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Abstract 

The central question of this study is 
whether aspectual verb classes (Vendler, 
1967) can be induced from corpus data in 
a fully automatic, distributionally moti-
vated procedure. We propose an opera-
tionalization of ‘aspectivity’ utilizing dis-
tributional information about nominal 
fillers in the argument positions of verbs 
in combination with aspectual features 
automatically derived from dependency 
information. Using a support vector ma-
chine classifier and a classification into 
five aspectual classes (Richter and van 
Hout, 2015) as the gold standard, we ob-
served excellent results that support our 
hypothesis. 

 

1 Introduction 

This study aims to empirically validate aspectual 
verb classes in German using corpus data. It is 
primarily motivated by a lack of studies on the 
induction of the complete Vendlerian typology. 
Vendler (1967) distinguished the four aspectual 
classes: accomplishments, achievements, states 
and activities, which are based on the temporal 
scheme of verbs and verb phrases. The grammat-
ical verb category aspect (Klein, 2009) allows 
for a classification into species of verb[s] 
(Vendler, 1967), which Klein (2009: 22) defines 
by the five temporal features qualitative change 
(‘non-stative’ vs. ‘stative’), boundedness  (initial 
and final boundary, i.e. ‘processes’ vs. ‘events’), 
duration (‘punctual’ vs. ‘non-punctual’ con-

tents), inner quantification: (‘iterative’, ‘frequen-
tative’, ‘semelfactive’), phase (‘inchoative’, 
‘terminative’, ‘resultative’, etc.), whereby the 
superior criterion is that of perfective vs. non-
perfective aspect (Klein, 2009). 
 Research on aspectual verb classes is of 
particular relevance because the temporal and 
causal structure of events can be represented 
(Vendler, 1967; Fernando, 2004; Gründer, 2008); 
by aspect, which yields classificatory criteria for 
linguistic units such as verbs and documents 
(Siegel, 1997; Siegel and McKeown, 2000). 
 Based on previous work of Richter and 
Hermes (2015) we hypothesize, that aspectual 
verb classes can be automatically induced from 
the classified nominal fillers in the argument po-
sition of verbs. The nominal fillers were com-
bined with aspectual features (co-occurences of 
specific words / phrases in dependent and gov-
erning positions relative to the verb), as we 
aimed to test whether, and what degree those 
features would improve the quality of the classi-
fication, an additional question being whether 
from single aspectual features satisfying classifi-
cation results could be achieved. Our hypothesis 
refers to the Distributional Hypothesis (Ru-
benstein and Goodenough, 1965; Schütze and 
Pedersen, 1995; Landauer and Dumais, 1997; 
Pantel, 2005) which claims that semantically re-
lated linguistic elements appear in semantically 
related contexts. The present study in the frame-
work of a vector space model is also driven by 
the Statistical Semantics Hypothesis (Weaver, 
1955; Furnas et al., 1983; Turney and Pantel, 
2010) which states that linguistic meaning can be 
derived from statistical linguistic patterns.  

In order to test our hypothesis, we took a 
test set of 95 verbs from Schumacher (1986). 
Based on a dependency parse of the SdeWaC 
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corpus we determined the nominal fillers and 
their classes in argument positions (that is, in 
subject, direct object, and prepositional object 
positions) and additionally extracted aspectual 
features as defined by Vendler (1967) with re-
gard to their structural positions. Both the nouns 
and the aspectual features were extracted from 
the respective sentences the 95 verbs occurred in. 
The indirect object was left out because there 
were few occurrences of verbs with indirect ob-
jects. In addition, Richter and Hermes (2015) 
brought to light, that indirect objects - contingent 
upon their sparsity - were weak predictors of 
verb classes. The aspect-based classification of 
Richter and van Hout (2015) was used as a gold 
standard in this study. This classification consists 
of five classes and extends the typology of 
Vendler (1967) by adding the class accomplish-
ments with an affected subject.  
 In the present study we represent verbs 
as feature vectors that consist of nouns in argu-
ment positions separated into areas according to 
their noun classes which were induced by cluster 
analysis, accompained by aspectual features, the 
research questions being 1. to what extent the 
aspectual features will increase the predictive 
power of the nominal fillers in arguments posi-
tions, and 2. whether aspectual features as single-
tons would be sufficient to predict aspectual verb 
classes. The test set of verbs was classified in a 
supervised learning procedure using a support 
vector machine (SVM) classifier. 
 

