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Abstract—The paper describes the results of machine learning
experiments with verb classification according to the Linguis-
tic Category Model (LCM)[1]. The LCM typology is a well-
established tool to measure language abstraction, linked to
sentiment and applicable in sentiment-analysis related areas. Our
goal is to create automated methods of recognizing LCM verb
classes. The method, demonstrated in the Polish language, turns
out to be very promising, especially given the upper bounds set
by inter-annotator agreement.

I. INTRODUCTION

This paper describes experiments aimed at automating cat-
egorization of verbs in the Linguistic Category Model (LCM)
[1].. The typology of verbs behind the LCM is closely related
to sentiment analysis and applicable in selected opinion mining
tasks. In LCM, verbs are classified according to to their level of
abstraction and their link to sentiment (evaluative properties).
The goal of this work is to describe automated methods of
predicting LCM verb type using distributions of nominal verb
arguments.

The work described in this paper is novel for three reasons.
It is probably the first attempt at automated verb classification,
according to the Linguistic Category Model. This typology,
linked to sentiment and subjectivity, provides a means of
measuring language abstraction. It is widely used in psy-
cholinguistic studies, including those on deception detection
(for instance, detecting opinion spam). However, the existing
research on automated classification of verbs apply Levin’s
typology [2], which is (due to its syntactic backgrounds)
of limited use in areas related to sentiment and emotion
recognition and more widely, in psycholinguistics. Second, the
design of feature space, as proposed in our work and aimed at
distinguishing LCM verb classes, is also novel. Third, our work
is the first effort to use machine learning and text processing
techniques to internationalize LCM in a supervised, automatic
fashion.

The paper is organized as follows. Section II describes the
LCM typology and discusses the LCM verb classes. Section III
contains an overview of the most related studies on automated
verb classification. Section IV discusses the preparation of the
hand-labelled verb list in Polish. In Section V we present the
results and in Section VI conclude our work.

II. LINGUISTIC CATEGORY MODEL

The typology of verbs of the Linguistic Category Model
is directly relevant to sentiment analysis due to at least two
reasons. First, sentiment is directly embedded in the LCM
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typology, it is one of the criteria of distinguishing verb types.
Second, LCM has applications in many sentiment analysis-
related fields, especially those where one needs to measure
language abstraction. Such applications include opinion spam
detection, as fake text writers tend to use more abstract
vocabulary [3]. In the Polish language, [4] demonstrate that
adding LCM features raises the precision of detecting fake
product reviews.

The most general, top level distinction of the Linguistic
Category Model is the one between state verbs and action
verbs. As its authors put it, state verbs (SV) refer to mental
and emotional states or changes therein. SVs refer to either a
cognitive (to think, to understand, etc.) or an affective state (to
hate, to admire, etc.). This verb category is the most abstract
one and also present in Levin’s typology.

The other more concrete type of verbs in the LCM are
action verbs. This type is always instantiated as one of its two
sub-types, descriptive and interpretative action verbs (DAV and
IAV) that all refer to specific actions (e.g., to hit, to help, to
gossip, etc.) with a clearly defined beginning and end. SVs,
in contrast, represent enduring states that don’t have a clearly
defined beginning and end.

The distinction between DAVs and IAVs is based on double
criteria. The first states that DAVs have at least one physically
invariant feature (eg. to kick - leg, to kiss - mouth), whereas
IAVs do not (therefore, are more abstract than DAVs). The
second criterion, sentiment, states that IAVs have a pronounced
evaluative component (e.g., positive IAVs such as to help, to
encourage vs. negative IAVs such as to cheat, to bully), whereas
DAVs do not (e.g., to phone, to talk). Descriptive action verbs
(DAVs) are neutral in themselves (p.e. to push) but can gain an
evaluative aspect dependent on the context (to push someone in
front of a bus vs. to push someone away from an approaching
bus).

In practice, the criteria sometimes overlap. Some verbs
have physical invariants but also have clear evaluative orienta-
tion. For instance, “to cry” always involves tears (an invariant
physical feature), but carries negative sentiment.

The distinction between DAVs and IAVs was crucial for
our efforts and for applications related to sentiment analysis.
For example, one immediate way of using DAV and IAV
information is to analyse opinionated texts, such as product
reviews, as more descriptive or more interpretative.

In fact, the distinction between IAVs and DAVs may be
seen as distinguishing subjective and objective verbs. Inter-
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pretations are by their nature subjective, while descriptions —
objective.

