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Abstract

WordNet and its German version
GermaNethave widely been used as
source for fine-grained selectional
preference information, focusing on
but not restrictedto verb-objectrela-
tionships (Resnik, 1997; Ribas, 1995;
Li and Abe, 1998; Abney and Light,
1999; Wagner 2000; McCarthy 2001,
Clark and Weir, 2002). In contrast,
this paperpresentsan approachwhere
argument slots of variable verb-frame
combinations are refined by coarse
selectional preferences as obtained
from the top-level GermaNet nodes.
The selectionalpreferenceinformation
is applied to an alternation-like verb
description and successfully utilised
for an automaticclusteringof German
verbs(Schulteim Walde,2003b).

1 Introduction

This work is concernedwith the definition and
benefit of selectionalpreferencesas usedin an
alternation-lile verb descriptionfor the automatic
induction of Germansemanticverb classes. Se-
mantic verb classesare an artificial constructof
naturallanguagewhich generalisesver verbsac-
cordingto their semanticproperties;the classla-
bels refer to the commonsemanticpropertiesof
the verbsin a classat a generalconceptualevel,
and the idiosyncraticlexical semanticproperties
of the verbsareeitheraddedto the classdescrip-
tion or left underspecifiedExampledor the con-
ceptualclassesare Position verbssuchas liegen
‘to lie’, sitzen'to sit’, stehento stand’,andMan-
ner of Motion with a Vehicleverbssuchasfahren

‘to drive’, fliegen‘to fly’, rudern‘to row’. Onthe
onehand,verb classeseduceredundang in verb
descriptionssincethey encodehecommonprop-
ertiesof verbs.Ontheotherhand verbclassegan
predictandrefinepropertieof averbthatreceved
insufiicient empirical evidence,with referenceto
verbsin the sameclass;underthis aspecta verb
classificatioris especiallyusefulfor the penasve
problemof datasparsenesis NLP, wherelittle or
no knowledgeis providedfor rareevents.

But how canone obtain a semanticclassifica-
tion of verbs,avoiding atediousmanualdefinition
of the verbsand the classes? A semanticclas-
sificationdemandsa definition of semanticprop-
erties, but it is difficult to automaticallyinduce
semanticfeaturesfrom available resourcespoth
with respectto lexical semanticsand conceptual
structure. Therefore,the constructionof seman-
tic classegypically benefitsfrom along-standing
linguistic hypothesisvhich assertstight connec-
tion betweerthe lexical meaningof averbandits
behaiour: To a certainextent, the lexical mean-
ing of a verb determinesits behaiour, particu-
larly with respectto the choiceof its aguments,
cf. Levin (1993. We can utilise this meaning-
behaiour relationshipin that we induce a verb
classificationon basisof verb featuresdescribing
verb behaiour (which are easierto obtain auto-
matically than semanticfeatures)and expect the
resulting behaiour-classificaibn to agreewith a
semanticclassificatiorto a certainextent.

A widely used approachto define verb be-
haviour is capturedby the diathesisalternationof
verbs, seefor example (Levin, 1993; Dorr and
Jones,1996; Lapata, 1999; Schulteim Walde,
2000; Merlo and Stevenson, 2001; McCarthy
2001; Joanis, 2002). Alternations are alterna-



tive constructionat the syntax-semantinterface
which expressthe sameor a similar conceptual
ideaof averh In Example(1), themostcommon
alternationdor the Mannerof Motion with a Veehi-
cle verbfahren‘to drive’ areillustrated. The par
ticipantsin the conceptualstructureare a driver,
a vehicle, a driven personor thing, and a direc-
tion. In (a), the vehicleis expressedassubjectin
atransitve verbconstructionwith a prepositional
phraseindicating the direction of the movement.
In (b), thedriver is expressedssubjectin a tran-
sitive verbconstructionagainwith a prepositional
phrasandicatingthedirection.In (c), thedriveris
expressedissubjectin atransitve verb construc-
tion, with anaccusatie nounphrasdndicatingthe
vehicle.And in (d), thedriveris expressedssub-
jectin aditransitive verbconstructionwith anac-
cusatve noun phraseindicating a driven person,
anda prepositionaphrasendicatingthedirection
of the movement. Evenif a certainparticipantis
not realisedwithin an alternation,its contrikution
mightbeimplicitly definedby theverh For exam-
ple, in (a) thedriver is not expressedvertly, but
we know thatthereis a driver, andin (b) and (d)
the vehicleis not expresseavertly, but we know
thatthereis avehicle.

