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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 restricted to verb-object rela-
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 used in an
alternation-like verbdescriptionfor theautomatic
induction of Germansemanticverb classes.Se-
mantic verb classesare an artificial constructof
naturallanguagewhich generalisesover verbsac-
cordingto their semanticproperties;the classla-
bels refer to the commonsemanticpropertiesof
the verbsin a classat a generalconceptuallevel,
and the idiosyncraticlexical semanticproperties
of theverbsareeitheraddedto theclassdescrip-
tion or left underspecified.Examplesfor thecon-
ceptualclassesare Position verbssuchas liegen
‘to lie’, sitzen‘to sit’, stehen‘to stand’,andMan-
ner of Motion with a Vehicleverbssuchasfahren

‘to drive’, fliegen ‘to fly’, rudern ‘to row’. On the
onehand,verbclassesreduceredundancy in verb
descriptions,sincethey encodethecommonprop-
ertiesof verbs.Ontheotherhand,verbclassescan
predictandrefinepropertiesof averbthatreceived
insufficient empiricalevidence,with referenceto
verbsin the sameclass;underthis aspect,a verb
classificationis especiallyusefulfor thepervasive
problemof datasparsenessin NLP, wherelittle or
no knowledgeis providedfor rareevents.

But how canoneobtaina semanticclassifica-
tion of verbs,avoidinga tediousmanualdefinition
of the verbs and the classes? A semanticclas-
sificationdemandsa definition of semanticprop-
erties, but it is difficult to automaticallyinduce
semanticfeaturesfrom available resources,both
with respectto lexical semanticsand conceptual
structure. Therefore,the constructionof seman-
tic classestypically benefitsfrom a long-standing
linguistichypothesiswhichassertsa tight connec-
tion betweenthelexical meaningof a verbandits
behaviour: To a certainextent, the lexical mean-
ing of a verb determinesits behaviour, particu-
larly with respectto the choiceof its arguments,
cf. Levin (1993). We can utilise this meaning-
behaviour relationshipin that we induce a verb
classificationon basisof verb featuresdescribing
verb behaviour (which are easierto obtain auto-
matically than semanticfeatures)and expect the
resultingbehaviour-classification to agreewith a
semanticclassificationto acertainextent.

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



tive constructionsat thesyntax-semanticinterface
which expressthe sameor a similar conceptual
ideaof a verb. In Example(1), themostcommon
alternationsfor theMannerof Motionwith a Vehi-
cle verb fahren ‘to drive’ areillustrated.Thepar-
ticipantsin the conceptualstructurearea driver,
a vehicle, a driven personor thing, and a direc-
tion. In (a), thevehicleis expressedassubjectin
a transitive verbconstruction,with aprepositional
phraseindicating the directionof the movement.
In (b), thedriver is expressedassubjectin a tran-
sitiveverbconstruction,againwith aprepositional
phraseindicatingthedirection.In (c), thedriver is
expressedassubjectin a transitive verbconstruc-
tion,with anaccusativenounphraseindicatingthe
vehicle.And in (d), thedriver is expressedassub-
ject in aditransitive verbconstruction,with anac-
cusative noun phraseindicating a driven person,
andaprepositionalphraseindicatingthedirection
of the movement. Even if a certainparticipantis
not realisedwithin analternation,its contribution
mightbeimplicitly definedby theverb. For exam-
ple, in (a) the driver is not expressedovertly, but
we know that thereis a driver, andin (b) and(d)
thevehicleis not expressedovertly, but we know
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 sondrivesablueFerrari.’

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

Assumingthat the verb behaviour canbe cap-
tured by the diathesisalternation of the verb,
which are the relevant syntactic and semantic
propertiesonewouldhave to obtainfor averbde-
scription?Theverbsaredistributionallydescribed
on threelevels, eachof them refining the previ-
ouslevel by additionalinformation.Thefirst level���

encodesa purely syntacticdefinition of verb
subcategorisation, the secondlevel

���
encodes

a syntactico-semanticdefinitionof subcategorisa-
tion with prepositionalpreferences,andthe third
level

���
encodesa syntactico-semanticdefinition

of subcategorisationwith prepositionalandselec-
tional preferences.The mostelaborateddescrip-
tion comescloseto adefinitionof verbalternation
behaviour. The benefitof eachinformation level
canbedeterminedwith respectto thelower levels
of information.

