Human Verb Associations asthe Basisfor
Gold Standard Verb Classes:
Validation against GermaNet and FrameNet

Sabine Schulte im Walde

ComputationaLinguistics
SaarlandJniversity
Saarbiicken,Germaty
schulte@coli.uni-shle

Abstract
We describea gold standardor semanticverb classesvhich is basedon humanassociationso verbs. The associationsverecollected
in a web experimentandthenappliedasverb featuresin a hierarchicalclusteranalysis. We claim thatthe resultingclassegepresent
atheory-independergold standarctlassificatiorwhich coversa variety of semanticverbrelations,andwhosefeaturescanbe usedto
guidethefeatureselectionin automaticprocessesTo evaluateour claims,the association-basetlassificationis validatedagainstwo
standarcapproacheso semantioverb classesGermaNeandFrameNet.

1. Introduction

This papersuggests resourcegor gold standardsemantic
verbclassesvhichis independentrom manualdefinitions.
We collectedhumanassociationsf Germarverbsin aweb
experimentandperformeda simplehierarchicaklustering
ontheverbs,asbasednthehumanassociationsWe claim
thattheresultingverbclassesandtheir underlyingfeatures
(i.e. the verbassociationshepresent valuablebasisfor a
theory-independergemanticclassificationof the German
verbs. To supportthis claim, we validatethe association-
basedclassesgainstexisting verbclasses.

Why are we interestedin a gold standad semanticverb
classification?Thereareavarietyof manualsemantioserb
classifications;major frameaworks are the Levin classes
(Levin, 1993), WordNet (Fellbaum, 1998) with its Ger
man counterpariGermaNet(Kunze,2000),and FrameNet
(Fontenelle 2003)with the Salsaproject(Erk etal., 2003)
creatingits Germancounterpart Differentframeavorksde-
pendon differentinstantiationsof semanticsimilarity, e.g.
Levin relieson syntacticsimilarity and verb alternations,
WordNetusessynorymy, andFrameNetelieson situation-
basedagreementas definedin Fillmore’s frame seman-
tics (Fillmore, 1982). As an alternatie to the resource-
intensive manualclassificationsautomaticmethodssuch
as classificationand clusteringtechniqueshave beenap-
pliedto induceverbclassedgrom corpusdata,e.g. (Schulte
im Walde, 2000; Merlo and Stevenson,2001; Joanisand
Stevenson2003;Korhonenretal., 2003; Schulteim Walde,
2003;Ferrer 2004). Whenevaluatingsuchinducedclassi-
fications,it is difficult to definea gold standardhatis gen-
erallyaccepte@ndcoversvariousaspect®f semantisim-
ilarity.* Humanassociationshouldprovide ausefulsource

!Notethatwe referto casesvhereit is desirableto have agen-
erally acceptedjold standarde.g. to compareclusteringresults
independenof aspecificframework), in contrasto casesvherea
specifictype of classificatioris thetarget(e.g. Merlo andSteven-
son(2001)aim for a three-classlistinctionof Englishverbsthat
modelsthreetypesof intransitive-transitve alternations).

for suchagold standardbecausdi) theinducedclassesre
theory-independer@ndcoveravarietyof semantioserbre-
lations(Schulteim WaldeandMelinger, 2005),and(ii) we
know whichfeatureq(i.e. associationsjinderlietheclasses
andcanusethemto guidethe featureselectionin anauto-
maticprocess.

In whatfollows, Section2 introducesthe associatiordata
which we obtainedin a web experiment. Section3 de-
scribesthe cluster analysiswhich was performedon the
experimentverbsandtheir associationsandSection4 val-
idatesthe clusteringagainstGermaNetand FrameNet. In
Section5 we discusdetailsof the validation.

2. Web Experiment and Association Data

We obtainedhuman associationdo Germanverbs from
native spealersin a web experiment(Schulteim Walde
andMelinger, 2005). 330 verbswere selectedfor the ex-
periment. They were dravn from a variety of semantic
classedncluding verbsof self-motion(e.g. gehen‘'walk’,
schwimmen'swim’), transferof possessior{ie.g. kaufen
‘buy’, kriegen ‘receive’), cause(e.g. verbrennen‘burn’,
reduzieen ‘reduce’), experiencing(e.g. hassen‘hate’,
Uberrasden‘surprise’), communicatior(e.g. reden‘talk’,
beneidertenvy’), etc. Thetargetverbsweredivided ran-
domly into 6 separatexperimentallists of 55 verbseach.
The lists werebalancedor classaffiliation andfrequeny
ranges(0, 100, 500, 1000,5000), suchthat eachlist con-
tainedverbsfrom eachgrosslydefinedsemanticclass,and
had equivalent overall verb frequeng distributions. The
frequencief the verbswere determinedoy a 35 million
word newspapercorpus;the verbsshaved corpusfrequen-
ciesbetweerl and71,604.

