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Abstract. Levin-style classes which capture the shared syntax and semantics of
verbs have proven useful for many Natural Language Processing (NLP) tasks and
applications. However, lexical resources which provide information about such
classes are only available for a handful of worlds languages. Because manual development of such resources is extremely time consuming and cannot reliably
capture domain variation in classification, methods for automatic induction of
verb classes from texts have gained popularity. However, to date such methods
have been applied to English and a handful of other, mainly resource-rich languages. In this paper, we apply the methods to Brazilian Portuguese - a language
for which no VerbNet or automatic class induction work exists yet. Since Levinstyle classification is said to have a strong cross-linguistic component, we use
unsupervised clustering techniques similar to those developed for English without language-specific feature engineering. This yields interesting results which
line up well with those obtained for other languages, demonstrating the crosslinguistic nature of this type of classification. However, we also discover and
discuss issues which require specific consideration when aiming to optimise the
performance of verb clustering for Brazilian Portuguese and other less-resourced
languages.

1 Introduction
Verbs are central to many Natural Language Processing (NLP) tasks. Typically the
main predicates of sentences, they provide the key syntactic and semantic information required for language understanding. Information regarding verbs is traditionally
obtained from lexical resources such as WordNet [1], FrameNet [2], PropBank [3] and
VerbNet [4].
In this paper we are particularly concerned with Levin-style verb classification. Beth
Levin [5] has classified verbs according to their participation in diathesis alternations.
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These are alternations in the syntactic realization of a verb that may sometimes also
result in a slight change of meaning. For example, sentences (1) and (2) (from [5], p. 2)
illustrate the locative alternation for verbs ”spray” and ”load”:
1. (a)
(b)
2. (a)
(b)

Sharon sprayed water on the plants.
Sharon sprayed the plants with water.
The farmer loaded apples into the cart.
The farmer loaded the cart with apples.

Levin classes capture the regularity in verb meaning and behaviour at syntaxsemantics interface. VerbNet [4], an extensive computational verb lexicon for English,
extends Levin’s original classification with additional classes and member verbs, and
provides detailed syntactic-semantic information for the classes that span across the
entire verb lexicon.
Because Levin classes capture useful generalisations about verb behaviour and
meaning, they have proven useful for many NLP tasks and applications. Examples include information retrieval [6], semantic role labelling [7, 8], semantic parsing [9], word
sense disambiguation [10–13], among others. Since many Levin-style classes are applicable across languages [14], they can also be useful for cross-linguistic tasks. However,
their effective exploitation in the multi-lingual context has been limited to date because
resources like VerbNet are currently only available for English and a handful of other
languages, such as Spanish [15], Chinese [16] and Arabic [17].
Although manual development of VerbNets is under way for many languages, it
is extremely time-consuming and cannot reliably capture domain variation. Therefore
techniques that can automatically induce or update verb classifications from texts have
gained popularity. Particularly attractive are unsupervised techniques such as clustering
because they do not require manual annotations for training and are therefore easier
port across NLP tasks.
For English, verb clustering approaches have been developed by Kingsbury and
Kipper-Schuler [18], Sun and Korhonen [19] and Reichart and Korhonen [20],
among others. The best techniques have been applied successfully to domains such as
biomedicine [21] and they have produced promising results with demonstrated
improvement on application tasks such as argumentative zoning [22] and metaphor
identification [23].
For languages other than English, only a small number of clustering works exist that
focus on Levin style syntactic-semantic classification, e.g. [24–26]. Interestingly, the
recent experiment performed by Sun et al. demonstrates that it is possible to take an
unsupervised clustering method developed for English [27] and apply it successfully to
French [25], using French NLP tools for feature extraction, but without language specific feature engineering. If this approach was applicable to a wider range of languages,
it could greatly support the development of VerbNets across languages and language
domains.
In this paper, we explore this approach for a another language: Brazilian (Br.)
Portuguese. Although Portuguese is a major world language (around 215 million speakers worldwide), no manually developed VerbNet or automatic verb clustering approach
exists for it yet. While the language belongs to the family of Romance languages like
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French, it is lexically more distant to English and is also less-resourced in terms of basic corpora and NLP tools than French, and therefore likely to be more challenging for
clustering.
We develop and release the first gold standard Levin classification for Br. Portuguese
and apply the state-of-the-art verb clustering approach developed for English [27] to
this language. Using the NLP tools developed for Br. Portuguese for feature extraction,
we experiment with the same basic features and the same clustering method as for
English. The results are encouraging and support the hypothesis that Levin-style classes
can indeed be cross-linguistically applicable: it was possible to obtain a gold standard
largely via translation from English to Br. Portuguese, and the best performing features
and clustering techniques matched with those for English and French. The level of
clustering performance for Br. Portuguese lags behind that of resource-richer languages.
We investigate reasons for this and discuss future work in this area.

