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Abstract
We describea gold standardfor semanticverbclasseswhich is basedon humanassociationsto verbs.Theassociationswerecollected
in a web experimentandthenappliedasverb featuresin a hierarchicalclusteranalysis.We claim that the resultingclassesrepresent
a theory-independentgold standardclassificationwhich coversa varietyof semanticverbrelations,andwhosefeaturescanbeusedto
guidethe featureselectionin automaticprocesses.To evaluateour claims,theassociation-basedclassificationis validatedagainsttwo
standardapproachesto semanticverbclasses,GermaNetandFrameNet.

1. Introduction
This papersuggestsa resourcefor gold standardsemantic
verbclasseswhich is independentfrom manualdefinitions.
Wecollectedhumanassociationsof Germanverbsin aweb
experiment,andperformedasimplehierarchicalclustering
ontheverbs,asbasedonthehumanassociations.Weclaim
thattheresultingverbclassesandtheir underlyingfeatures
(i.e. theverbassociations)representa valuablebasisfor a
theory-independentsemanticclassificationof the German
verbs. To supportthis claim, we validatethe association-
basedclassesagainstexisting verbclasses.
Why are we interestedin a gold standard semanticverb
classification?Thereareavarietyof manualsemanticverb
classifications;major frameworks are the Levin classes
(Levin, 1993), WordNet (Fellbaum, 1998) with its Ger-
mancounterpartGermaNet(Kunze,2000),andFrameNet
(Fontenelle,2003)with theSalsaproject(Erk et al., 2003)
creatingits Germancounterpart.Dif ferentframeworksde-
pendon differentinstantiationsof semanticsimilarity, e.g.
Levin relies on syntacticsimilarity and verb alternations,
WordNetusessynonymy, andFrameNetreliesonsituation-
basedagreementas defined in Fillmore’s frame seman-
tics (Fillmore, 1982). As an alternative to the resource-
intensive manualclassifications,automaticmethodssuch
as classificationand clusteringtechniqueshave beenap-
plied to induceverbclassesfrom corpusdata,e.g.(Schulte
im Walde, 2000; Merlo andStevenson,2001; Joanisand
Stevenson,2003;Korhonenet al.,2003;Schulteim Walde,
2003;Ferrer, 2004).Whenevaluatingsuchinducedclassi-
fications,it is difficult to definea gold standardthatis gen-
erallyacceptedandcoversvariousaspectsof semanticsim-
ilarity.1 Humanassociationsshouldprovideausefulsource

1Notethatwereferto caseswhereit is desirableto haveagen-
erally acceptedgold standard(e.g. to compareclusteringresults
independentof aspecificframework), in contrastto caseswherea
specifictypeof classificationis thetarget(e.g.Merlo andSteven-
son(2001)aim for a three-classdistinctionof Englishverbsthat
modelsthreetypesof intransitive-transitivealternations).

for suchagoldstandard,because(i) theinducedclassesare
theory-independentandcoveravarietyof semanticverbre-
lations(Schulteim WaldeandMelinger, 2005),and(ii) we
know which features(i.e. associations)underlietheclasses
andcanusethemto guidethefeatureselectionin anauto-
maticprocess.
In what follows, Section2 introducesthe associationdata
which we obtainedin a web experiment. Section3 de-
scribesthe clusteranalysiswhich was performedon the
experimentverbsandtheir associations,andSection4 val-
idatesthe clusteringagainstGermaNetandFrameNet.In
Section5 wediscussdetailsof thevalidation.

2. Web Experiment and Association Data
We obtainedhumanassociationsto Germanverbs from
native speakers in a web experiment(Schulteim Walde
andMelinger, 2005). 330 verbswereselectedfor the ex-
periment. They were drawn from a variety of semantic
classesincluding verbsof self-motion(e.g. gehen‘walk’,
schwimmen‘swim’), transferof possession(e.g. kaufen
‘buy’, kriegen ‘receive’), cause(e.g. verbrennen‘burn’,
reduzieren ‘reduce’), experiencing(e.g. hassen‘hate’,
überraschen‘surprise’),communication(e.g. reden‘talk’,
beneiden‘envy’), etc. The target verbsweredivided ran-
domly into 6 separateexperimentallists of 55 verbseach.
The lists werebalancedfor classaffiliation andfrequency
ranges(0, 100, 500, 1000,5000),suchthat eachlist con-
tainedverbsfrom eachgrosslydefinedsemanticclass,and
had equivalent overall verb frequency distributions. The
frequenciesof the verbsweredeterminedby a 35 million
word newspapercorpus;theverbsshowedcorpusfrequen-
ciesbetween1 and71,604.
The participantshad30 secondsper verb to type asmany
associationsas they could. 299 native Germanspeakers
participatedin theexperiment,between44 and54 for each
verb. In total,wecollected81,373associationsfrom16,445
trials; eachtrial elicited an averageof 5.16 associatere-
sponseswith a rangeof 0-16. For theclusteringto follow,
we pre-processedall datasetsin the following way: For