The participantshad 30 secondger verb to type asmary
associationsas they could. 299 native Germanspealers
participatedn the experiment betweem4 and54 for each
verh In total,we collectedd1,373associationfrom 16,445
trials; eachtrial elicited an averageof 5.16 associatere-
sponsesvith a rangeof 0-16. For the clusteringto follow,
we pre-processedll datasetsin the following way: For



eachtarget verb, we quantifiedover all responsesn the
experiment,disregardingthe order of the associates.Ta-
ble 1 lists the 10 mostfrequentresponse$or the verb kla-
gen ‘complain, moan,sue’. The verb responsesvere not
distinguishedaccordingio polysemicsense®f 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

Tablel: Associationfrequenciegor targetverh

3. Association-based Clustering

The verb associationsre consideredasverb featuresthat
representsalientverb meaningaspectsor semanticverb
classesTheunderlyingassumptions thatverbswhich are
semanticallysimilar tendto have similar associationsand
arethereforeassignedo commonclasses. Table 2 illus-

tratestheoverlapof associationfor the polysemougklagen
with anearsynorym of oneof its sensegammern'moan’.

Thetablelists thoseassociationsvhich weregivenat least
twicefor eachverb;thetotal overlapis 35associatiortypes.

klagen/jammerrimoan’
Frauen ‘women’ 2/3
Leid ‘suffering’ 6/3
Sdimerz | ‘pain’ 317
Trauer ‘mourning’ | 6/2
bedauern| ‘regret’ 2/2
beklagen | ‘bemoan’ 4/3
heulen ‘cry’ 2/3
nervig ‘annoying’ 2/2
ndlen ‘moan’ 2/3
traurig ‘sad’ 2/5
weinen ‘cry’ 13/9

Table2: Associationoverlapfor targetverbs.

Consideringthe associationsas verb features,we calcu-
lated probability distributions for the 330 experimenttar-
getverbsover the associationtypes,andperformeda stan-
dard clustering: The verbsand their featureswere taken
as input to agglomeratre (bottom-up) hierarchicalclus-
tering. As similarity measuren the clusteringprocedure
(i.e. to determinethe distance/similarityfor two verbs),
we usedthe standardneasureskew divemgence cf. Equa-
tion (2), a smoothedvariantof the Kullback-Leiblerdiver
gence cf. Equation(1), which measureshe differencebe-
tweentwo probability distributionsp andgq. Theweightw
wassetto 0.9. The measurenasproven effective for dis-
tributionalsimilarity in NaturalLanguageProcessindLee,
2001; Schulteim Walde, 2003). Ward’s method(minimis-
ing the sum-of-squaresyasusedascriterion for meiging

clusters. The goal of the clusteringwasnot to explore the
optimal featurecombination;thus, we relied on previous
clusteringexperimentsand parametesettings(Schulteim
Walde,2003). For detailson the clusteringmethodseee.qg.
KaufmanandRousseeuw1990).

KL(pllg)=)_ pi log% (1)

skew(p,q) = KL(p |[|wxq+ (1 —w)*p) (2)