2 Related work 

There are few studies which address the topic of 
automatic induction of aspectual verb classes. By 
focusing on tense forms, Klavans & Chodorow 
(1992) determined gradual state-properties of 
verbs. Siegel (1997) and Siegel & McKeown 
(2000) classified verbs using temporal and modal 
indicators such as temporal adverbs, tense forms 
and manner- and evaluation-adverbs into the two 
aspect classes states and events. No attempts 
have been made so far to induce the complete 
Vendlerian Typology. 

Studies on the automatic induction of 
non-aspectual verb classes from Dorr & Jones 
(1996), Merlo & Stevenson (2001), Preiss, Bris-
coe & Korhonen (2007), Joanis, Stevenson & 
James (2008), Vlachos, Korhonen & Gahramani 
(2009) and Parisien & Stevenson (2011), 
amongst others, provide corpus based evidence 
that argument frames, syntactic subcategoriza-

tion information and, in addition, aspect (Joanis, 
Stevenson & James, 2008) are reliable predict-
ors. Merlo & Stevenson (2001), who induced a 
Levin-compatible classification from the argu-
ment structure of verbs, draw the conclusion that 
the semantics of the argument structure is deci-
sive for the classification of verbs.   
 Classifications have been empirically 
induced which are compatible with the classifica-
tions of Levin (1993) and Schumacher (1986) 
but only for German. Examples are classes such 
as verbs of existence, verbs of linguistic expres-
sion and verbs of vital needs, see Schumacher, 
(1986) and verbs of transfer of possession und 
verbs of communication, see Levin (1993). 
Schulte im Walde & Brew (2002) induced 14 
verb classes from a test corpus of 57 verbs focus-
ing solely on the syntactic information of verbs. 
In a follow up study, Schulte im Walde (2003) 
induced 43 verb classes from a test corpus of 168 
verbs considering both syntactic and semantic 
information, and in a replication of this study 
Schulte im Walde (2004) induced 100 verb clas-
ses from a test set of 883 verbs. Schulte im Wal-
de (2003) concludes that in order to get linguisti-
cally plausible clusters, both idiosyncrasies and 
general, more abstract properties of verbs have to 
be taken into consideration. 
   

3 Methodology 

In this study, we classified a selection of 95 
common German verbs taken from Schumacher 
(1986), who defines seven lexical semantic 
macrofields; Verben der allgemeinen Existenz 
(‘verbs of general existence’), Verben der spezi-
ellen Existenz (‘verbs of special existence’), Ver-
ben des sprachlichen Ausdrucks (‘verbs of lin-
guistic expression’), Verben der Differenz 
(‘verbs of difference’), Verben der Relation und 
des geistigen Handelns (‘verbs of relation and 
mental processing’), Verben des Handlungs-
spielraums (‘verbs of freedom of action’) and 
Verben der vitalen Bedürfnisse (‘verbs of vital 
needs’). The macrofields are split into 30 sub-
fields. We chose the verbs randomly from the 
thirty subfields, the only criterion being the in-
clusion of every subfield in order to cover the 
total semantic range of Schumacher’s typology 
(1986). 
 Figure 1 presents the complete workflow 
of our analysis, from raw sentence data taken 
from the SdeWaC corpus (down left) to sets of 
classified verbs (up right). Below we describe the 
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main steps of the workflow as numbered in fig-
ure 1. 
 
 

 
 

Figure 1 Synopsis of our processing workflow. Each pro-
cessing step is realized as a largely independent, subordi-
nated workflow, e.g. the description of the Tesla Cluster 
Workflow in figure 2 (see below). 

 
3.1 Determination of verb features 
 
Initially, we extracted 3000 sentences for each 
verb in our list (step 1) and parsed them (step 2) 
with the Mate Dependency Parser from Bohnet 
(2010)1 in order to determine subjects and ob-
jects (accusative, dative, and prepositional) for 
each verb (step 3) and in addition to determine 
aspectual features, which were suggested by 
Vendler (1967) to distinguish aspectual verb 
classes. The list of aspectual features is given 
below:  
 

1. verb in imperative form, 
2. verb complex with aufhören / stoppen 

(‘to stop / to finish’) as governing verbs, 
3. verb complex with überzeugen (‘to con-

vince’) as governing verb, 
4. matrix verb with time adverbials for du-

rations, like minutenlang (‘for minutes’), 
in einer Minute (‘in a minute’), 

5. matrix verb with time units, like minute 
(‘minute’), jahrhundert (‘century’), 

6. matrix verbs with seit (‘since’), com-
bined with a time unit, 

7. matrix verb with adverbials sorgfältig / 
mit Sorgfalt (‘careful / with care’), 

8. matrix verb with adverbials absichtlich / 
mit Absicht (‘on purpose’), 

9. matrix verb with adverbials fast / bei-
nahe  (‘almost’). 