eachtarget verb, we quantifiedover all responsesin the
experiment,disregardingthe order of the associates.Ta-
ble 1 lists the10 mostfrequentresponsesfor theverbkla-
gen ‘complain, moan,sue’. The verb responseswerenot
distinguishedaccordingto polysemicsensesof theverbs.

klagen ‘complain,moan,sue’
Gericht ‘court’ 19
jammern ‘moan’ 18
weinen ‘cry’ 13
Anwalt ‘lawyer’ 11
Richter ‘judge’ 9
Klage ‘complaint’ 7
Leid ‘suffering’ 6
Trauer ‘mourning’ 6
Klagemauer ‘Wailing Wall’ 5
laut ‘noisy’ 5

Table1: Associationfrequenciesfor targetverb.

3. Association-based Clustering
The verb associationsareconsideredasverb featuresthat
representsalientverb meaningaspectsfor semanticverb
classes.Theunderlyingassumptionis thatverbswhich are
semanticallysimilar tendto have similar associations,and
are thereforeassignedto commonclasses.Table 2 illus-
tratestheoverlapof associationsfor thepolysemousklagen
with anear-synonym of oneof its senses,jammern‘moan’.
Thetablelists thoseassociationswhich weregivenat least
twicefor eachverb;thetotaloverlapis35associationtypes.

klagen/jammern‘moan’
Frauen ‘women’ 2/3
Leid ‘suffering’ 6/3
Schmerz ‘pain’ 3/7
Trauer ‘mourning’ 6/2
bedauern ‘regret’ 2/2
beklagen ‘bemoan’ 4/3
heulen ‘cry’ 2/3
nervig ‘annoying’ 2/2
nölen ‘moan’ 2/3
traurig ‘sad’ 2/5
weinen ‘cry’ 13/9

Table2: Associationoverlapfor targetverbs.

Consideringthe associationsas verb features,we calcu-
latedprobability distributions for the 330 experimenttar-
getverbsover theassociationtypes,andperformeda stan-
dard clustering: The verbsand their featureswere taken
as input to agglomerative (bottom-up)hierarchicalclus-
tering. As similarity measurein the clusteringprocedure
(i.e. to determinethe distance/similarityfor two verbs),
we usedthe standardmeasureskew divergence, cf. Equa-
tion (2), a smoothedvariantof theKullback-Leiblerdiver-
gence, cf. Equation(1), which measuresthedifferencebe-
tweentwo probabilitydistributions � and � . Theweight �
wasset to 0.9. The measurehasproven effective for dis-
tributionalsimilarity in NaturalLanguageProcessing(Lee,
2001;Schulteim Walde,2003). Ward’s method(minimis-
ing the sum-of-squares)wasusedascriterion for merging

clusters.Thegoalof the clusteringwasnot to explore the
optimal featurecombination;thus, we relied on previous
clusteringexperimentsandparametersettings(Schulteim
Walde,2003).For detailson theclusteringmethodseee.g.
KaufmanandRousseeuw(1990).
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Thehierarchicalclusteringwascutatahierarchylevel with
100verbclasses,i.e. theclassescontainanaverageof 3.3
verbs.This cut wasnot empiricallyverified;we arguethat
the exact level in the hierarchicalclusteringis not critical
for the analysesto follow. Theobtainedclassesarespeci-
fied by a) the verbsin the classes,andb) the associations
which underlie the respective classes. For example, the
100-classanalysiscontainsaclasswith theverbsbedauern
‘regret’, heulen‘cry’, jammern‘moan’, klagen ‘complain,
moan,sue’, verzweifeln‘becomedesperate’,and weinen
‘cry’, with the most distinctive features2 Trauer ‘mourn-
ing’, weinen‘cry’, traurig ‘sad’, Tränen‘tears’, jammern
‘moan’, Angst ‘fear’, Mitleid ‘pity’, Schmerz‘pain’. An-
otherclasscontainstheverbsabnehmen, abspecken(both:
‘lose weight’) andzunehmen‘gain weight’, with the most
distinctivefeaturesDiät ‘diet’, Gewicht ‘weight’, dick ‘f at’,
abnehmen‘lose weight’, Waage ‘scale’, Essen‘food’, es-
sen‘eat’, Sport ‘sports’, dünn ‘thin’, Fett ‘f at’. Intuitively,
theclassesin thehierarchicalclusteringareimpressiveand
might thereforebeusefulasa gold standardsemanticverb
classification. The following sectionvalidatesthis intu-
ition.