This paperconcentrateson the definition and
benefit of selectional preferencesat

���
, the

alternation-like verb description. The selectional
preferencesarebasedon the Germannoun hier-
archy in GermaNet(Hamp and Feldweg, 1997;
Kunze,2000),by specifyinga coarsegeneralisa-
tion on thetop-level synsetsfor argumentslotsof
variableverb-framecombinations.Section2 in-
troducesthealternation-likeverbdescriptions,and
Section3 describestheautomaticinductionof se-
manticverbclassesasbasedon theverbdescrip-
tions. Finally, Section4 discussesthe usageof
the selectionalpreferenceinformation in seman-
tic verbclusteringwith respectto thedemandsof
Germanverbsandverbclasses.

2 Alternation-Like Verb Descriptions for
Verb Clustering

I have developeda statisticalgrammarmodelfor
Germanwhich provides empirical lexical infor-
mation, specialisingon but not restrictedto the
subcategorisationbehaviour of verbs(Schulteim
Walde, 2002; Schulte im Walde, 2003a). The
grammarmodel serves as sourcefor a German
verb descriptionat the syntax-semanticinterface.
For

���
, it providesfrequency distributionsof Ger-

man verbsover 38 purely syntacticsubcategori-
sation frames,which comprisemaximally three
arguments. Possiblearguments in the frames
are nominative (n), dative (d) and accusative (a)
nounphrases,reflexivepronouns(r), prepositional
phrases(p), expletive es (x), subordinatednon-
finite clauses(i), subordinatedfinite clauses(s-2
for verbsecondclauses,s-dassfor dass-clauses,s-
ob for ob-clauses,s-w for indirectwh-questions),
andcopulaconstructions(k). For example,sub-
categorisingadirect(accusativecase)objectanda
non-finiteclausewould berepresentedby ‘nai’.

In addition to a purely syntacticdefinition of
subcategorisation frames, the grammarprovides
detailed information for

���
about the types of

PPswithin the frames. For eachof the prepo-



sitional phraseframe types in the grammar, the
joint frequency of a verbandthePPframeis dis-
tributedover theprepositionalphrases,according
to their frequenciesin the corpus. Prepositional
phrasesaredefinedby caseandpreposition,such
as‘mit �
	�� ’ and‘für ���� ’. Thetotalnumberof fea-
tureson

���
is 183.

For
���

, the verb-framecombinationsare re-
fined by selectionalpreferences,i.e. the argu-
mentslotswithin a subcategorisationframetype
are specifiedaccordingto which ‘kind’ of argu-
ment they require. The grammarprovides se-
lectionalpreferenceinformationon a fine-grained
level: it specifiesthe possibleargumentrealisa-
tions in form of lexical heads,with referenceto
a specificverb-frame-slotcombination. I.e. the
grammarprovidesfrequenciesfor headsfor each
verbandeachframetypeandeachargumentslot
of theframetype. For example,themostfrequent
nominal argument headsfor the verb verfolgen
‘to follow’ andtheaccusative NP of thetransitive
frametype ‘na’ areZiel ‘goal’, Strategie ‘strate-
gy’, Politik ‘policy’, Interesse‘interest’, Konzept
‘concept’, Entwicklung ‘development’,Kurs ‘di-
rection’,Spiel‘game’,Plan ‘plan’, Spur‘trace’.

Obviously, we would run into a sparsedata
problemif wetriedto incorporateselectionalpref-
erencesinto 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 GermanversionGermaNet(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;Wagner, 2000;
McCarthy, 2001;Clark andWeir, 2002). In con-
trast to theseapproaches,I utilise the German
nounhierarchyin GermaNetfor a coarse gener-
alisationof selectionalpreferences.The hierar-
chy is realisedby meansof synsets,setsof syn-
onymousnouns,which areorganisedby multiple
inheritancehyponym/hypernym relationships.A
nouncanappearin severalsynsets,accordingto its
numberof senses.Figure1 illustratesthe(slightly
simplified)GermaNethierarchyfor thenounKaf-
fee ‘coffee’, which is encodedwith two senses,