                                                
1 See \url: https://code.google.com/p/mate-tools/  

 
To reduce the feature space and to increase the 
allocation density of the vectors, we clustered all 
nominal fillers that were identified to be verb 
arguments of relevant frequency. For compara-
tive reasons, the cluster analysis was conducted 
in two independent subtasks.  
 
3.1.1 Noun-clustering with the CCDB 
 
First, the nouns were weighted by the TF-IDF 
measure and classified by a cluster analysis car-
ried out on a matrix of similarity values taken 
from the co-occurrence data bank (CCDB) of the 
Institut für Deutsche Sprache Mannheim (IDS). 
On the matrix of the similarity values, a k-means 
cluster analysis was carried out. According to the 
Bayesian Information Criterion there are three 
optimal noun classes for subjects and preposi-
tional objects and five for direct objects. This 
result was confirmed by inspecting the within 
variance of the resulting clusters.  
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Figure 2. Dimensions of verb vectors: Weighted 
verbs in noun class areas. 
 
The verbs’ vectors consist of areas for each ar-
gument type that is, three areas for argument 
types in total and each area is split into areas for 
each noun class as depicted in figure 2. 
 
3.1.2 Noun-clustering in Tesla 
 
Additionally, we set up a workflow for noun 
clustering in Tesla 2 . Here, we computed co-

                                                
2 Tesla (Text Engineering Software LAboratory, see \url: 
http://tesla.spinfo.uni-koeln.de) is an open source virtual 
research environment, integrating both a visual editor for 
conducting text-engineering experiments and a Java IDE for 
developing software components. 
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occurrence vectors based on a subset of the 
SdeWaC corpus, containing about 3000 sentenc-
es for each noun (step 5). For feature selection 
we used the simple frequency-based heuristics 
described in Levy & Bullinaria (2004), taking the 
k most frequent types of our corpus as vector 
features. The vectors were computed in three 
different configurations. As a baseline, we first 
took the 200 most frequently occurring elements 
(mostly closed class function words such as und 
‘and’, zu ‘to’, weil ‘because / since, etc.), and a 
context window of size 1, accepting only the di-
rect neighbors as co-occurrences. In the second 
configuration, co-occurrences were computed 
against the 2000 most frequently occurring ele-
ments within a fixed context window of 5 items 
to both sides. In addition, we employed a posi-
tional weighting scheme using the HAL model 
(Hyperspace Analogue to Language, see Burgess 
& Lund 1996). In a third test, we took the 10.000 
most frequently occurring words and a window 
size of 10 words, again using the HAL-weighting 
scheme. While the restriction to function words 
within a narrow window mainly reflects gram-
mar-related distributional properties, the consid-
eration of content words in combination with a 
broader window and position weighting empha-
sizes the more semantically oriented aspects of 
their distribution. The resulting vectors were 
weighted by the TF-IDF measure and passed to 
the cluster analysis (step 6). The corresponding 
software component workflow as conducted in 
Tesla is shown in figure 3. 

For cluster analysis we used three differ-
ent clusterer implementations adopted from the 
ELKI Data Mining API,3 namely KmeansLloyd, 
KmeansMacQueen, and KMedoidsEM, with 
cluster sizes of k=3 for subjects and prepositional 
objects and k=5 for direct objects, which we 
adopted from the CCDB cluster task (see above). 
For evaluation, we additionally processed all 
nouns with k=10, resulting in a total of 18 exper-
iments (3 vector configurations for 3 clusterers 
with 2 different configurations). Finally, for each 
experiment the resulting word-cluster-pairs were 
transformed into verb vectors (see next section) 
and passed to the following processing steps.  
 

                                                
3 The open source framework ELKI (Environment for De-
veLoping KDD-Applications Supported by Index-
Structures) was developed at the LMU Munich, see \url: 
http://elki.dbs.ifi.lmu.de. 

 
Figure 3. Cluster analysis workflow in Tesla. The 
Clusterers operate on TF-IDF-weighted co-
occurrence vectors, computed on a subset of the 
SdeWaC corpus. 
 
3.1.3 Generating the Verb Vectors 
 
Within step (7) the verb vectors resulting from 
step (3) were re-assembled using the generated 
noun classes from both steps (4) and (6). Hereby 
the verb vectors could be reduced to 20 (nine 
aspectual features plus three features for each the 
subject and prepositional object clusters plus five 
direct object clusters), respective to 39 dimen-
sions (nine aspectual features complemented by 
ten clusters for each argument position).  
 