4. Validation against GermaNet and
FrameNet

Our claim is that the hierarchicalverb classesand their
underlyingfeatures(i.e. the verb associations)represent
a valuablebasisfor a theory-independentsemanticclassi-
fication of the Germanverbs. To supportthis claim, we
validatedtheassociation-basedclassesagainststandardap-
proachesto semanticverbclasses,i.e. GermaNet(Kunze,
2000),andSalsaas the Germancounterpartto FrameNet
(Erk et al., 2003), subsequentlyreferredto as FrameNet.
Sincenotall of our330experimentsverbswerecoveredby
the two resources,we performeda preparatorystepwhere
we extractedthoseclassesfrom the resourceswhich con-
tain associationverbs;non-associationverbs,otherclasses
aswell assingletonsweredisregarded.We wereleft with
33 classesfrom GermaNet,and49 classesfrom FrameNet.
Theseremainingclassificationsare polysemous:The 33
GermaNetclassescontain71 verbsenseswhich distribute
over 56 verbs(ambiguityrate: 1.3), andthe 49 FrameNet
classescontain220 verb senseswhich distribute over 104
verbs(ambiguity rate: 2.1). The resultingclasseswhich

2The most distinctive featuresfor a class were identified
as thoseassociationswhich accumulatemost probability mass,
summedover all verbsin theclass.



eachcontaina subsetof theexperimentverbswereconsid-
eredasthegoldstandardsfor theclusteranalysesto follow.
Theappendixlists theselectedclasses.
Basedon the 56/104 verbs in the two gold standardre-
sources,we performedtwo clusteranalyses,one for the
GermaNetverbs,andonefor the FrameNetverbs. As for
thecompletesetof experimentsverbsin Section3, weper-
formeda hierarchicalclusteringon the respective subsets
of theexperimentverbs,with theirassociationsasverbfea-
tures.Theclusterexperimentsthereforereplicatedtheorig-
inal association-basedclustering,but for a reducednumber
of verbs.Theactualvalidationprocedurethenusedthere-
ducedclassifications:The resultinganalyseswere evalu-
atedagainstthe resourceclasseson eachlevel in the hi-
erarchies,i.e. from 56/104classesto 1 class. As evalu-
ation measure,we useda pair-wise measurewhich calcu-
latesprecision,recall and a harmonicf-scoreas follows:
Eachverbpair in theclusteranalysiswascomparedto the
verbpairsin thegoldstandardclasses,andevaluatedastrue
or falsepositive (HatzivassiloglouandMcKeown, 1993).
Figures1 and2 presenttheprecision,recallandf-scoreval-
uesof theclusteranalysesfor theGermaNetandFrameNet
verbs,respectively. Thex-axis shows the numberof clus-
ters(rangingfrom 56/104to 1), andthe y-axis shows the
percentage.Of course,the precisiondecreaseswith the
bottom-upclustering, and the recall increases. For the
FrameNetverbs, the decreaseof the precision happens
faster, and the increaseof the recall happensslower than
for theGermaNetverbs.This resultsin a lower maximum
valuefor the f-scores(62.69%for GermaNetand30.33%
for FrameNet)andalsoin a smallernumberof clustersin
theoptimalanalyses(32 clustersfor GermaNetand5 clus-
tersfor FrameNet).Comparingthemaximumf-scoreswith
thecorrespondingupperboundsdemonstratesthattheover-
lap of the association-basedGermaNet/FrameNetclusters
with therespectivegoldstandardresourcesis quiteimpres-
sive: Theupperboundsareonly 82.35%for GermaNetand
49.90%for FrameNet.(They arebelow 100%,becausethe
hierarchicalclusteringassignsa verb to only onecluster,
but the lexical resourcescontainpolysemy. We createda
hardversionof the lexical resourceclasseswherewe ran-
domly choseonesenseof eachpolysemousverb,andcal-
culatedthe upperboundsby evaluatingthe hardversions
againstthesoft versions.)
We weresurprisedthat the f-scorebehaviour for the two
resourceswasquitedifferent,anddecidedto repeattheval-
idationagainstFrameNetwith a slightly changedversion:
Wedeletedthoseverbsandclassesfrom theFrameNetgold
standardwherewe found verbsthat are mainly involved
in multi-word expressions.I.e. for the verbsgehen‘go’,
geben‘give’ and sehen‘see’, we deletedall occurrences
which referredto a multi-word expression;in additionwe
deleteda completeclassthatcontainedonly verbswith re-
spectto their supportverbconstructions.Thereducedgold
standardfor FrameNetcontained38 classeswith 145verb
sensesfor 91verbs(ambiguityrate:1.6). Figure3 presents
theprecision,recallandf-scorevaluesof theclusteranal-
ysesfor the FrameNetvariant. The maximumf-scoreis
34.68%in a clusteringwith 10 classes;theupperboundis
60.31%.
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Figure1: P/R/Ffor GermaNetclustering.
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Figure2: P/R/Ffor FrameNetclustering.
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Figure3: P/R/Ffor FrameNetclusteringvariant.