1) @

Der Wagenfahrt in die Innenstadt.
‘The cardrivesto thecity centre.

Die Fraufahrt nach Hause
‘The womandriveshome'.

(b)

Der Filius fahrt einenblauenFerrari.
‘The sondrivesablueFerrari.

(©)
(d) DerJunge fahrt seinenvater zumZug
‘The boy driveshisfatherto thetrain:

Assumingthat the verb behaiour canbe cap-
tured by the diathesisalternation of the verb,
which are the relevant syntactic and semantic
propertiesonewould have to obtainfor averbde-
scription?Theverbsaredistributionally described
on threelevels, eachof them refining the previ-
ouslevel by additionalinformation. Thefirst level
D1 encodesa purely syntacticdefinition of verb
subcatgorisation, the secondlevel D2 encodes
a syntactico-semantidefinition of subcatgorisa-
tion with prepositionalpreferencesandthe third
level D3 encodes syntactico-semantidefinition

of subcatgorisationwith prepositionabndselec-
tional preferences.The mostelaborateddescrip-
tion comescloseto a definitionof verbalternation
behaiour. The benefitof eachinformationlevel

canbedeterminedwvith respecto thelower levels
of information.

This paperconcentrate®n the definition and
benefit of selectional preferencesat D3, the
alternation-lile verb description. The selectional
preferencesre basedon the Germannoun hier
archy in GermaNet(Hamp and Feldwey, 1997,
Kunze,2000), by specifyinga coarsegeneralisa-
tion onthetop-level synsetdor agumentslotsof
variableverb-framecombinations. Section?2 in-
troduceghealternation-lile verbdescriptionsand
Section3 describeghe automatianductionof se-
manticverb classesasbasedon the verb descrip-
tions. Finally, Section4 discusseghe usageof
the selectionalpreferencanformationin seman-
tic verb clusteringwith respecto the demandsf
Germarverbsandverbclasses.

2 Alternation-Like Verb Descriptions for
Verb Clustering

I have developeda statisticalgrammarmodelfor
Germanwhich provides empirical lexical infor-
mation, specialisingon but not restrictedto the
subcatgorisationbehaiour of verbs(Schulteim
Walde, 2002; Schulteim Walde, 2003a). The
grammarmodel senes as sourcefor a German
verb descriptionat the syntax-semantiinterface.
For D1, it providesfrequeng distributionsof Ger
man verbs over 38 purely syntacticsubcatgori-
sation frames, which comprisemaximally three
amguments. Possibleagumentsin the frames
are nominatve (n), dative (d) and accusatie (a)
nounphrasesteflexive pronoungr), prepositional
phrases(p), expletive es (x), subordinatedhon-
finite clauseq(i), subordinatedinite clauseg(s-2
for verbsecondtlausess-dasdor dassclausess-
ob for ob-clausess-w for indirectwh-questions),
and copulaconstructiongk). For example,sub-
catgorisingadirect(accusatie case)objectanda
non-finiteclausewould berepresentedy ‘nar’.

In additionto a purely syntacticdefinition of
subcatgorisation frames, the grammarprovides
detailedinformation for D2 aboutthe types of
PPswithin the frames. For eachof the prepo-



sitional phraseframe typesin the grammay the

joint frequeng of averbandthe PPframeis dis-

tributed over the prepositionaphrasesaccording
to their frequenciesn the corpus. Prepositional
phrasesredefinedby caseandpreposition,such
as'mit p,;’ and‘flr 44;’. Thetotal numberof fea-

tureson D2 is 183.

For D3, the verb-framecombinationsare re-
fined by selectionalpreferencesj.e. the amu-
mentslotswithin a subcatgorisationframe type
are specifiedaccordingto which ‘kind’ of argu-
ment they require. The grammarprovides se-
lectionalpreferencenformationon afine-grained
level: it specifiesthe possibleagumentrealisa-
tionsin form of lexical heads,with referenceto
a specificverb-frame-slotcombination. l.e. the
grammarprovidesfrequenciedor headsfor each
verb andeachframetype andeachamgumentslot
of theframetype. For example the mostfrequent
nominal agumentheadsfor the verb verfolgen
‘to follow’ andtheaccusatie NP of thetransitve
frametype ‘na’ areZiel ‘goal’, Stratggie ‘strate-
gy’, Politik ‘policy’, Interesse'interest’, Konzept
‘concept’, Entwidklung ‘development’, Kurs ‘di-
rection’, Spiel‘game’, Plan ‘plan’, Spur‘trace’.