Thehierarchicaklusteringwascutatahierarchylevel with
100verbclassesi.e. the classexontainanaverageof 3.3
verbs. This cutwasnot empirically verified; we arguethat
the exactlevel in the hierarchicalclusteringis not critical
for the analysedo follow. The obtainedclassesarespeci-
fied by a) the verbsin the classesandb) the associations
which underlie the respectie classes. For example, the
100-classanalysiscontainsa classwith theverbsbedauern
‘regret’, heulen‘cry’, jammern‘moan’, klagen‘complain,
moan, sue’, verzweifeln’'becomedesperate’ and weinen
‘cry’, with the most distinctive featured Trauer ‘mourn-
ing’, weinen‘cry’, traurig ‘sad’, Tranen‘tears’, jammern
‘moan’, Angst‘fear’, Mitleid ‘pity’, Schmerz‘pain’. An-
otherclasscontainsthe verbsabnehmenabspeken (both:
‘lose weight’) andzunehmengain weight’, with the most
distinctivefeatureDiat ‘diet’, Gewicht ‘weight’, dick ‘fat’,
abnehmernlose weight’, Waage ‘scale’, Essenfood’, es-
sen‘eat’, Sport‘sports’, dinn‘thin’, Fett‘fat’. Intuitively,
theclassesn the hierarchicaklusteringareimpressve and
might thereforebe usefulasa gold standardsemanticverb
classification. The following sectionvalidatesthis intu-
ition.

4. Validation against GermaNet and
FrameNet

Our claim is that the hierarchicalverb classesand their
underlying features(i.e. the verb associationsyepresent
avaluablebasisfor a theory-independergemanticclassi-
fication of the Germanverbs. To supportthis claim, we
validatedtheassociation-baserdassesgainsstandardap-
proachego semanticverb classesi.e. GermaNet(Kunze,
2000), and Salsaasthe Germancounterparto FrameNet
(Erk et al., 2003), subsequentlyeferredto as FrameNet
Sincenotall of our 330experimentsserbswerecoveredby
the two resourcesye performeda preparatorystepwhere
we extractedthoseclassesrom the resourcesvhich con-
tain associatiorverbs;non-associationerbs,otherclasses
aswell assingletonswere disregarded. We wereleft with
33 classegrom GermaNetand49 classedrom FrameNet.
Theseremainingclassificationsare polysemous: The 33
GermaNeftclassecontain71 verb sensewhich distribute
over 56 verbs(ambiguityrate: 1.3), andthe 49 FrameNet
classeontain220 verb sensesvhich distribute over 104
verbs (ambiguity rate: 2.1). The resulting classeswhich

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



eachcontaina subsebf the experimentverbswereconsid-
eredasthegold standard$or theclusteranalysego follow.
Theappendixiststheselectectlasses.

Basedon the 56/104 verbsin the two gold standardre-
sources,we performedtwo clusteranalysesone for the
GermaNetverbs,andonefor the FrameNetverbs. As for
thecompletesetof experimentsrerbsin Section3, we per
formeda hierarchicalclusteringon the respectie subsets
of theexperimentverbs with theirassociationasverbfea-
tures.Theclusterexperimentshereforereplicatedtheorig-
inal association-baserustering but for areducechumber
of verbs. The actualvalidationprocedureghenusedthere-
ducedclassifications:The resultinganalyseswere evalu-
ated againstthe resourceclasseson eachlevel in the hi-
erarchiesj.e. from 56/104classedo 1 class. As evalu-
ation measurewe useda pairwise measurevhich calcu-
latesprecision,recall and a harmonicf-score as follows:
Eachverbpair in the clusteranalysiswascomparedo the
verbpairsin thegold standaratlassesandevaluatedastrue
or falsepositive (HatzivassiloglouandMcKeown, 1993).
Figuresl and2 presentheprecisionyecallandf-scoreval-
uesof the clusteranalysegor the GermaNetndFrameNet
verbs,respectiely. The x-axis shavs the numberof clus-
ters(rangingfrom 56/104to 1), andthe y-axis shows the
percentage.Of course,the precisiondecreasesvith the
bottom-up clustering, and the recall increases. For the
FrameNetverbs, the decreaseof the precision happens
faster andthe increaseof the recall happensslower than
for the GermaNetverbs. This resultsin alower maximum
valuefor the f-scores(62.69%for GermaNetand 30.33%
for FrameNet)andalsoin a smallernumberof clustersin
theoptimalanalyse432 clustersfor GermaNe&nd5 clus-
tersfor FrameNet) Comparinghe maximumf-scoreswith
thecorrespondingipperboundsdiemonstratethattheover
lap of the association-base@ermaNet/FrameNatlusters
with therespectie gold standardesourcess quiteimpres-
sive: Theupperboundsareonly 82.35%for GermaNeand
49.90%for FrameNet(They arebelov 100%,becausé¢he
hierarchicalclusteringassignsa verb to only one cluster
but the lexical resourcesontainpolysemy We createda
hardversionof the lexical resourceclassesvherewe ran-
domly choseone senseof eachpolysemousverb, andcal-
culatedthe upperboundsby evaluatingthe hard versions
againsthesoft versions.)