2 Related Work
Several approaches have been developed for classifying English verbs into Levin-style
classes in both supervised [28–30] and unsupervised [18–20, 27] manner. These approaches have employed a variety of different features for classification, ranging from
shallow features (e.g. co-occurrences of verbs with other words) extracted from raw or
part-of-speech (POS) tagged text to deeper features (e.g. grammatical dependencies)
extracted from manually or automatically parsed data. Also lexical(-semantic) features
which correspond more closely with the features Levin used for her manual classification have been used, such as verb subcategorization frames (SCFs), selectional preferences (SPs) and recently also diathesis alternation approximations [31]. These more
sophisticated features have been learned from parsed data. Clustering approaches have
ranged from the simple k-means [18] to more sophisticated techniques such as spectral
clustering [27], hierarchical clustering using graph factorization [19] and determinantal
point processes [20], among others.
For example, the state-of-the-art approach of Sun and Korhonen [27] which we plan
to use as a starting point in our work, uses a variety of features based on co-occurrences,
verb SCFs and lexical as well as selectional preferences of verbs on their argument
heads, and yields promising performance when used with spectral clustering. When this
approach was evaluated against gold standards based on Verbnet [30, 32], both containing hundreds of verbs in 15-20 classes, it achieved the highest performance (at around
80 F-measure) with deep linguistic features: SCFs refined with selectional preferences.
For languages other than English, few works exist. The most substantial related work
focuses on German [33] where verb clustering has yielded promising results, but this
work has emphasis on semantic rather than VerbNet style syntactic-semantic classification. Although the two classification types share many properties, the mapping between
the two is only partial and many to many due to fine-grained nature of semantic classes
based purely on synonymy [11].
The prior works most related to ours are those by Ferrer [24] for Spanish and Sun et
al. [25] and Falk et al. [26] for French. Ferrer applied a simple hierarchical clustering
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approach developed for English to Spanish, and evaluated it against a manual classification of Vazquez [34] which is similar in nature (but not identical) to that of Levin’s. The
experiment included 514 verbs in 31 classes and produced results only slightly better
than the random baseline.
Sun et al. [25] used the same features as Sun and Korhonen [27] for English to cluster 171 French verbs to 16 classes. The gold standard was obtained by translating the
Levin-based gold standard of Sun et al. [32] from English to French, and a good correspondence was reported between the two gold standards. The authors reported the best
results (64.5 F-measure) on high frequency verbs with the same combination of features
(SCFs and selectional preferences) and the same clustering method (spectral clustering)
as for English. Falk et al. [26] employed a neural clustering method for French verbs.
They achieved 70 F-measure when evaluating on a slightly modified version of the Sun
et al. 2010 gold standard for French. However, the method is not fully comparable to
other works mentioned here because it uses features from lexical resources rather than
those obtained solely by NLP.
The work reported on manual development of VerbNets for different languages
[15–17] seems to support the hypothesis that Levin-style classes can be, to a considerable degree, cross-linguistically applicable. The experiment reported by Sun et al. [25]
provides further evidence for this because it shows that it is possible to take an unsupervised technique developed for one language and apply it to another language without
language specific tuning (other than use of language-specific corpora and basic NLP
tools for feature extraction) and get promising results.
However, this experiment focused on French only. French shares some of its vocabulary with English, and like English, has large corpora, POS-taggers, parsers and lexical
acquisition tools available. If this approach proves more widely applicable so that it can
be successfully employed for other, including also less-resourced languages, verb clustering could offer a useful tool for hypothesizing Levin classes for other languages. We
will take this line of research further and investigate whether the approach could be applied to Br. Portuguese which, like the majority of worlds languages, is less-resourced
in terms of NLP than French and is thus likely to be a more challenging test case.
Portuguese is a Romance language which has its origins in Latin and is currently
the seventh most spoken language in the world. From the 215 million people speaking Portuguese, 85% speak Br. Portuguese. Br. Portuguese differs from the European
Portuguese largely in terms of lexicon. As we are dealing with the verb lexicon, we differentiate between the two variations of the language and focus on Br. Portuguese only.
However, our work could be easily extended to accommodate European Portuguese as
well.
Some major lexical resources are currently under development for both variants of
Portuguese. The ones related to verbs include PropBank-Br [35] (based on PropBank),
FrameNet Brasil [36] and FrameCorp [37] (based on FrameNet), WordNet.Br [38],
WordNet.Pt [39, 40], one of the Wordnets in the MultiWordNet Project [41] (based
on WordNet) as well as VerbNet.Br [42] based on English VerbNet. The latter project,
which is most closely related to our work, provides alignments between English VerbNet, WordNet and WordNet.Br, and enables semi-automatically inferring Levin classes
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for Br. Portuguese from the alignment data. The classification created using this method
is noisy and has not been manually validated.