Obviously, we would run into a sparsedata
problemif wetriedto incorporateselectionapref-
erencesnto the verb descriptionson sucha spe-
cific level. We are provided with rich informa-
tion on the nominal level, but we needa gener
alisationof the selectionalpreferencedefinition.
WordNet(Miller etal., 1990;Fellbaum,1998)and
its Germanversion GermaNet(Hamp and Feld-
weg, 1997; Kunze,2000) have widely beenused
as sourcefor fine-grainedselectionalpreference
information (Resnik, 1997; Ribas, 1995; Li and
Abe, 1998;Abney andLight, 1999;Wagney2000;
McCarthy 2001; Clark and Weir, 2002). In con-
trast to theseapproaches] utilise the German
noun hierarchyin GermaNetfor a coarse genef
alisation of selectionalpreferences. The hierar
chy is realisedby meansof synsetssetsof syn-
onymousnouns,which are organisedoy multiple
inheritancehyporym/hyperiym relationships. A
nouncanappeain severalsynsetsaccordingo its
numberof sensesFigurel illustratesthe (slightly
simplified) GermaNehierarchyfor the nounKaf-
fee ‘coffee’, which is encodedwith two senses,

(1) asa beverageandluxury food, and(2) asex-
pressionfor an afternoonmeal. Both sensesre
subsumedinderthegenerakop-level nodeObjekt
‘object’. My approachis as follows. For each
nounin a verb-frame-slotcombination,the joint
frequeng is split over the differentsenseof the
noun and propagatedupwards the hierarchy In
caseof multiple hyperrym synsetsthe frequeng
is split again. The sumof frequenciesver all top
synsetsequalsthe total joint frequeny. For ex-
ample,we assumehatthe frequeng of the noun
Kaffee‘coffee’ with respecto theverbtrinken‘to
drink’ andtheaccusatie agumentn thetransitve
frame‘na’ is 10. Eachof thetwo synsetsontain-
ing Kaffeeis thereforeassigned valueof 5, and
the nodevaluesare propagatedipwards, as Fig-
ure 1 illustrates. Repeatinghe frequeng assign-
mentand propagatiorfor all nounsappearingn
averb-frame-slotombinationtheresultdefinesa
frequengy distribution of theverb-frame-slotom-
binationover all GermaNesynsets.
Torestrictthevarietyof nounconceptso agen-
erallevel, | consideronly the frequeng distribu-
tions over the top GermaNetnodes. Since Ger
maNethadnotbeencompletedatthe pointof time
| have usedthe hierarchy | have manuallyadded
few hyperrym definitions,suchthatmostbranches
are subsumedinderthe following 15 conceptual
top levels. Most of themwerealreadypresentthe
additionallinks mightberegardedasarefinement.

e | ebevesen'creature’

e Sachéthing’

e Besitz'property’

e Substanzsubstance’

e Nahrungfood’

o Mittel ‘means’

e Situation'situation’

e Zustandstate’

e Struktur‘structure’

e Physis'body’

e Zeit'time’

e Ort‘space’

o Attribut ‘attribute’

e KognitvesObjekt‘cognitive object’
o Kognitiver Prozesscognitive process’
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Figurel: Propagatindrequencieshroughthe GermaNetierarchy

Since the 15 nodes exclude each other and
the frequenciessumto the total joint verb-frame
frequeng, we can usethe frequencieso define
probability distributions. Therefore the 15 nodes
provide a coarsedefinition of selectionalprefer
encedor a verb-frame-slotombination. Table 1
presentghreeexampleverb-frame-slotcombina-
tions (the relevant frame slot is underlined)with
their preferences.This coarseselectionalprefer
enceinformationis providedfor eachverb-frame-
slotcombinatiorin thegrammamodel(trainedon
35million wordsof Germamewspapercorpora).

