n), dative (d) andaccusative (a) nounphrases,reflexive pronouns(r),
prepositionalphrases(p), expletive es(x), subordinatednon-finiteclauses(i), subordinatedfinite clauses
(s-2 for verbsecondclauses,s-dassfor dass-clauses,s-obfor ob-clauses,s-w for indirectwh-questions),
andcopulaconstructions(k). The resultingframetypesarelisted in Table3, accompaniedby annotated
verbsecondexampleclauses.

Frame Type Example
n Natalie7 schwimmt.
na Hans7 siehtseineFreundin� .
nd Er 7 glaubtdenLeuten� nicht.
np Die Autofahrer7 achtenbesondersauf Kinder8 .
nad Anna7 verspricht ihremVater� ein tollesGeschenk� .
nap Die kleineVerkäuferin7 hindertdenDieb� amStehlen8 .
ndp Der Moderator7 danktdemPublikum� für seinVerständnis8 .
ni MeinFreund7 versucht immerwieder, pünktlich zukommen9 .
nai Er 7 hört seineMutter� ein Liedsingen9 .
ndi Helene7 verspricht ihremGroßvater� ihn bald zubesuchen9 .
nr Die kleinenKinder7 fürchtensich: .
nar Der Unternehmer7 erhofft sich: baldigenAufwind� .
ndr Sie7 schließtsich: nach 10 JahrenwiederderKirche� an.
npr Der Pastor7 hat sich: alsder Kirchewürdig8 erwiesen.
nir Die alteFrau7 stellt sich: vor, denJackpotzugewinnen9 .
x Es; blitzt.
xa Es; gibt vieleBücher� .
xd Es; grautmir � .
xp Es; gehtumein tollesAngebotfür einensuperComputer8 .
xr Es; rechnetsich: .
xs-dass Es; heißt,dassThomassehrklug ist<>= �5� <?< .
ns-2 Der Abteilungsleiter7 hat gesagt, er haltebald einenVortrag<>= � .
nas-2 Der Chef7 schnauztihn� an,er seiein Idiot <>= � .
nds-2 Er 7 sagt seinerFreundin� , sieseizukrankzumArbeiten<>= � .
nrs-2 Der traurigeVogel7 wünscht sich: , siebliebebei ihm<>= � .
ns-dass Der Winter7 hat schonangek̈undigt,dasser baldkommt<>= �5� <?< .
nas-dass Der Vater7 fordert seineTochter� auf, dasssieverreist<>= �5� <?< .
nds-dass Er 7 sagt seinerGeliebten� , dasser verheiratetist<>= �5� <?< .
nrs-dass Der Junge7 wünscht sich: , dassseineMutterbleibt<�= �5� <?< .
ns-ob Der Chef7 hat gefragt, ob dieneueAngestelltedenVortrag hält <�=A@>B .
nas-ob Anton7 fragt seineFrau� , ob sieihn liebt<>=A@>B .
nds-ob Der Nachbar7 ruft derFrau� zu,ob sieverreist<>=A@>B .
nrs-ob Der Alte7 wird sich: erinnern,ob dasMädchendort war<>=A@>B .
ns-w Der kleineJunge7 hat gefragt, wanndie Tanteendlich ankommt<>=AC .
nas-w Der Mann7 fragt seineFreundin� , warumsieihn liebt<�=DC .
nds-w Der Vater7 verrät seinerTochter� nicht, werzuBesuch kommt<�=DC .
nrs-w DasMädchen7 erinnertsich: , wer zuBesuch kommt<>=AC .
k Der neueNachbar/ ist einziemlicher Idiot.

Table3: Subcategorisationframetypes
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