3 Gold Standard for Brazilian Portuguese
As no VerbNet exists which could provide gold standard classes for our experiments we
created the first gold standard including Levin classes for Br. Portuguese1. We used an
approach similar to that earlier employed by Sun et al. [25] for building a gold standard
for French. They took a gold standard frequently used for evaluating verb clustering
for English [32] and translated its 204 verbs and 17 classes to French. The majority
of verbs and classes could be translated successfully. To cover for the ones that could
not, Sun et al. considered synonyms of known member verbs and added these in, where
possible. French subcategorization frames (SCFs) and alternations, defined manually
for each class, were used as evaluation criteria. The final gold standard included 171
verbs in 16 classes.
We employed a similar approach because it had proved successful for French and we
were interested in exploring the cross-linguistic potential of Levin classification. We
used a native speaker of Portuguese with expertise in VerbNet to develop the first version of the gold standard. She performed the translation and defined syntactic-semantic
criteria for each class. We ended up with 203 verbs in 16 classes (12.69 verbs per
class). The majority of verbs (including their synonyms) got translated successfully.
Only one class in the English gold standard was deemed incompatible with Portuguese
(peer-30.3), showing a strong cross-lingual element between English and Portuguese
classifications, similar to that earlier observed with English and French.
Because many of the verbs in the resulting gold standard were quite low in frequency
in our corpus, we supplemented the resource with additional member verbs from VerbNet.Br – the resource recently developed by Scarton and Aluı́sio [42]. As the classifications in this resource are noisy, we used a native language expert to validate the class
memberships according to the criteria we had developed during the translation of the
first version of the gold standard. The resulting extended gold standard includes 540
verbs in 16 classes (c. 34 verbs per class).
Table 1 shows the resulting classes in the gold standard (indicated by original Levin
class numbers) together with some example verbs.

4 Verb Clustering
4.1 Features
We employed a selection of syntactic and semantic feature sets that had proved promising for both English [27] and French [25]. To facilitate easy comparison of our results
against earlier works we indicate each feature set using the same numbers as in [27]
and [25]:
1

We will release this gold standard together with a published version of this paper.
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Table 1. Brazilian Portuguese gold standard classes with some example verbs

Number
22.2
31.1
29.2
36.1
13.5.1
18.1
43
37.3
47.3
40.2
45
9.1
10.1
51.3.2
37.7
11.1

Class
amalgamate
amuse
characterize
correspond
get
hit
light emission
manner of speaking
modes of being with motion
nonverbal expression
other cos
put
remove
run
say
send

Portuguese Members
alternar, contrastar, combinar, juntar, comparar,...
frustar, chatear, alegrar, decepcionar, encantar,...
diagnosticar, restabelecer, retratar, classificar,...
pechinchar, flertar, simpatizar, colidir, cooperar,...
arranjar, colher, reservar, adquirir, obter,...
martelar, esmagar, espancar, bater,...
resplandecer, raiar, cintilar, piscar, brilhar,...
cochichar, rosnar, sussurrar, berrar, ...
boiar, flutuar, vibrar, oscilar,...
bocejar, roncar, solućar, suspirar, sorrir,...
encurtar, afrouxar, alargar, estreitar, derreter,...
cravar, posicionar, mergulhar, situar, inserir,...
erradicar, subtrair, descarregar, remover,...
marchar, nadar, passear, voar, correr,...
segredar, reportar, dizer, proclamar, exprimir,...
despachar, transportar, remeter, enviar,...