(1) asa beverageandluxury food, and(2) asex-
pressionfor an afternoonmeal. Both sensesare
subsumedunderthegeneraltop-level nodeObjekt
‘object’. My approachis as follows. For each
noun in a verb-frame-slotcombination,the joint
frequency is split over the differentsensesof the
noun and propagatedupwards the hierarchy. In
caseof multiple hypernym synsets,the frequency
is split again.Thesumof frequenciesover all top
synsetsequalsthe total joint frequency. For ex-
ample,we assumethat the frequency of thenoun
Kaffee‘coffee’ with respectto theverbtrinken ‘to
drink’ andtheaccusativeargumentin thetransitive
frame‘na’ is 10. Eachof thetwo synsetscontain-
ing Kaffee is thereforeassigneda valueof 5, and
the nodevaluesarepropagatedupwards,asFig-
ure1 illustrates.Repeatingthe frequency assign-
ment andpropagationfor all nounsappearingin
averb-frame-slotcombination,theresultdefinesa
frequency distribution of theverb-frame-slotcom-
binationover all GermaNetsynsets.

To restrictthevarietyof nounconceptsto agen-
eral level, I consideronly the frequency distribu-
tions over the top GermaNetnodes. SinceGer-
maNethadnotbeencompletedat thepointof time
I have usedthe hierarchy, I have manuallyadded
few hypernym definitions,suchthatmostbranches
aresubsumedunderthe following 15 conceptual
top levels.Mostof themwerealreadypresent;the
additionallinks mightberegardedasarefinement.

� Lebewesen‘creature’
� Sache‘thing’
� Besitz‘property’
� Substanz‘substance’
� Nahrung‘food’
� Mittel ‘means’
� Situation‘situation’
� Zustand‘state’
� Struktur‘structure’
� Physis‘body’
� Zeit ‘time’
� Ort ‘space’
� Attribut ‘attribute’
� KognitivesObjekt‘cognitive object’
� Kognitiver Prozess‘cognitive process’
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Objekt� ��� ������� ����� �"!

Ding, Sache� ��� �"!

Artefakt,Werk� ��� �"!

Produkt,Erzeugnis� ��� �"!

Konsumgut� ��� �"!

Artikel � ��� �"!

Luxusartikel � ��� �"!

Genussmittel� ��� �"!

Kaffee� �"!

Nahrung,Lebensmittel,Esswaren,Essen,Speisen� ��� ���#������� �"!

flüssigesNahrungsmittel� ��� �"!

Getränk� ��� �"!

antialkoholischesGetränk� ��� �"!

Essen,Mahl, Mahlzeit� �"!

Zwischenmahlzeit� �"!

Kaffeetrinken,Kaffee, Kaffeeklatsch� �"!

Figure1: PropagatingfrequenciesthroughtheGermaNethierarchy

Since the 15 nodes exclude each other and
the frequenciessumto the total joint verb-frame
frequency, we can use the frequenciesto define
probabilitydistributions. Therefore,the15 nodes
provide a coarsedefinition of selectionalprefer-
encesfor a verb-frame-slotcombination.Table1
presentsthreeexampleverb-frame-slotcombina-
tions (the relevant frameslot is underlined)with
their preferences.This coarseselectionalprefer-
enceinformationis providedfor eachverb-frame-
slotcombinationin thegrammarmodel(trainedon
35million wordsof Germannewspapercorpora).

Table2 summarisesthe verb distributions and
presentsthree verbs from different verb classes
and their ten most frequentframe typeswith re-
spectto thethreelevelsof verbdefinition,accom-
paniedby the probability values. On

���
frame

typesincludingPPsarespecifiedfor thePPtype,
and on

���
the frame slot for selectionalprefer-

encerefinementis underlined,and the top-level
synsetis given in brackets.

���
for beginnen ‘to

begin’ defines‘np’ and ‘n’ as the mostprobable
frame types. Even by splitting the ‘np’ proba-
bility over the different PP typesin

���
, a num-

berof prominentPPsareleft, the time indicating
um���� andnach�
	�� , mit�
	�� referringto thebegun
event, an�
	�� as date and in �
	$� as place indica-
tor. It is obvious that adjunctPPsaswell asar-
gumentPPsrepresentadistinctive partof theverb
behaviour.

���
illustratesthat typical selectional

preferencesfor beginnerrolesareSituation,Zus-
tand,Zeit,Sache.