We were surprisedthat the f-score behaviour for the two
resourcesvasquitedifferent,anddecidedo repeatheval-
idation againstFrameNetwith a slightly changedversion:
We deletedhoseverbsandclasse$rom theFrameNegold
standardwhere we found verbsthat are mainly involved
in multi-word expressions.l.e. for the verbsgehen‘go’,
geben‘give’ and sehen'see’, we deletedall occurrences
which referredto a multi-word expression;in additionwe
deleteda completeclassthatcontainedonly verbswith re-
spectto their supportverbconstructionsThereducedyold
standardor FrameNetontained38 classesvith 145verb
sense$or 91 verbs(ambiguityrate: 1.6). Figure3 presents
the precision,recallandf-scorevaluesof the clusteranal-
ysesfor the FrameNetvariant. The maximumf-scoreis
34.68%in a clusteringwith 10 classesthe upperboundis
60.31%.
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Resource classes| f-score| upperbound
GermaNet 32| 62.69% 82.35%
FrameNet 5 | 30.33% 49.90%
FrameNe{var) 10 | 34.68% 60.31%

Table3: Validationresults.

Table3 summarisethef-scorevalidationscoredor thetwo
lexical resources.The validationresultsdemonstrateéhat
when clusteringthe experimentsverbsfrom Section2 on
the basisof their associationsthe resulting classesshav
considerableoverlap with the two lexical resourcesGer
maNetand FrameNet. This finding suggestghat human
associationgarea sensiblechoicewhenselectingverbfea-
turesfor semantioverbclustering.

5. Discussion

Even though the validation demonstratedconsiderable
overlap betweenthe association-basedlassesand Ger
maNetand FrameNetwe expectedand found differences
betweenthe two lexical resources.This sectiondiscusses
thedifferencesWe concentraten threeaspects(i) theno-
tion of semanticsimilarity in GermaNets. FrameNet(ii)
the associatiorfeatureswhich underliethe clusteranaly-
ses,and(iii) the parametersvhich influencethe clustering
results,i.e. the numberof classeandverbs,andthe ambi-
guity of theverbs.

5.1. Semantic Similarity in GermaNet vs. FrameNet

As mentionedin Sectionl, differentframeworks for se-
manticverbclasseslependndifferentinstantiation®f se-
manticsimilarity: WordNetusessynorymy, andFrameNet
reliesonsituation-basedgreemenasdefinedin Fillmore’s
frame semanticqFillmore, 1982). This differencein se-
mantic similarity is reflectedin our clusteranalyses:In
our best GermaNetclusteringwith a total of 32 classes,
15 out of 21 non-singletonclassesare completely cor-
rect classesaccordingto the gold standardandtherefore
modelnearsynorymy amongverbs. For example,we find
{amusieren, vergnigen} ‘amuse’,{aufregen, argern} ‘up-
set,anng’, {erkennen,feststellen ‘realise, notice’, and
{heulen,weinenr} ‘cry’. Classeswvhich would be judged
correctaccordingo the FrameNeidea,suchas{ausgben
‘spendmoney’, kosten‘cost’} arenot correctwith respect
to GermaNet. In our bestFrameNetclustering, we find
verbsthatarerelatedby a commonsituation.For example,
the verbsausgben‘spendmoneg/’, kaufen‘buy’, mieten
‘rent’ and pachten‘lease’ arein the sameclusterand all
belongto the frame Commece the verbsgleiten ‘glide’,
fahren ‘ride, drive’, rollen ‘roll’, fliegen ‘fly’ and gehen
‘go’ all belongto the frame Motion; and the verbsah-
nen‘guess’,vermuterfassume’,glauben‘'believe’, denlen
‘think’, verstehen‘'understand’andwissen'know’ all be-
long to the frame Awareness The examplesshawv thatthe
association-basetlusteringrealisessynorymousrelations
betweenverbsaswell asvarioussituation-basedelations
including temporalorder, script-basedelations,and co-

troporymy.