– F1: SCFs and their relative frequencies with individual verbs (without parameterising for prepositions).
– F2: F1 with SCFs parameterized for the tense (i.e. POS tag) of the verb.
– F3: F1 with SCFs parameterized for specific prepositions.
– F7: Collocations (COs) extracted from the window of 6 words, with the relative
word position recorded. We followed the work of Li and Brew [29] where COs
were extracted from the window of words immediately preceding and following a
POS-tagged and lemmatized verb (stop words were removed before the extraction).
– F13: All Lexical Preferences (LPs) in argument head positions: the type and frequency of words acting as prepositions (PREP), subjects (SUBJ), indirect objects
(IOBJ) and direct objects (OBJ) in dependency-parsed data were considered.
– F16: F3 parameterized for LPs.
– F17: F3 refined with Selectional Preferences (SPs).
The extraction of these features requires POS-tagging and, with the exception of
F7, also parsing data, and using additional technology to extract SCFs and SPs from
the parsed data. We used the three publicly available corpora for Brazilian Portuguese
to ensure that as much data as possible was available for clustering. These were (i)
Lácio-Ref [43] which includes legal, news, scientific and literary texts - approximately
9 million words in total, (ii) PLN-BR-FULL [44] which provides 29M words of news
texts and (iii) Revista Pesquisa FAPESP corpus [45] which contains 6M words of
scientific text.
These corpora were POS-tagged and parsed using the rule-based PALAVRAS [46]
parser which outputs grammatical relations. According to the evaluation performed by
the authors, this rule-based parser achieves 99% of correctness for POS and 97% for
syntax. We used the system of Zanette et al. [47] to extract SCFs from the resulting
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parsed data. Similar to the system of [48] for French, the system generates SCFs from
the dependency relations associated with individual verbs in parsed data. According to
the evaluation of Zanette [49], this system performs at around 50.6% F-measure.
We considered all the dependencies of interest and all the SCFs with frequency
higher than 5 in our experiments. This yielded 3,779 verb lemmas, 408 basic SCF
types and 3,578 preposition-parameterized SCF types. For SP acquisition, we used the
method proposed by Sun and Korhonen (2009) (without the automatic definition of best
number of clusters in Sun et al. (2010)). The method involves (i) taking the SUBJ, OBJ
and IOBJ relations associated with verbs in parsed data, (ii) extracting all the argument
heads in these relations, and (iii) clustering the resulting N most frequent argument
heads into M classes. We considered frequency higher than 5 and N {200, 500} most
frequent argument heads and M {10, 20, 30, 80} classes. Finally, all feature vectors
were normalized by the sum of the feature values before clustering.
4.2 Clustering Algorithms
We used two clustering algorithms in our work: the MNCut spectral clustering algorithm (SPEC) which produced the best results in both English and French [25, 27] and
a recent Data-Cluster-Data (DCD) algorithm [50], not previously employed for verb
clustering. We wanted to experiment with DCD because it had been shown to work together with SPEC to reduce problems of data or feature sparsity which a less-resourced
language, in particular, will suffer from.
In DCD, SPEC is first used to perform dimensionality reduction using measures of
distributional similarity. The resulting feature space tends to be dense and the infrequent (and potentially unreliable) features become less important when distributional
similarity measures are used. DCD takes the output of SPEC as the initial guess and
performs further optimization. In the experiments performed by [50] the method further improved the performance of SPEC on varied datasets (consisting of text, images
and other material).
We introduce the two clustering approaches in the below sections, respectively.
Spectral Clustering. Spectral clustering (SPEC) has proved promising in several previous verb clustering experiments, e.g. [27, 51]. Following [27] we used the MNCut
spectral clustering [52].
The similarity matrix A is normalized into a stochastic matrix P .
P = D−1 A

N

(1)

The degree matrix D is a diagonal matrix where Dii = j=1 Aij .
It was shown by [52] that if P has the K leading eigenvectors that are piecewise
constant2 with respect to a partition I ∗ and their eigenvalues are not zero, then I ∗ minimizes the multiway normalized cut which is the sum of transition probabilities across
different clusters.