3.2 Classification 
 
For the classification of the 95 verbs (8) we used 
a SVM classifier with a non-linear kernel. The 
identified arguments and the aspectual features 
were aggregated for each verb type and repre-
sented in feature vectors. For 35 verbs we 
adapted the classification to the five aspectual 
verb classes defined in Richter and van Hout 
(2015), the remaining verbs were manually clas-
sified into the five aspectual classes. We trained 
the SVM using this aspectual classification as 
training data and tested it with a 10-fold cross-
validation. We give some examples of the verb 
classes of the aspectual gold standard classifica-
tion below. Note that this classification uses 
Vendler’s definitions (four verb classes), with 
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the addition of the separate sub-class of accom-
plishment verbs: 
 

1. accomplishments: aufbauen auf (‘to 
build on / to be based on’),  herstellen 
(‘to produce’), schneiden (‘to cut’), 
zersägen (‘to saw into pieces’), ver-
längern (‘to extend’), mitteilen (‘to tell / 
to inform’), übermitteln (‘to communi-
cate / to forward’), verhindern (‘to pre-
vent’), abgrenzen (‘mark off / to de-
fine’), verändern (‘to change’) 

2. accomplishments with affected sub-
ject: untersuchen (‘to examine’), 
bedenken (‘to consider’), erörtern (‘to 
debate’), nachprüfen (‘to ascertain / to 
check’), aufessen (‘to eat up’), essen (‘to 
eat’), beachten (‘to note’), kaufen (‘to 
buy’) 

3. activities: laufen (‘to walk / to run’), 
eingehen auf (‘to respond to so. / sth.’), 
hämmern (‘to hammer’), ansteigen (‘to 
increase’), fallen (‘to fall’), denken (‘to 
think’), stattfinden (‘to take place’), 
wachsen (‘to grow’) 

4. achievements: einschlafen (‘to fall 
asleep’), vergehen (‘to go (by) / to pass / 
to diasappear’), übersehen (‘to over-
look’), verlieren (‘to lose’), anfangen 
(‘to begin’), abweichen (‘to deviate’), 
sich orientieren an (‘to be geared to’), 
richten auf (‘to direct towards / to fo-
cus’)  

5. states: existieren (‘to exist’), fehlen (‘to 
lack’), müssen (‘to must’), halten für (‘to 
take so. / sth. for so. / sth.’), folgen aus 
(‘to follow from’), angehören (‘to be-
long to’), übereinstimmen (‘to agree’), 
betreffen (‘to concern’), abweichen (‘to 
deviate’) , verhindern (‘to prevent’), sein 
(‘to be’), vorherrschen (‘to predomi-
nate’) 

 

4 Results 

In order to evaluate the consistency of the com-
parisons of the classifications against the gold 
standard we calculated both accuracy and Co-
hen’s kappa. The latter measure considers the 
number of classes and gives the significance lev-
els. 
 As a first step, we compared the results 
from the classifications based on different ap-
proaches of clustering arguments for the verb 

vectors (see Table 1). The noun cluster method 
in the first column specifies  

1. the selected data source (CCDB vs. 
SdeWaC)  

2. the number of noun clusters for each ar-
gument position 

3. the cluster method (K-Medoids vs. K-
Means Lloyd vs. K-Means MacQueen) 

4. the number of features for each noun (l, 
200 vs. 2000 vs. 10000) 

5. the context window for co-occurences 
(win, 1 vs. 5 vs. 10) 

6. the  quantification of dimensions (count 
every token vs. count only one token per 
noun type)  

Taking the classification with five aspectual verb 
classes as the gold standard, ten noun classes per 
argument position clearly outperform the ap-
proaches with fewer features. Additionally, 
counting every noun token leads to better results 
than counting only the noun types. Medium 
length vectors (2000 dimensions), constructed on 
the basis of a medium context width (window 
size of five elements) achieve the best outcomes. 
Specifically, the verb vectors of the ‘SdeWaC 10 
clusters kmeansLloyd l2k win5 tokens’-noun 
clustering show the best performance. Figure 4 
depicts the accuracy of combinations of features 
and is subject of the following result description. 

Feature combinations exclusively com-
prising aspect yield high accuracy values. The 
combinations aspect-subject - direct-object and 
aspect-subject - direct-object - prepositional-
object outperform the remaining feature combi-
nations with .95 accuracy, κ = .93, and .94 accu-
racy, κ = .90, respectively. Kappa values above 
.81 are characterized as almost perfect agreement 
and therefore highly significant. The feature 
combinations aspect- direct object-prepositional 
object with .88 accuracy, κ = .84, and aspect-
prepositional object with .86 accuracy, κ = .81, 
achieve also almost perfect agreements. Substan-
tial agreements, that is, above .61, can be ob-
served with the combinations aspect-subject-
prepositional object, .84 accuracy, κ = .78, as-
pect-direct object, .92 accuracy, κ = .75, and as-
pect-subject, .82 accuracy, κ = .75. Considering 
the feature combinations without aspectual fea-
tures, only the combination subject-prepositional 
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object achieves a satisfactory result with 
 62 accuracy, κ = .43, which is a moder-
ate agreement.  