III. RELATED WORK

Because our work appears to be unique in that it deals with
the LCM verb typology, the presentation of related works has
to concentrate on studies on automated verb type classification
using argument distributions and corpus frequencies.

Due to the fact that the most well-known verb typology
appears to be Beth Levin’s [2] distinction of 49 semantic
classes, the experiments on automated recognition of verb
types typically follow Levin’s typology.

While the LCM focuses on psycholinguistic verb proper-
ties, useful in sentiment analysis, Levin’s categorization links
verb semantics to its syntactic behaviour.

Below we describe several of the key and most prominent
studies.

Schulte im Walde [5] describes an approach to recognize
Levin’s classes using frequency counts of verbs for a number
of sub-categorization frames and an unsupervised classification
algorithm.

Merlo and Stevenson [6] train supervised classifiers on
large annotated corpora to recognize three major types of
English verbs. Their verb classification does not directly follow
Levin’s, but instead uses thematic roles of participants.

Decadt and Daelemans [7] use rule-based machine learning
to distinguish six selected Levin’s verb classes. Their approach
was based on inducing lexical-level rules with object and
subject nouns, extracted using a shallow parser from the BNC
corpus.

The papers listed above share certain similarities. The
methods are based on extracting verb arguments from cor-
pora and applying classification algorithms to distinguish verb
classes. What distinguishes our work is the verb typology
(LCM), not used in this context, a dedicated feature space
and focus on porting to languages other than English.

IV. TRANSLATING THE LCM VERB LIST

The list of manually-labelled LCM verbs in English can
be found in the General Inquirer [8]. The list of 1516 entries
(word senses rather than lexemes) contains three types of
verbs: SV, IAV and DAV. We translated the list into Polish
using the Microsoft Translation APL.

The translation engine is context-sensitive and produces
poor results when used for word-to-word translations (for
example, use only English verb as an input, even preceded
by “to”). After a number of experiments we found that the
best results could be achieved by using the following sentence
template: “I can <verb>.”. The quality of translations was
verified by human annotators. The translation process, after
corrections, ended up with 1170 Polish verbs.

The list was verified independently by two annotators,
familiar with the LCM annotation guideline, available from
http://cratylus.org. Annotators had to make corrections to both
LCM tags and verb sentiment.

964

To evaluate difficulty of the task, we computed inter-
annotator agreement between annotators (LCM labels of Polish
1170 verbs), named LCM-PL-A and LCM-PL-B, and also
between LCM labels by each of the annotators and LCM labels
of the English equivalent of a Polish verb (LCM-EN). Table I
summarizes these differences computed as Cohen’s Kappa.

Kappa
LCM-PL-B vs LCM-PL-A 0.78
LCM-PL-A vs LCM-EN 0.83
LCM-PL-B vs LCM-EN 0.87

Table 1. INTER-ANNOTATOR AGREEMENT

Generally, provided correct translations, it appears that
English and Polish are not far in terms of their LCM labels.
The agreement is reasonably high, but it is also clear that the
task is far from entirely easy and free from ambiguities.

Unfortunately, the translated LCM labels acquired from
English equivalents cover only a small subset of all verbs in
Polish. The number of Polish verbs in infinitive forms could
be approximated at over 10k, which emphasizes the need for
automated methods.

In the following experiments we selected only those verbs,
where both annotators agreed (used the same LCM labels).
Frequencies of non-ambiguous verbs are as follows: 164 DAV
verbs, 604 IAV verbs and 27 SV verbs.

V. EXPERIMENTS AND RESULTS

In this section we present the experiments on automated
classification of verbs according to the LCM.

The idea behind our experiments is that the distinction
between IAV and DAV verbs is reflected in argument struc-
ture, specifically in the distribution of nouns in hyperonymy
taxonomies. The intuition is that physically invariant features
of DAVs might be reflected in a verb’s tendency to occur with
lower parts of selected trees only. IAV argument distributions
might have more variation both within and between hyper-
onymy trees. Generally, the hypothesis is that distributional
properties of verb arguments, measured on hyperonymy tax-
onomies, are relevant for the distinction between DAV and IAV.
Therefore, the experiments are based on measuring abstraction
of verb arguments (nouns in specific grammatical forms) using
the Polish WordNet (Stowosiec) [9].