2

The eigenvector v is piecewise constant with respect to I if v(i) = v(j)∀i, j ∈ Ik and
k ∈ 1, 2...K.

32

C. Scarton et al.

In practice, the leading eigenvectors of P are not piecewise constant. However, we
can extract the partition by finding the approximately equal elements in the eigenvectors using a clustering algorithm like KMeans. KMeans is a simple clustering method
that iteratively partitions data in order to minimize the within-cluster sums of point-tocluster-centroid distance.
Data-Cluster-Data. In DCD3 given a similarity matrix A of the n verbs, the clustering
task is to divide the verbs into r disjoint subsets. The pairwise similarity is measured
using Jensen Shannon Divergence as in [27]. The aim of the clustering is to find the
probability of assigning the ith verb to the kth cluster p(k|i).
The similarity matrix can be seen as an undirected similarity graph where each node
corresponds to a verb. If we augment the similarity graph by r cluster nodes, the connection weight between the verb and the cluster is (assuming uniform prior p(i) = 1/n):
p(k|i)
p(k|i)p(i)
= 
p(i|k) = 
v p(k|v)p(v)
v p(k|v)
The similarity between two verbs can be defined as two-step random walks from ith
verb to jth verb via all clusters:
p(i|j) =



p(i|k)p(k|j) =

k

 p(k|i)p(k|j)

v p(k|v)
k

The objective of the clustering is to find a good approximation between the input
similarity matrix A and the random walk probabilities Â. The difference between the
two matrices is measured using the Kullback-Leibler divergence. The learning target
can be formulated as the following optimization problem:
min DKL (A||Â) =
w≥0

s.t.





(Aij log

ij

Aij
Âij

− Aij + Âij )

Wik = 1, i − 1, ..., n,

(2)

k

where we define Wik = p(k|i), and thus
Âij =

 Wik Wij

v Wvk

(3)

k

By dropping the constant terms, the optimization problem with dirichlet prior on W
is equivalent to minimising:


J(W ) = −
Aij log Âij − (α − 1)
log Wik
(4)
ij
3

ik

For more detailed information about DCD that that we are able to provide in this section,
please see [50].
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where α is the parameter of the dirichlet prior.
Taking the constraint in equation 2 into account, the optimization object becomes:
 
λi (
Wik − 1)
(5)
L(W, λ) = J(W ) +
i

k

[50] proved that the L is non-increasing under the update rule of W and λ detailed
in algorithm 1.

Algorithm 1. Optimization Algorithm for DCD [50]
Require: similarity matrix A, number of clusters r, nonnegative initial guess of W
repeat
 W W
Zij = ( k ikW jk )−1 Aij
vk
v

sk = v Wvk
−
−1
ik = 2(ZW )ik s−1
k + αWik
+
−2
−1
T
ik = (W ZW )kk sk + Wik
−
 Wil


ai = l + , bi = l Wil il
+
il

Wik ← Wik

a +1
−
ik i

il

+
+bi
ik

until W is unchanged
return cluster assigning probabilities W

The initial guess of W can be produced from the result of another clustering algorithm. As suggested by [50], the result of the spectral clustering can be used for the
initialisation of W . Thus, by using the result of spectral clustering as a starting point,
we can expect DCD to further improve the clustering result. We convert the result of
SPEC to an n × r binary indicator matrix, and add a small positive random number to
all entries. This matrix is used as the input W matrix for the algorithm 1.
4.3 Evaluation Metrics
We evaluate the results of the clustering against the gold standard using F-Measure as
in [27] and [25] to facilitate meaningful comparison against previous works. F-measure
provides the harmonic mean of precision (P ) and recall (R). P is calculated using
modified purity – a global measure which evaluates the mean precision of clusters. Each
cluster (ki ∈ K) is associated with the gold-standard class to which the majority of its
members belong. The number of verbs in a cluster (ki ) that take this class is denoted by
nprevalent (ki ).

ki ∈K:nprevalent(ki )>2 nprevalent(ki )
P =
|verbs|
R is calculated using weighted class accuracy: the proportion of members of the
dominant cluster DOM-CLUSTi within each of the gold-standard classes ci ∈ C.
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R=

|C|

i=1

|verbs in DOM-CLUSTi |
|verbs|

We calculate the random baseline as follows: 1/number of classes. We also calculate
the statistical significance of the results by using the one-tailed McNemar’s test [53],
with the extension of [54]. We considered p-value lower than 0.05.