Table 2 summariseghe verb distributions and
presentsthree verbs from different verb classes
andtheir ten mostfrequentframe typeswith re-
spectto thethreelevelsof verbdefinition,accom-
paniedby the probability values. On D2 frame
typesincluding PPsare specifiedfor the PP type,
andon D3 the frame slot for selectionalprefer
encerefinementis underlined,and the top-level
synsetis givenin braclets. D1 for beginnen‘to
begin’ defines'np’ and‘n’ asthe mostprobable
frame types. Even by splitting the ‘np’ proba-
bility over the differentPP typesin D2, a num-

ber of prominentPPsareleft, the time indicating
UMy, andnadp,:, mitp,,: referringto thebegun
event, anp,; asdateandinp,; as placeindica-
tor. It is obvious that adjunctPPsaswell asar

gumentPPsrepresenadistinctive partof theverb
behaiour. D3 illustratesthat typical selectional
preferencedor beginnerrolesare Situation,Zus-
tand, Zeit, Satie D3 hasthe potentialto indicate
verb alternationbehaiour, e.g. ‘na(Situation)’
refersto the samerole for the direct objectin a
transitve frame as ‘n(Situation)’ in an intransi-
tive frame. esserito eat’ asan objectdrop verb
shaws strongpreferencesor bothintransitive and
transitve usage. As desired,the agumentroles
are strongly determinedby Lebeavesenfor both
‘n’ and ‘na’ and Nahrungfor ‘na’. fahren ‘to

drive’ choosegypical mannerof motion frames
(‘n’, ‘'np’, ‘na’) with the refining PPsbeing di-

rectional (in axx, ZUpgt, NAtpg:) Or referringto

a meansof motion (Mitpg:, iNpat, aufpe). The
selectionapreferencesepresent correctalterna-
tion behaiour: Lebavesenin theobjectdropcase
for ‘n’ and‘na’, Sadein theinchoatve/causatie

casefor ‘n’ and‘na’.



Ve eSO Top e Syreer]Fieg ] Fob]

verfolgen na Situation 140.99| 0.244
‘to follow’ KognitivesObjekt 109.89| 0.191
Zustand 81.35| 0.141

Sache 61.30| 0.106

Attribut 52.69| 0.091

Lebevesen 46.56 | 0.081

Ort 45.95| 0.080

Struktur 14.25]| 0.025

Kognitiver Prozess| 11.77| 0.020

Zeit 4.58 | 0.008

Besitz 2.86 | 0.005

Substanz 2.08 | 0.004

Nahrung 2.00| 0.003

Physis 0.50| 0.001

essen na Nahrung 127.98| 0.399
‘to eat’ Sache 66.49 | 0.207
Lebevesen 50.06| 0.156

Attribut 17.73| 0.055

Zeit 11.98| 0.037

Substanz 11.88| 0.037

KognitivesObjekt 10.70| 0.033

Struktur 8.55| 0.027

Ort 491 0.015

Zustand 4.26| 0.013

Situation 2.93| 0.009

Besitz 1.33| 0.004

Mittel 0.67 | 0.002

Physis 0.67 | 0.002

Kognitiver Prozess| 0.58| 0.002

beginnen n Situation 1,102.26| 0.425
‘to begin’ Zustand 301.82| 0.116
Zeit 256.64| 0.099