We begin with extracting a random sample of up to 1000
verb occurrences from the the National Corpus of Polish [11].
For each verb occurrence, we seek nouns that immediately
follow it, assuming that these are its arguments. In order to
filter out nouns which are not verb arguments, we pick only
nouns in genitive or accusative (only in those two cases)
appearing on the first or second position after the verb. We
assume this to be a reasonable approximation to capture verb’s
arguments. For each extracted noun, we seek its synsets and
compute its distance to the top node in the hyperonymy
taxonomy. The distance is measured as the number of synsets
(nodes) above the noun to reach the top hyperonymy node.

Then, for each verb we compute average distance of nouns
towards the top of each hyperonymy taxonomy. Verbs with
lower values of average distances should be more typically



abstract ones (assumingly, DAV) and vice versa. For each verb,
we form its feature space of average distances, computed for
its nominal arguments within each hyperonymy taxonomy.

Since there are no reasonably performing and universal
word sense disambiguation methods for the Polish language,
we take all possible synsets of each noun (this often results
in multiple hyperonymy taxonomies for a single noun), or
alternatively the most frequent one.

On that feature space we perform the experiments de-
scribed in the next parts of this section. The machine learning
algorithm is Support Vector Machines, implementation in
Sklearn machine learning environment[12]. The best perform-
ing parameters are polynomial kernel of degree two. Due to
class imbalance, we enabled automatic class weighting. All
the results presented are means of 3-fold cross validation, avg
represents frequency-weighted average.

As the baseline for our experiment we assumed the most
frequent class labelling (IAV). Due to class imbalance it
obviously yields better overall results than the uniform random
distribution. We present the baseline in Table II.

precision | recall | fl-score
DAV 0.00 | 0.00 0.00
1AV 0.76 | 1.00 0.86
SV 0.00 | 0.00 0.00
[avg | 058 [ 0.76 | 0.65 |
Table . BASELINE RESULTS: THE MOST FREQUENT CLASS

Marking all verbs as the most frequent class (IAV) results
in average score of 0.58 precision and 0.76 recall.

In the first experiment, we classify the verbs using the fea-
ture space with only 56 features obtained from 28 top frequent
hyperonymy taxonomies, obtained by matching of the Polish
Wordnet with Princeton WordNet. In other words, we selected
only those top hyperonymy taxonomies that have their equiv-
alents in the English language WordNet. We created features
from all possible synsets of each noun (verb argument), which
results in increasing the number of hyperonymy taxonomies
for a noun. Table III presents the results of classification using
this feature space.

precision | recall | fl-score

DAV 038 | 0.61 0.46

1AV 0.88 | 0.64 0.74

SV 0.12 | 0.40 0.20
[avg | 075 | 0.63 | 0.66 |

Table IIL. CLASSIFICATION RESULTS: MANUALLY SELECTED 28

HYPERONYMY TAXONOMIES (56 FEATURES)

In the next experiment we focus on evaluating the perfor-
mance of hyperonymy selection by matching against Princeton
Wordnet. Therefore, we select exactly the same number of
features (56 hyperonymy taxonomies), but this time we apply
automated feature selection according to the y? measure. As
before, we take all possible synsets of each noun. Table IV
presents the results of this feature space.

Comparing tables III and IV reveals that the manual
taxonomy selection results in higher precision (0.75 avg) but
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precision | recall | fl-score
DAV 0.28 | 0.29 0.28
IAV 0.81 | 0.86 0.82
SV 0.07 | 0.15 0.09
[avg | 0.67 [ 0.71 | 0.69 |
Table IV.  CLASSIFICATION RESULTS: ALL HYPERONYMY

TAXONOMIES, AUTOMATIC FEATURE SELECTION OF 56 FEATURES

lower recall (0.63 avg), while the automated selection of the
same number of features improves recall (0.71 avg) at the
loss of precision (0.67 avg). In the case of manual taxonomy
selection, precision is improved for each verb class, DAV and
SV have notably higher recall (even up to 0.4 recall in the
case of IAV), but the major reason of problems is low recall
of IAV verbs (only 0.64).