5.2. Association Features

The associationsvhich underliethe inducedclassero-
vide guidanceto the featureselectionfor automaticclas-
sificationmethods:Knowing which featureswvererelevant
(i.e. mostprobable)for the resultingclustersin the clus-
ter analyseshelpsto chooseappropriatefeaturesfor se-
manticclassinduction. The knowledgeaboutfeaturescan
refer to the words themseles, or to somegeneralisation
of the words. For example, the most probableassocia-
tionsin theaborementionedsermaNetluster{amisieren,
vemgnigen} ‘amuse’ are SpalR ‘fun’, Freunde‘friends’,
lachen'laugh’, Freudejoy’, andFreizeit'leisuretime’; the
mostprobableassociations thealsomentioned-rameNet
Motion clusterare laufen‘walk’, schnell ‘fast’, Flugzeug
‘plane’, rennen‘run’, and Auto ‘car’. Naturally the asso-
ciationsin thetwo clustersaredifferent,becausehey refer
to differentsemanticclassesandverbs. Whatis morein-
terestings that— whenreferringto amoregeneralevel of
associatiortypes— the GermaNetclusteris dominatedby
abstractnouns,but the FrameNetclusteris dominatedby
concretenouns. In addition,the distribution over the part-
of-speechtypesis different: Among the 10 mostprobable
association@ thefour GermaNetlustersdescribedn the
previous subsectiorwe find 60% nouns,27.5%verbs,and
12.5%adjectvesandadwerbs;in thethreeFrameNetlus-
terswe find 57%nouns,40%verbs,and3% adjectvesand
adwerbs. Thesesimpleinsightsin the associationgypes
demonstrat¢hatwe might detectsystematialifferencesn
associatiortypeswith respecto semanticlassesandwith
respecto the kind of semanticsimilarity, asbasedon the
clusterings.

5.3. Clustering Parametersfor GermaNet vs.
FrameNet

Oneshouldbe awarethatthe clusteringresultswereinflu-
encedby the clusteringparametersAs mentionedn Sec-
tion 3, the technicalparametersuchasthe clusteringal-
gorithm andthe similarity measurevere basedon experi-
encefrom previous experiments.In addition,however, the
clusteringresultswereinfluencedby the numberof classes,
the numberof verbs,andthe verb properties. Validating
againsthe FrameNetlassesvasa moredifficult taskthan
validating againstthe GermaNetclassedecausdi) there
were almosttwice as mary verbsto clusterin the origi-
nal clusteringsetup,and (ii) the ambiguityratewasmuch
larger. In addition,mostof thegold standaratlassesn Ger
maNetcontainfew (i.e. 2-3) verbsper class,whereashe
FrameNetlassegontainanaverageof 4.9 verbsperclass.
Finally, theambiguityratehasaratherstrongimpactonthe
clustering,becauseour pre-releaseversionof FrameNet
containsverb sensesvhich rely on supportverb construc-
tions or metaphoricabr idiomatic expressions For exam-
ple,theverbseherisee’is in 11 outof the49 classesThe
frame Categorisation appliesto casessuchas Man sieht
esals ein Problem‘'One seessomethingasa problem’; the
frameExistencappliesto casesuchasDie Stadthatschon
bessee ZeitengeseheriThe city hadseerbettertimes’; the

30ur FrameNeversiondatesrom May 2005:thefirst release
is announcedor May 2006.



frame Statementappliesto casessuchas So sah es auch
der Chef ‘The chefwasin agreement’andthe frameEx-
pectationappliesto casesuchaslch sehemich unglidklich
werden‘l seemyselfbecomingunhappy’. Clusteringonthe
FrameNetariantdemonstratethatby removing theverbs
with the largestnumberof sensedrom the gold standard,
boththeupperboundandthe optimalclusteringresultsim-
proved;thedifferences significant(x?, df = 1,a = 0.05).

6. Conclusions

This paper presenteda hierarchical clustering of Ger
man verbs,as basedon humanassociationgo the verbs.
The cluster analysiswas validated againstthe two stan-
dard semanticclassificationsGermaNetand FrameNet.
Theresultsdemonstratedonsiderabl®verlapbetweerthe
association-basadrbclassesndtheexistingverbclasses,
andtheassociation-basetassesapturedifferenttypesof
semantisimilarity: Theclusteringrealisessynorymousre-
lationsbetweerverbsaswell asvarioussituation-basede-
lationsincludingtemporalorder, script-basedelations,and
co-troporymy.