Sache 222.13| 0.086

KognitivesObjekt 148.12| 0.057

Kognitiver Prozess| 139.55| 0.054

Ort 107.68| 0.041

Attribut 101.47| 0.039

Struktur 87.08| 0.034

Lebevesen 81.34| 0.031

Besitz 36.77| 0.014

Physis 4.18 | 0.002

Substanz 3.70| 0.001

Nahrung 3.29| 0.001

Tablel: Selectionapreferencalefinitionwith GermaNetop nodes



Distribution

Verb D1 | D2 D3
beginnen || np 0.43]| n 0.28 || n(Situation) 0.12
‘to begin’ || n 0.28 || np:umygr | 0.16 || np:umygk(Situation) | 0.09
Ni 0.09|| ni 0.09 || np:mitpy:(Situation) | 0.04
na 0.07 || np:mitpg 0.08 || ni(Lebewesen) 0.03
nd 0.04 || na 0.07 || n(Zustand) 0.03
nap | 0.03 || np:am.: 0.06 || np:anpq:(Situation) | 0.03
nad | 0.03| np:inpg: 0.06 || np:inpg¢(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 | naSituation) 0.02
essen na 0.42 | na 0.42 || na(Lebeavesen) 0.33
‘to eat’ n 0.26| n 0.26 | na@Nahrung) 0.17
nad | 0.10| nad 0.10 || naSache) 0.09
np 0.06 || nd 0.05 || n(Lebevesen) 0.08
nd 0.05|| ns-2 0.02 || naLebevesen) 0.07
nap | 0.04| np:aufpy: | 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(Lebavesen) 0.04
ni 0.01 || np:mitpg; | 0.01 || nd(Nahrung) 0.02
nas-2| 0.01 | np:inpa: 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(Lebavesen) 0.10
na 0.19 | np:inakk 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:nachy,: | 0.04 || np:inagr(Sache) 0.02
ns-2 | 0.01 || np:mitpg: | 0.03 || Np:zupg:(Sache) 0.02
ndp | 0.01| np:inpas 0.03 || np:inggr(Lebavesen)| 0.02
ns-w | 0.01 || np:aufyq; 0.02 || np:nachy(Sache) | 0.02

Table2: Examplesof mostprobableframetypes




3 Induction of Semantic Verb Classes

The selectionalpreferencanformationis applied
to an alternation-lile verb descriptionin auto-
matic verb clustering. The clusteringof the Ger
man verbs is performedby the k-Means algo-
rithm, a standardunsupervisedclustering tech-
niqueasproposedy Forgy (1965. Basedon the
distributional verb descriptionsand standardno-
tions of similarity betweendistributional vectors,
k-Meansiteratively re-oganisednitial verb clus-
ters by assigningeachverb to its closestcluster
and re-calculatingcluster centroidsuntil no fur-
therchangegake place.For detailson thecluster
ing setupandexperimentsthereadelis referredto
(Schulteim Walde,2003b).

The clustering experimentsare performedon
168 partly ambiguousGermanverbs. Beforethe
experiments,| manuallyclassifiedthe verbsinto
43 semanticclasses.The purposeof the manual
classificatioris to evaluatethe reliability andper
formanceof theclusteringexperimentsln thefol-
lowing, | presentrepresentate partsof a cluster
analysiswhich usesthe alternation-lile verb de-
scriptionon D3. For eachcluster theverbswhich
belongto the samegold standardclassare pre-
sentedn oneline, accompaniedy theclasslabel.
I comparethe respectie clusterswith their pen-
dantsunderD1 and D2, to demonstrat¢he effect
of thefeaturerefinements.

(a) nieselnregnenschneien- Weather
(b) dammern- Weather

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

(d) kletternwandern- Mannerof Motion:
Locomotion
fahrenfliegensegeln— Mannerof Motion:
Vehicle
flieBen— Mannerof Motion: Flotation

(e) beginnenenden- Aspect
bestehemxistieren— Existence
liegensitzenstehen- Position
laufen— Mannerof Motion: Locomotion

(f) festlegen— Constitution
bilden— Production
erhdhersenlensteigernvergroRernver-
kleinern— QuantumChange

(g9) tdten—Elimination
unterrichten- Teadiing

Theweatherverbsin cluster(a) stronglyagreein
their syntacticexpressionon D1 anddo not need
D2 or D3 refinementdor a successfutlasscon-
stitution. ddmmernin cluster(b) is ambiguougde-
tweena weatherverb and expressinga senseof
understandingthis ambiguityis idiosyncratically
expressedn D1 framesalready so dammernis
never clusteredtogetherwith the other weather
verbson D1-D3. Mannerof Motion, Existence
PositionandAspectverbsaresimilar in their syn-
tactic frame usageandthereforemeigedtogether
on D1, but adding PP information distinguishes
the respectie verb classes: Manner of Motion
verbs primarily demanddirectional PPs, Aspect
verbsaredistinguishedy patientmit,,; andtime
and location prepositions and Existenceand Po-
sition verbsaredistinguisheduy locatve preposi-
tions, with Positionverbsshaving morePPvaria-
tion. The PPinformationis essentiafor success-
fully distinguishingheseverbclassesandtheco-
herencas partly destrgedby D3: Mannerof Mo-
tion verbs(from the sub-classekocomotion,Ro-
tation, Rush Mehicle Flotation) arecapturedwell
by clusters(c) and (d), sincethey inhibit strong
commonalternations,but cluster(e) meigesthe
Existence Position and Aspectverbs,sinceverb-
idiosyncratic selectionalpreferenceslestry the
D2 classdemarcation. Admittedly, the verbsin
cluster(e)areclosein theirsemanticswith acom-
mon senseof (bringing into vs. beingin) exis-
tence. laufen fits into the clusterwith its sense
of ‘to function’. Cluster(f) containsmostverbs
of QuantumChang, togetherwith one verb of
Productionand Constitutioneach. The semantics
of the clusteris thereforeratherpure. The verbs
in the clustertypically subcatgorise a direct ob-
ject, alternatingwith a reflexive usage,'nr’ and
‘npr’ with mostly aufs, andumyg,. The selec-
tional preferences$elp to distinguishthis cluster:
the verbsagreein demandinga thing or situation
as subject,and various objectssuch as attribute,