Resource classes f-score upperbound
GermaNet 32 62.69% 82.35%
FrameNet 5 30.33% 49.90%

FrameNet(var) 10 34.68% 60.31%

Table3: Validationresults.

Table3 summarisesthef-scorevalidationscoresfor thetwo
lexical resources.The validationresultsdemonstratethat
whenclusteringthe experimentsverbsfrom Section2 on
the basisof their associations,the resultingclassesshow
considerableoverlap with the two lexical resourcesGer-
maNetand FrameNet. This finding suggeststhat human
associationsarea sensiblechoicewhenselectingverbfea-
turesfor semanticverbclustering.

5. Discussion

Even though the validation demonstratedconsiderable
overlap betweenthe association-basedclassesand Ger-
maNetandFrameNet,we expectedandfound differences
betweenthe two lexical resources.This sectiondiscusses
thedifferences.Weconcentrateonthreeaspects,(i) theno-
tion of semanticsimilarity in GermaNetvs. FrameNet,(ii)
the associationfeatureswhich underliethe clusteranaly-
ses,and(iii) theparameterswhich influencetheclustering
results,i.e. thenumberof classesandverbs,andtheambi-
guity of theverbs.

5.1. Semantic Similarity in GermaNet vs. FrameNet

As mentionedin Section1, different frameworks for se-
manticverbclassesdependondifferentinstantiationsof se-
manticsimilarity: WordNetusessynonymy, andFrameNet
reliesonsituation-basedagreementasdefinedin Fillmore’s
frame semantics(Fillmore, 1982). This differencein se-
mantic similarity is reflectedin our clusteranalyses: In
our bestGermaNetclusteringwith a total of 32 classes,
15 out of 21 non-singletonclassesare completely cor-
rect classes,accordingto the gold standard,andtherefore
modelnear-synonymy amongverbs.For example,we find-
amüsieren,vergnügen. ‘amuse’,

-
aufregen,ärgern. ‘up-

set, annoy’,
-
erkennen,feststellen. ‘realise, notice’, and-

heulen,weinen. ‘cry’. Classeswhich would be judged
correctaccordingto theFrameNetidea,suchas

-
ausgeben

‘spendmoney’, kosten‘cost’ . arenot correctwith respect
to GermaNet. In our bestFrameNetclustering,we find
verbsthatarerelatedby a commonsituation.For example,
the verbsausgeben‘spendmoney’, kaufen‘buy’, mieten
‘rent’ andpachten ‘lease’ are in the sameclusterand all
belongto the frame Commerce; the verbsgleiten ‘glide’,
fahren ‘ride, drive’, rollen ‘roll’, fliegen ‘fly’ and gehen
‘go’ all belong to the frame Motion; and the verbs ah-
nen‘guess’,vermuten‘assume’,glauben‘believe’, denken
‘think’, verstehen‘understand’andwissen‘know’ all be-
long to the frameAwareness. Theexamplesshow that the
association-basedclusteringrealisessynonymousrelations
betweenverbsaswell asvarioussituation-basedrelations
including temporalorder, script-basedrelations,and co-
troponymy.