The validation results justify the potential use of the
association-basedlassesas a gold standardresourcein
verb clustering experiments. In addition to providing
knowledgeaboutthe verbsand their classesthe associa-
tions which underliethe inducedclassegrovide guidance
to the featureselectionfor automaticclassificationmeth-
ods. This doesnot meanthatwe intendto rely on human
association#n orderto cover an extensive numberof verb
features. Rather the associationsn relationto the verbs
in a certainclassinform us aboutrelevant classfeatures,
with respecto theirsemanticonceptstheir part-of-speech
typestheirfunctions,etc. Futurework will elaboratenthe
ideato usethe associationgsguidelinesin featureselec-
tion.
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Appendix. GermaNet and FrameNet Classes

Tables4 and5 list the GermaNetand FrameNetclasses
which were usedaslexical resourcestandardgor validat-
ing the association-basetlustering. For the FrameNete-
sourcewe restrictthe classe€o exampleclassesbecause
we worked on a pre-releas&ersion;the first releasds an-
nouncedor May 2006.

The verbsin the classegepresent subsetof the German
verbsin theassociationvebexperiment. All Germarverbs
aretranslatednto English,referringto theverbsensen the
respectie class.



Synset Verbs

00008824 | bilden‘form’, formen‘form’

00034646| arbeiten‘function’, gehen‘function’, laufen‘function’
00044386| gefallen‘lik e’, mbgen'lik e’

00143506| flieRen'float’, laufen‘go, float’
00151748 gehen'go’, laufen‘walk’

00159548| laufen‘walk’, rennenrun’

00225732 beugn‘bend’, lehneniean’

00285607 | entwidkeln ‘develop’, laufen‘run’
00392330| ermoden‘kill’, umbringen‘kill’
00437053| beladertload’, laden‘load’

00495701| erkennen'recognise’ feststellerinotice’
00537327| ausgben'spend’,verteilen‘distribute’
00569120| belommerireceive’, erfahren‘experience’ erhalten‘get’
00569557| belommerireceive’, erhalten‘get’, kriegen‘get’
00569716| belommerireceive’, kriegen‘get’
00618219| belommerireceive’, erwarten‘expect’
00620610| toten‘kill’, umbringen ‘kill’

00637652 heulen‘cry’, weinen'‘cry’

00774549| reden‘talk’, sprechen‘speak’

00864958 essereat’, futtern‘guzzle’, nehmeritake’
00881991 | schludken ‘swallow’, trinken ‘drink’
00983725| schatzen‘estimate’,vermuteriguess’
00991131| wollen‘want’, wiinshen‘wish’
00995163| erhofen‘hope’, wiinshen‘wish’
01002907 brauchen‘need’, kosten‘cost’

01213787| entwikeln ‘develop’, zeigen‘show’
01242032| schlucken‘swallow’, verdauen'digest’
01248488| amisieen‘amuse’,verlgniigen ‘amuse’
01263398| aufregen‘upset’, argern ‘annoy’
01341455| knattern‘crackle’, rohren‘roar’
01372575| trauen‘marry’, verheimaten‘marry’
01382942| bitten‘ask’, einladen‘invite’, laden‘ask’
01449147| lehren‘teach’, unterrichten‘teach’

Table4: GermaNetlasses.

Frame

Verbs

Awareness

ahnen‘guess’,denlen‘think’, glauben‘believe’, seherisee’, vermuterfassume’,
versteherfiunderstand’ wissenknow’

Changepositionon ascale

abstirzen‘crash’, klettern‘climb’, reduzieen‘reduce’,rollen‘roll’, sinken‘sink’,
zunehmetincrease’

Commerce ausgben'spendmone/’, geben‘give’, gehen'go’, kaufen'buy’, mieten'rent’, pachten‘lease’

Evidence erkennenrealise’, feststellerinotice’, nahelgen ‘suggest’ ,sagen ‘say’, sprechen‘speak’,
zeigen‘'show’

Killing ermoden‘kill’, erschlagen ‘strike dead’,toten‘kill’, umbringen‘kill’, verbrennenburn’

Motion fahren'ride, drive’, fliegen‘fly’, gehen'go’, gleiten‘glide’, legen‘lay’, rollen ‘roll’,

schlagen‘beat’, treten‘kick’

Table5: ExampleFrameNetlasses.