cognitive object, state, structureor thing as ob-

ject. Without selectionabreferencegon D1 and
D?2), the changeof quantumverbsare not found
togethemwith the samedegreeof purity. Thereare
verbsasin cluster(g), whosepropertiesare cor

rectly statedas similar on D1-D3, soacommon
clusteris justified; but the verbsonly have coarse
commonmeaningcomponentsin this casetoten
andunterrichtenagreein anactionof oneperson
or institutiontowardsanother

4 Discussion

Which exactly is the nature of the meaning-
behaiour relationshipin the constitutionof se-
mantic verb classes? And, more specifically
which is the benefitof the selectionalpreferences
in thealternation-like verbdescriptionasbasecdn
GermaNetop-level nodes?

Addressing the nature of the meaning-
behaiour relationship in the clustering, (a)
alreadya purely syntacticverb descriptionallows
averb clusteringclearly above the baseline. The
result is a successful(semantic) classification
of verbs which agreein their syntactic frame
definitions,e.g. mostof the Supportverbsdienen,
helfen, folgen The clusteringfails for semanti-
cally similar verbswhich differ in their syntactic
behaiour, e.g. untestitzenwhich doesbelong
to the Supportverbsbut demandsan accusatie
insteadof a dative object. In addition, it fails for
syntactically similar verbs which are clustered
togethereventhoughthey do not exhibit semantic
similarity, e.g. mary verbsfrom differentseman-
tic classessubcatgorise an accusatie object, so
they are falsely clusteredtogether (b) Refining
the syntactic verb information by prepositional
phrasesis helpful for the semanticclustering,
not only in the clusteringof verbswherethe PPs
areobligatory but alsoin the clusteringof verbs
with optional PP arguments. The improvement
underlinegthe linguistic factthat verbswhich are
similar in their meaningagreeeitheron a specific
prepositionalcomplement(e.g. glauben/dendn
anyxk,) or onamoregenerakind of modification,
e.g. directionalPPsfor mannerof motion verbs.
(c) Definingselectionapreferenceor aguments
once more improves the clustering results, but
the improvementis not as persuasie as when

refining the purely syntacticverb descriptionsy
prepositionalinformation. For example, the se-
lectionalpreferenceselpdemarcatéhe Quantum
Change class,becausehe respeciie verbsagree
in their structuralaswell asselectionaproperties.
But in the Consumptiorclass,essenand trinken
have strongpreferencesor afood object,whereas
konsumieen allows awider rangeof objecttypes.
On the contrary there are verbswhich are very
similar in their behaiour, especiallywith respect
to a coarsedefinition of selectionalpreferences,
but they do not belongto the samefine-grained
semanticclass,e.g.tétenandunterrichten

The descriptionof the clusteringexampleshas
shavn thatthe dividing line betweerthe common
andidiosyncraticfeaturesof verbsin a verb class
definesthelevel of verbdescriptiorwhichis rele-
vantfor the classconstitution. The meaningcom-
ponentof verbsto a certainextentdetermineheir
behaiour, but this doesnot meanthatall proper
tiesof all verbsin acommonclassaresimilarand
we could extend and refine the feature descrip-
tion endlessly The meaningof verbscomprises
both (i) propertieswhich are generalfor the re-
spectve verb classesand (ii) idiosyncraticprop-
ertieswhich distinguishtheverbsfrom eachother
As long aswe definethe verbshby thoseproper
tieswhich representhe commonpartsof theverb
classesa clusteringcan succeed.But step-wise
refining the verb descriptionby including lexical
idiosyncrasytheemphasi®f thecommonproper
tiesvanishesSomeverbsandverbclassesredis-
tinctive on a coarsefeaturelevel, someneedfine-
grainedextensions,someare not distinctive with
respectto ary combinationof features. Thereis
no uniqueperfectchoiceandencodingof the verb
features;the featurechoiceratherdependsn the
specificpropertiesof the desiredverbclasses.