5.2. Association Features

The associationswhich underliethe inducedclassespro-
vide guidanceto the featureselectionfor automaticclas-
sificationmethods:Knowing which featureswererelevant
(i.e. mostprobable)for the resultingclustersin the clus-
ter analyseshelps to chooseappropriatefeaturesfor se-
manticclassinduction. Theknowledgeaboutfeaturescan
refer to the words themselves, or to somegeneralisation
of the words. For example, the most probableassocia-
tionsin theabovementionedGermaNetcluster

-
amüsieren,

vergnügen. ‘amuse’ are Spaß ‘fun’, Freunde‘friends’,
lachen‘laugh’, Freude‘joy’, andFreizeit‘leisuretime’; the
mostprobableassociationsin thealsomentionedFrameNet
Motion clusterare laufen ‘walk’, schnell ‘f ast’, Flugzeug
‘plane’, rennen‘run’, andAuto ‘car’. Naturally, the asso-
ciationsin thetwo clustersaredifferent,becausethey refer
to differentsemanticclassesandverbs. What is morein-
terestingis that– whenreferringto a moregenerallevel of
associationtypes– the GermaNetclusteris dominatedby
abstractnouns,but the FrameNetclusteris dominatedby
concretenouns.In addition,thedistribution over thepart-
of-speechtypesis different: Among the 10 mostprobable
associationsin thefour GermaNetclustersdescribedin the
previoussubsectionwe find 60%nouns,27.5%verbs,and
12.5%adjectivesandadverbs;in thethreeFrameNetclus-
terswe find 57%nouns,40%verbs,and3%adjectivesand
adverbs. Thesesimple insights in the associationstypes
demonstratethatwe might detectsystematicdifferencesin
associationtypeswith respectto semanticclassesandwith
respectto the kind of semanticsimilarity, asbasedon the
clusterings.

5.3. Clustering Parameters for GermaNet vs.
FrameNet

Oneshouldbeawarethat theclusteringresultswereinflu-
encedby theclusteringparameters.As mentionedin Sec-
tion 3, the technicalparameterssuchas the clusteringal-
gorithm andthe similarity measurewerebasedon experi-
encefrom previousexperiments.In addition,however, the
clusteringresultswereinfluencedby thenumberof classes,
the numberof verbs,and the verb properties. Validating
againsttheFrameNetclasseswasa moredifficult taskthan
validatingagainstthe GermaNetclassesbecause(i) there
were almost twice as many verbsto cluster in the origi-
nal clusteringsetup,and(ii) the ambiguityratewasmuch
larger. In addition,mostof thegoldstandardclassesin Ger-
maNetcontainfew (i.e. 2-3) verbsper class,whereasthe
FrameNetclassescontainanaverageof 4.9verbsperclass.
Finally, theambiguityratehasaratherstrongimpactonthe
clustering,becauseour pre-releaseversionof FrameNet3

containsverbsenseswhich rely on supportverbconstruc-
tionsor metaphoricalor idiomaticexpressions.For exam-
ple, theverbsehen‘see’ is in 11 out of the49 classes:The
frame Categorisation appliesto casessuchas Man sieht
esals ein Problem‘One seessomethingasa problem’; the
frameExistenceappliesto casessuchasDieStadthatschon
bessereZeitengesehen‘The city hadseenbettertimes’; the

3Our FrameNetversiondatesfrom May 2005;thefirst release
is announcedfor May 2006.



frame Statementappliesto casessuchas So sah es auch
der Chef ‘The chefwasin agreement’;andthe frameEx-
pectationappliesto casessuchasIch sehemich unglücklich
werden‘I seemyselfbecomingunhappy’. Clusteringonthe
FrameNetvariantdemonstratedthatby removing theverbs
with the largestnumberof sensesfrom the gold standard,
boththeupperboundandtheoptimalclusteringresultsim-
proved;thedifferenceis significant( /,0 �2143 
 ( �65 
87�9 7;: ).