The third experiment is an attempt at solving the problem
of low recall of IAV verbs when using the high-precision
manual feature set of 28 taxonomies. We weight the nouns
(verb arguments) using a frequency list computed from the
National Corpus of Polish [11], in a manner similar to the TF-
IDF procedure. The results, summarized in Table V, are not
discouraging as the precision compared to Table III dropped
for every verb category (avg precision of 0.72) while the recall
for IAV verbs increased only to 0.66.

precision | recall | fl-score

DAV 0.34 | 0.59 0.43

IAV 0.86 | 0.66 0.75

SV 0.09 | 0.15 0.11
[avg | 0.72 [ 0.63 | 0.66 |

Table V. CLASSIFICATION RESULTS: MANUALLY SELECTED 28
HYPERONYMY TAXONOMIES (56 FEATURES), FREQUENCY-WEIGHTED

The fourth experiment introduces two more alterations
of the feature space. First, we change hyperonymy-based
space: instead of taking all possible synsets of each noun,
as before, this time we select only its most frequent synset.
Second, we use concordances (context information) to create
additional features from word co-occurrences: we count words
(base forms) appearing 3 tokens left and right from a verb,
remembering the position. Then, we perform feature selec-
tion, selecting top 100 features according to the x? measure.
Table VI presents the results of this feature space.

precision | recall | fl-score

DAV 0.38 | 0.62 0.47

IAV 0.89 | 0.65 0.75

SV 0.11 | 0.37 0.17
[avg | 0.76 [ 0.63 | 0.67 |

Table VI. CLASSIFICATION RESULTS: THE MOST FREQUENT SYNSET,

CONTEXT INFORMATION

We tried to improve over the previous method by raising
the number of features to 200 and using different context
representation (in a bag-of-words manner, disregarding word
order), however the results did not outperform those presented
in Table VI



Finally, we extended the feature space of the fourth ex-
periment (Table VI) by morphosyntactic information. This
type of information, specific for automated processing Slavic
languages, contains part-of-speech as well as morphological
and selected syntactic information about word forms. We
counted occurrences of morphosyntactic information at spe-
cific positions within the same context width (3 tokens left
and right from verb). Table VII presents the results for this
feature space.

precision | recall | fl-score

DAV 038 | 0.61 0.46

IAV 089 | 0.67 0.76

SV 0.13 | 041 0.20
[avg | 076 | 0.65 | 0.68 |

Table VIL CLASSIFICATION RESULTS: WITH MORPHOSYNTACTIC TAGS

The results presented in Table VII reveal a positive in-
fluence of morphosyntactic features and are the best overall
in terms of precision (avg 0.76) and recall (avg 0.65). To
summarize, the feature set consists of 28 hand-selected hy-
peronymy taxonomies that translate into 56 features for each
of the two forms of nominal verb arguments (accusative and
genitive). In addition to this, we added context-based features:
corpus frequencies of base word forms and morphosyntactic
information.

As the SV class contains only few dozen verbs, it is
possible to label it by hand. Additionally, 22 out of 27 (81%)
verbs in the dataset obtained by the General Inquirer translation
are in the Polish WordNet (Stowosiec) [9] and already marked
as state verbs!. Interestingly, 16% DAVs and 11% IAVs are
also marked as state verbs according to the Polish WordNet.

For these reasons, below we consider a different and
simplified scenario of distinguishing only between IAV and
DAV verbs. In Table VIII we present the results for two classes
using the best performing feature space of these described
above.

precision | recall | fl-score
DAV 050 | 043 0.46
IAV 085 | 0.88 0.87
lavg | 078 | 0.78 | 0.78 |
Table VII.  CLASSIFICATION OF IAV AND DAV ONLY

The results demonstrate again that DAV is by far more
difficult to recognize. The precision of 0.5 is the highest value
obtained for this class, but the recall of 0.43 is substantially
lower than in the case of top 3-class results in Table VII.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we have demonstrated a method of au-
tomated classification of verbs in the Linguistic Category
Model (LCM). We develop dedicated hyperonymy-based fea-
ture space from distributions of nominal arguments to distin-
guish interpretative and descriptive properties of verbs. We
extract the features from large corpora and apply supervised
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machine learning to classify the verbs. The method has been
implemented and evaluated for the Polish language. The results
are a step up over the baseline and very promising, especially
given the upper bounds set by inter-annotator agreement.

Our future work includes exploring other extensions of
feature space to raise the performance of classifiers even
further. We also consider using syntactic parsers to improve
the precision of nominal argument extraction on sentence-
level. We intend to apply the best performing models to label
all Polish verbs and finally, repeat the experiments in other
languages. Since DAV and IAV verbs can express concepts,
an interesting extension would be to embed the distinction in
concept-level sentiment analysis [13].
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