Theusageof selectionapreferencenformation
in semanticverb clusteringis a particular chal-
lengefor the verb description. On the one hand,
onewould want a selectionalpreferencelescrip-
tion asfine-grainedaspossibleto e.g.distinguish
theverbstétenandunterrichtenwhich aresimilar
on a coarseselectionabpreferencdevel (agreeing
in an action of one personor institution towards
another)put distinguishedn afine-grainedevel:
in atransitve constructiontétenappearsvith sub-



jects suchas Soldat ‘soldier’, Angrifer ‘attack-
er, Stutze'shooter’, Terrorist ‘terrorist’, Jager
‘hunter’ and direct objects such as Soldat ‘sol-
dier’, Zivilist ‘civilian’, Rebell'rebel’, Nebenkh-
ler ‘rival’, Tier ‘animal’, andunterrichtenappears
with subjectssuchasLehrersdaft ‘community of
teachers’College ‘college’, Professorprofessor’
and direct objectssuchas Kind ‘child’, Sdler
‘pupil’, Klasse'class’, Fach ‘subject’, Grammatik
‘grammar’. Assumingthat we use GermaNetas
sourcefor the preferencedefinition, in the exam-
ple casewe would needan algorithmcomparable
to thoseby (Resnik, 1997; Ribas, 1995; Li and
Abe, 1998;Abney andLight, 1999;Wagner2000;
McCarthy 2001; Clark and Weir, 2002)which is
able to filter selectionalpreferencesof arbitrary
depthin the hierarchy On the other hand, one
wouldwantaselectionapreferencelescriptioron
a moregenerallevel. Considerthe mostspecific
conceptualevel of semanticclassesa classifica-
tion with classesof verb synoryms! But even
the verb behaiour of synoryms doesnot over
lap perfectly sincee.qg. selectionapreferencesf
synoryms vary. For example,the Germanverbs
belommenand erhalten ‘to get, to receve’ are
synorymous,but they cannotbe exchangedn all
contets, cf. einenSdnupfenbelommerito catch
acold’ vs. *einenScinupfererhalten Thismeans
thatevenfor synorymsafine-grainediefinitionof
selectionalpreferencesvould not provide a per
fect overlapof the distributional featuresandthat
somegeneralisatiofis desirable.

In additionto thelinguistic conflictin clustering
when defining selectionalpreferencedor verbs,
a clusteringalgorithm hasto pay attentionto the
technicalissueof featureencoding.We would run
into a sparsedataproblemif we tried to incorpo-
rate selectionalpreferencesnto the verb descrip-
tions on a fine-grainedlevel. Again, this means
that somegeneralisatiorevel of selectionalpref-
erencess adequate.

Summarising,both the theoreticalassumption
of encodingfeaturesof verb alternationas verb
behaiour andthe practicalrealisationby encod-

1In this context, synorymy refersto ‘partial synorymy’
wheresynorymousverbscannothecessarilype exchangedn
all contets, ascomparedo ‘total synorymy’ wheresynory-

mousverbscanbeexchangedn all contexts—if arythinglike
‘total synorymy’ existsatall (BuBmann,1990).

ing syntacticframe types, prepositionalphrases
and selectionalpreferencedave proven success-
ful. But the exactfeaturechoicefor verb descrip-
tions in verb clusteringdependson the specific
propertieof thedesiredverbclassesAnd evenif
classesireperfectlydefinedonacommonconcep-
tuallevel, therelevantlevel of behaioural proper
tiesof theverbclassesnightdiffer. Thisinsightis
especiallyproblematicfor the definition of selec-
tional preferencessincenumerousvariationsfor
theirencodingarepossible put eachchoicewould
presentadwantagegor someverb classesanddis-
advantagedfor others. This work haspresented
evidencefor the usefulnes®f GermaNetop lev-
els nodesas coarsegeneralisatiorof selectional
preferencesbut the issueof improving the level
of GermaNetpreferencedefinitionsis subjectto
furtherwork.
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