���
hasthepotentialto indicate

verb alternationbehaviour, e.g. ‘na(Situation)’
refersto the samerole for the direct object in a
transitive frame as ‘n(Situation)’ in an intransi-
tive frame. essen‘to eat’ asan objectdrop verb
shows strongpreferencesfor bothintransitive and
transitive usage. As desired,the argumentroles
are strongly determinedby Lebewesenfor both
‘n’ and ‘na’ and Nahrung for ‘na’. fahren ‘to
drive’ choosestypical mannerof motion frames
(‘n’, ‘np’, ‘na’) with the refining PPsbeing di-
rectional(in %��� , zu�
	�� , nach�
	$� ) or referring to
a meansof motion (mit�
	�� , in �
	�� , auf�
	�� ). The
selectionalpreferencesrepresentacorrectalterna-
tion behaviour: Lebewesenin theobjectdropcase
for ‘n’ and‘na’, Sache in theinchoative/causative
casefor ‘n’ and‘na’.



Verb Frame+Slot Top-Level Synset Freq Prob

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
Lebewesen 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

Lebewesen 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 4.91 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
Lebewesen 81.34 0.031
Besitz 36.77 0.014
Physis 4.18 0.002
Substanz 3.70 0.001
Nahrung 3.29 0.001

Table1: Selectionalpreferencedefinitionwith GermaNettopnodes



Distribution
Verb

��� ��� ���

beginnen np 0.43 n 0.28 n(Situation) 0.12
‘to begin’ n 0.28 np:um%��� 0.16 np:um%��� (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�
	�� (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�
	$� 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���� 0.05 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�
	$� 0.04 np:in%��� (Sache) 0.02
ns-2 0.01 np:mit�
	�� 0.03 np:zu�
	�� (Sache) 0.02
ndp 0.01 np:in�
	$� 0.03 np:in%��� (Lebewesen) 0.02
ns-w 0.01 np:auf�
	$� 0.02 np:nach�
	�� (Sache) 0.02

Table2: Examplesof mostprobableframetypes



3 Induction of Semantic Verb Classes

The selectionalpreferenceinformationis applied
to an alternation-like verb description in auto-
matic verb clustering. The clusteringof the Ger-
man verbs is performedby the k-Means algo-
rithm, a standardunsupervisedclustering tech-
niqueasproposedby Forgy (1965). Basedon the
distributional verb descriptionsand standardno-
tions of similarity betweendistributional vectors,
k-Meansiteratively re-organisesinitial verb clus-
ters by assigningeachverb to its closestcluster
and re-calculatingclustercentroidsuntil no fur-
therchangestake place.For detailson thecluster-
ing setupandexperiments,thereaderis referredto
(Schulteim Walde,2003b).

The clusteringexperimentsare performedon
168 partly ambiguousGermanverbs. Beforethe
experiments,I manuallyclassifiedthe verbsinto
43 semanticclasses.The purposeof the manual
classificationis to evaluatethereliability andper-
formanceof theclusteringexperiments.In thefol-
lowing, I presentrepresentative partsof a cluster
analysiswhich usesthe alternation-like verb de-
scriptionon

���
. For eachcluster, theverbswhich

belong to the samegold standardclassare pre-
sentedin oneline, accompaniedby theclasslabel.
I comparethe respective clusterswith their pen-
dantsunder

���
and

���
, to demonstratetheeffect

of thefeaturerefinements.

(a) nieselnregnenschneien– Weather

(b) dämmern– 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

fließen– Mannerof Motion: Flotation

(e) beginnenenden– Aspect
bestehenexistieren– Existence
liegensitzenstehen– Position
laufen– Mannerof Motion: Locomotion

(f) festlegen– Constitution
bilden– Production
erhöhensenkensteigernvergrößernver-

kleinern– QuantumChange

(g) töten– Elimination
unterrichten– Teaching

Theweatherverbsin cluster(a) stronglyagreein
their syntacticexpressionon

���
anddo not need���

or
���

refinementsfor a successfulclasscon-
stitution.dämmernin cluster(b) is ambiguousbe-
tweena weatherverb and expressinga senseof
understanding;this ambiguityis idiosyncratically
expressedin

���
framesalready, so dämmernis

never clusteredtogetherwith the other weather
verbson

���
-
���

. Mannerof Motion, Existence,
PositionandAspectverbsaresimilar in their syn-
tactic frameusageandthereforemergedtogether
on

���
, but addingPP information distinguishes

the respective verb classes: Manner of Motion
verbs primarily demanddirectional PPs,Aspect
verbsaredistinguishedby patientmit�
	$� andtime
and locationprepositions,andExistenceandPo-
sition verbsaredistinguishedby locative preposi-
tions,with Positionverbsshowing morePPvaria-
tion. ThePPinformationis essentialfor success-
fully distinguishingtheseverbclasses,andtheco-
herenceis partlydestroyedby