The single features achieve only fair 
agreements: Aspect achieves .57 accuracy, κ = 
.34, subject achieves .52, κ = .27, and direct ob-
ject and prepositional object achieve .51 accura-
cy and κ = .24 each,  	  

	  
Noun cluster method                  acc   K  

CCDB, 3-5-3 clusters, kmeans, tokens .76 .71 

CCDB, 3-5-3 clusters, kmeans, types .64 .41 

CCDB, 10 clusters, kmeans, tokens .93 .90 

CCDB, 10 clusters, kmeans, types .60 .39 

SdeWaC, 3-5-3 clusters, kmediods 
      l2k, win5, tokens .85 .80 

SdeWaC, 10 cluster kmediods l10k     
     win10 tokens .85 .80 

SdeWaC, 10 cluster kmediods l200  
     win1 tokens .86 .83 

SdeWaC, 10 cluster kmediods  
      l2000 win5 tokens .93 .90 

SdeWaC, 10 cluster kmediods l2000  
     win5 types .69 .48 

SdeWaC, 3/5cluster kmediods l2000  
     win5 tokens .85 .80 

SdeWaC, 10 clusters, kmeansLloyd  
     l10k win10 tokens .88 .84 

SdeWaC, 10 clusters kmeansLloyd  
     l200 win1 tokens .88 .84 

SdeWaC, 10 clusters  
     kmeansLloyd l2k win5 tokens .94 .93 

SdeWaC, 10 clusters kmeansMacQ  
     l10k win10 tokens .89 .86 

SdeWaC, 10 cluster kmeansMacQ  
     l200 win1 tokens .92 .88 

SdeWaC, 10 cluster kmeansMacQ  
     l2k win5 tokens .90 .90 

Table 1. Evaluation of different approaches to con-
struct the verb vectors of the verbs. 
 

 
Figure 4 Accuracy of the argument and aspectual 
features from the best performing noun cluster 
method using five aspectual verb classes as gold 
standard.  

Legend: s: subject, d: direct object, p: prepositional 
object, a: aspectual features and combinations 
of predictors, for instance, da: direct object and 
aspect, sp: subject and prepositional object.  

5 Conclusion 

The study provides evidence for the hypothesis 
that the Vendlerian aspectual verb classes (plus a 
class of accomplishments with an affected sub-
ject) can be induced from classified nominal fill-
ers in argument positions in combination with 
aspectual features in dependent or governing po-
sitions. In contrast to the study of Richter and 
Hermes (2015), which identified the subject as 
the feature with the highest predictive power, this 
study reveals that combinations of features com-
prising aspect features clearly outperform the 
remaining feature combinations which do not 
include aspect features, and also outperform the 
single features, that is, aspect, subject, direct ob-
ject and prepositional object. This result could be 
observed in all clustering approaches, which, 
without exception, attest the high predictive 
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power of feature combinations comprising as-
pect. Aspectual features as singletons are not suf-
ficient to predict aspectual verb classes.  
 

In addition, it could be observed that a 
higher number of noun clusters in the argument 
features improves the quality of classifications. 
Compared to the 3-5-3 noun clustering (that is, 3 
noun classes in the subject position, 5 noun clas-
ses in the object position and 3 noun classes in 
the prepositional object position), the 10-10-10 
noun classes combinations achieve much better 
results. We draw the conclusion that the higher 
the number of noun classes, the greater the dis-
criminating effect, presumably because a more 
finely grained distinction of semantic properties 
is achieved. This also holds for the comparison 
of the classification quality of verb vectors con-
taining noun tokens with vectors containing noun 
types. The number of verb tokens is, by defini-
tion, considerably higher than that of the types, 
and we observed that with regard to the classifi-
cation quality, verb vectors with noun tokens 
clearly outperform vectors with noun types. Fi-
nally we discovered that medium length vectors 
based on a medium context frame yield the best 
results.  

All in all, the results of this study show 
that: 1. aspectual verb classes can be empirically 
validated, 2. classified nouns in argument posi-
tions in combination with aspectual features are 
reliable predictors of aspectual verb classes, i.e. 
the meaning of nouns (and noun classes, respec-
tively) correlates with aspectual parts of the ver-
bal  meaning. 
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