6. Conclusions

This paper presenteda hierarchical clustering of Ger-
man verbs,as basedon humanassociationsto the verbs.
The cluster analysiswas validatedagainstthe two stan-
dard semanticclassificationsGermaNetand FrameNet.
Theresultsdemonstratedconsiderableoverlapbetweenthe
association-basedverbclassesandtheexistingverbclasses,
andtheassociation-basedclassescapturedifferenttypesof
semanticsimilarity: Theclusteringrealisessynonymousre-
lationsbetweenverbsaswell asvarioussituation-basedre-
lationsincludingtemporalorder, script-basedrelations,and
co-troponymy.
The validation results justify the potential use of the
association-basedclassesas a gold standardresourcein
verb clustering experiments. In addition to providing
knowledgeaboutthe verbsand their classes,the associa-
tionswhich underliethe inducedclassesprovide guidance
to the featureselectionfor automaticclassificationmeth-
ods. This doesnot meanthat we intendto rely on human
associationsin orderto cover anextensive numberof verb
features. Rather, the associationsin relation to the verbs
in a certainclassinform us aboutrelevant classfeatures,
with respectto theirsemanticconcepts,theirpart-of-speech
types,theirfunctions,etc.Futurework will elaborateonthe
ideato usethe associationsasguidelinesin featureselec-
tion.
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Appendix. GermaNet and FrameNet Classes
Tables4 and 5 list the GermaNetand FrameNetclasses
which wereusedaslexical resourcestandardsfor validat-
ing theassociation-basedclustering.For theFrameNetre-
sourcewe restrict the classesto exampleclasses,because
we workedon a pre-releaseversion;thefirst releaseis an-
nouncedfor May 2006.
The verbsin the classesrepresenta subsetof the German
verbsin theassociationwebexperiment.All Germanverbs
aretranslatedinto English,referringto theverbsensein the
respectiveclass.



Synset Verbs
00008824 bilden ‘form’, formen‘form’
00034646 arbeiten‘function’, gehen‘function’, laufen‘function’
00044386 gefallen‘lik e’, mögen ‘lik e’
00143506 fließen‘float’, laufen‘go, float’
00151748 gehen‘go’, laufen‘walk’
00159548 laufen‘walk’, rennen‘run’
00225732 beugen ‘bend’, lehnen‘lean’
00285607 entwickeln ‘develop’, laufen‘run’
00392330 ermorden‘kill’, umbringen ‘kill’
00437053 beladen‘load’, laden‘load’
00495701 erkennen‘recognise’,feststellen‘notice’
00537327 ausgeben‘spend’,verteilen‘distribute’
00569120 bekommen‘receive’, erfahren ‘experience’,erhalten‘get’
00569557 bekommen‘receive’, erhalten‘get’, kriegen ‘get’
00569716 bekommen‘receive’, kriegen ‘get’
00618219 bekommen‘receive’, erwarten‘expect’
00620610 töten‘kill’, umbringen ‘kill’
00637652 heulen‘cry’, weinen‘cry’
00774549 reden‘talk’, sprechen‘speak’
00864958 essen‘eat’, futtern ‘guzzle’, nehmen‘take’
00881991 schlucken ‘swallow’, trinken ‘drink’
00983725 schätzen‘estimate’,vermuten‘guess’
00991131 wollen ‘want’, wünschen‘wish’
00995163 erhoffen ‘hope’, wünschen‘wish’
01002907 brauchen‘need’,kosten‘cost’
01213787 entwickeln ‘develop’, zeigen ‘show’
01242032 schlucken ‘swallow’, verdauen‘digest’
01248488 amüsieren ‘amuse’,vergnügen ‘amuse’
01263398 aufregen ‘upset’, ärgern ‘annoy’
01341455 knattern‘crackle’, röhren ‘roar’
01372575 trauen‘marry’, verheiraten‘marry’
01382942 bitten ‘ask’, einladen‘invite’, laden‘ask’
01449147 lehren ‘teach’,unterrichten‘teach’

Table4: GermaNetclasses.

Frame Verbs
Awareness ahnen‘guess’,denken ‘think’, glauben‘believe’, sehen‘see’,vermuten‘assume’,

verstehen‘understand’,wissen‘know’
Changepositionon a scale absẗurzen‘crash’,klettern‘climb’, reduzieren ‘reduce’,rollen ‘roll’, sinken ‘sink’,

zunehmen‘increase’
Commerce ausgeben‘spendmoney’, geben‘give’, gehen‘go’, kaufen‘buy’, mieten‘rent’, pachten‘lease’
Evidence erkennen‘realise’, feststellen‘notice’, nahelegen ‘suggest’,sagen ‘say’, sprechen‘speak’,

zeigen ‘show’
Killing ermorden‘kill’, erschlagen ‘strike dead’,töten‘kill’, umbringen ‘kill’, verbrennen‘burn’
Motion fahren ‘ride, drive’, fliegen ‘fly’, gehen‘go’, gleiten‘glide’, legen ‘lay’, rollen ‘roll’,

schlagen ‘beat’, treten‘kick’

Table5: ExampleFrameNetclasses.