���
: Mannerof Mo-

tion verbs(from thesub-classesLocomotion,Ro-
tation,Rush,Vehicle, Flotation) arecapturedwell
by clusters(c) and (d), sincethey inhibit strong
commonalternations,but cluster (e) merges the
Existence, Position andAspectverbs,sinceverb-
idiosyncraticselectionalpreferencesdestroy the���

classdemarcation.Admittedly, the verbsin
cluster(e)areclosein theirsemantics,with acom-
mon senseof (bringing into vs. being in) exis-
tence. laufen fits into the clusterwith its sense
of ‘to function’. Cluster(f) containsmost verbs
of QuantumChange, togetherwith one verb of
ProductionandConstitutioneach.Thesemantics
of the clusteris thereforeratherpure. The verbs
in the clustertypically subcategorisea direct ob-
ject, alternatingwith a reflexive usage,‘nr’ and
‘npr’ with mostly auf���� andum���� . The selec-
tional preferenceshelp to distinguishthis cluster:
the verbsagreein demandinga thing or situation
as subject,and variousobjectssuchas attribute,



cognitive object, state,structureor thing as ob-
ject. Without selectionalpreferences(on

���
and���

), the changeof quantumverbsarenot found
togetherwith thesamedegreeof purity. Thereare
verbsas in cluster(g), whosepropertiesarecor-
rectly statedassimilar on

���
-
���

, so a common
clusteris justified;but theverbsonly have coarse
commonmeaningcomponents,in this casetöten
andunterrichtenagreein anactionof oneperson
or institutiontowardsanother.

4 Discussion

Which exactly is the nature of the meaning-
behaviour relationshipin the constitutionof se-
mantic verb classes? And, more specifically,
which is thebenefitof theselectionalpreferences
in thealternation-like verbdescriptionasbasedon
GermaNettop-level nodes?

Addressing the nature of the meaning-
behaviour relationship in the clustering, (a)
alreadya purelysyntacticverbdescriptionallows
a verb clusteringclearly above the baseline.The
result is a successful(semantic) classification
of verbs which agree in their syntactic frame
definitions,e.g.mostof theSupportverbsdienen,
helfen, folgen. The clusteringfails for semanti-
cally similar verbswhich differ in their syntactic
behaviour, e.g. unterstützenwhich doesbelong
to the Supportverbsbut demandsan accusative
insteadof a dative object. In addition,it fails for
syntactically similar verbs which are clustered
togethereventhoughthey do not exhibit semantic
similarity, e.g. many verbsfrom differentseman-
tic classessubcategorisean accusative 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 also in the clusteringof verbs
with optional PP arguments. The improvement
underlinesthe linguistic fact thatverbswhich are
similar in their meaningagreeeitheron a specific
prepositionalcomplement(e.g. glauben/denken
an���� ) or on amoregeneralkind of modification,
e.g. directionalPPsfor mannerof motion verbs.
(c) Definingselectionalpreferencesfor arguments
once more improves the clustering results, but
the improvement is not as persuasive as when

refining the purely syntacticverb descriptionsby
prepositionalinformation. For example, the se-
lectionalpreferenceshelpdemarcatetheQuantum
Change class,becausethe respective verbsagree
in their structuralaswell asselectionalproperties.
But in the Consumptionclass,essenand trinken
havestrongpreferencesfor a foodobject,whereas
konsumierenallows awider rangeof objecttypes.
On the contrary, thereare verbswhich are very
similar in their behaviour, especiallywith respect
to a coarsedefinition of selectionalpreferences,
but they do not belongto the samefine-grained
semanticclass,e.g. tötenandunterrichten.

The descriptionof the clusteringexampleshas
shown thatthedividing line betweenthecommon
andidiosyncraticfeaturesof verbsin a verbclass
definesthelevel of verbdescriptionwhich is rele-
vant for theclassconstitution.Themeaningcom-
ponentsof verbsto acertainextentdeterminetheir
behaviour, but this doesnot meanthatall proper-
tiesof all verbsin a commonclassaresimilar and
we could extend and refine the featuredescrip-
tion endlessly. The meaningof verbscomprises
both (i) propertieswhich are generalfor the re-
spective verb classes,and(ii) idiosyncraticprop-
ertieswhichdistinguishtheverbsfrom eachother.
As long as we definethe verbsby thoseproper-
tieswhich representthecommonpartsof theverb
classes,a clusteringcan succeed.But step-wise
refining the verb descriptionby including lexical
idiosyncrasy, theemphasisof thecommonproper-
tiesvanishes.Someverbsandverbclassesaredis-
tinctive on a coarsefeaturelevel, someneedfine-
grainedextensions,somearenot distinctive with
respectto any combinationof features. Thereis
no uniqueperfectchoiceandencodingof theverb
features;the featurechoiceratherdependson the
specificpropertiesof thedesiredverbclasses.

Theusageof selectionalpreferenceinformation
in semanticverb clusteringis a particular chal-
lengefor the verb description. On the onehand,
onewould want a selectionalpreferencedescrip-
tion asfine-grainedaspossible,to e.g.distinguish
theverbstötenandunterrichtenwhich aresimilar
on a coarseselectionalpreferencelevel (agreeing
in an actionof onepersonor institution towards
another),but distinguishedonafine-grainedlevel:
in atransitiveconstruction,tötenappearswith sub-



jects suchas Soldat ‘soldier’, Angreifer ‘attack-
er’, Schütze‘shooter’, Terrorist ‘terrorist’, Jäger
‘hunter’ and direct objectssuch as Soldat ‘sol-
dier’, Zivilist ‘civilian’, Rebell‘rebel’, Nebenbuh-
ler ‘ri val’, Tier ‘animal’, andunterrichtenappears
with subjectssuchasLehrerschaft ‘communityof
teachers’,College ‘college’, Professor‘professor’
and direct objectssuchas Kind ‘child’, Schüler
‘pupil’, Klasse‘class’,Fach ‘subject’,Grammatik
‘grammar’. Assumingthat we useGermaNetas
sourcefor the preferencedefinition, in the exam-
ple casewe would needanalgorithmcomparable
to thoseby (Resnik,1997; Ribas,1995; Li and
Abe,1998;Abney andLight, 1999;Wagner, 2000;
McCarthy, 2001;Clark andWeir, 2002)which is
able to filter selectionalpreferencesof arbitrary
depth in the hierarchy. On the other hand,one
wouldwantaselectionalpreferencedescriptionon
a moregenerallevel. Considerthe mostspecific
conceptuallevel of semanticclasses,a classifica-
tion with classesof verb synonyms.1 But even
the verb behaviour of synonyms doesnot over-
lap perfectly, sincee.g. selectionalpreferencesof
synonyms vary. For example,the Germanverbs
bekommenand erhalten ‘to get, to receive’ are
synonymous,but they cannotbeexchangedin all
contexts, cf. einenSchnupfenbekommen‘to catch
acold’ vs. & einenSchnupfenerhalten. Thismeans
thatevenfor synonymsafine-graineddefinitionof
selectionalpreferenceswould not provide a per-
fect overlapof thedistributional featuresandthat
somegeneralisationis desirable.

In additionto thelinguisticconflict in clustering
when defining selectionalpreferencesfor verbs,
a clusteringalgorithmhasto pay attentionto the
technicalissueof featureencoding.Wewould run
into a sparsedataproblemif we tried to incorpo-
rateselectionalpreferencesinto the verbdescrip-
tions on a fine-grainedlevel. Again, this means
that somegeneralisationlevel of selectionalpref-
erencesis adequate.

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

1In this context, synonymy refersto ‘partial synonymy’
wheresynonymousverbscannotnecessarilybeexchangedin
all contexts,ascomparedto ‘total synonymy’ wheresynony-
mousverbscanbeexchangedin all contexts–if anything like
‘total synonymy’ existsatall (Bußmann,1990).

ing syntactic frame types, prepositionalphrases
andselectionalpreferenceshave proven success-
ful. But theexact featurechoicefor verbdescrip-
tions in verb clusteringdependson the specific
propertiesof thedesiredverbclasses.And evenif
classesareperfectlydefinedonacommonconcep-
tual level, therelevantlevel of behaviouralproper-
tiesof theverbclassesmightdiffer. This insightis
especiallyproblematicfor thedefinition of selec-
tional preferences,sincenumerousvariationsfor
theirencodingarepossible,but eachchoicewould
presentadvantagesfor someverbclassesanddis-
advantagesfor others. This work haspresented
evidencefor theusefulnessof GermaNettop lev-
els nodesas coarsegeneralisationof selectional
preferences,but the issueof improving the level
of GermaNetpreferencedefinitionsis subjectto
furtherwork.
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