5 Results
Table 2 shows the F-measure results for both clustering algorithms with different featuresets (see Section 4.1 is for legends of the different featureset codes). We can see
that SPEC performs better than DCD with nearly all the featuresets. This difference is
statistically significant for the majority of features and becomes more pronounced as we
move towards more sophisticated featuresets. The only featureset on which DCD seems
outperform SPEC is F1 which consists plain SCFs, but this difference in performance is
not statistically significant. While the poor performance of DCD may seem surprising
in the light of the good results of [50], our dataset, focusing solely on natural language,
is different in nature and also multiple times smaller than the data employed by Yang
and Oja.
Table 2. Results for Br. Portuguese verb clustering, considering 16 clusters (number of classes in
the gold standard) – * means no statistically significant difference between the algorithms
Feature
F1*
F2*
F3
F7
F13
F16
F17 (N=200, M=10)
F17 (N=200, M=20)
F17 (N=200, M=30)
F17 (N=200, M=80)
F17 (N=500, M=10)
F17 (N=500, M=20)
F17 (N=500, M=30)
F17 (N=500, M=80)

Spectral
Cluster
33.62
39.16
42.27
35.79
39.77
41.23
38.66
41.15
39.70
39.34
38.54
42.06
42.77
38.51

DCD
35.08
36.79
40.94
32.23
37.13
37.55
35.99
35.62
34.37
39.26
35.66
34.33
35.92
35.33

Regarding features, the best individual featureset is F17 with N=500 and M=30
which yields F-measure of 42.8 with SPEC. This is the most sophisticated featureset
which incorporates preposition-prameterized SCFs with SPs. Also F3 (SCFs parameterized for prepositions) and F16 (F3 parameterized for LPs) yield F-measure which is
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Table 3. The results for Br. Portuguese (BP), English and French (* inducates the best results for
each language) using SPEC
Feature
F1
F2
F3
F7
F13
F16
F17

BP
33.62
39.16
42.27
35.79
39.77
41.23
42.77*

French
42.4
45.9
50.6
55.1
52.7
53.4
54.6*

English
57.8
46.7
63.3
74.6
73
80.4*

clearly above 40, but there is a statistically significant difference between the performance of these featuresets and that of F17.
To provide an idea of how this performance compares with results obtained for
resource-richer languages, Table 3 shows the previously reported results for English [27]
and French [25]. Although the same feature sets and the same SPEC algorithm were
used here for all the languages, it is important to note that the results are not directly
comparable due to differences in data, NLP tools and gold standards (which are not
identical, even though they were derived from the same gold standard). However, this
table serves to give an idea of the general performance level and the best performing
features for the three languages.
We can observe that clustering performs clearly the best for English (with top performance at 80.5F) which has the largest corpus data and the highest quality NLP tools
among the three languages. French does not perform equally well (with top performance
at 54.6F), with errors reported due to the poor quality of parsing and data sparsity [25] 4 .
Br. Portuguese falls behind English and French in performance. Yet, the best results for
this language, obtained without any language specific feature engineering, are (in contrast to the earlier verb clustering experiment for Spanish [24]) well beyond the random
baseline. This together with the fact that similar feature sets tend to obtain the highest
and lowest results among the three languages is encouraging and also demonstrates the
cross-linguistic potential of Levin’s classification.
The lower quality NLP tools are likely to be one explanation for the lower performance for Br. Portuguese. For example, the SCF system of Zanette, used for many of
the featuresets, was reported to perform only at around 50.6% F-measure. The featuresets which were created using multiple NLP tools are likely to suffer from this problem
the most due to error propagation.
Another explanation is the small corpus size (our corpus is e.g. four times smaller
than that used in the French experiment) since verb clustering is known to be sensitive
to data sparsity. We therefore conducted another experiment on the full set of verbs
where we investigated the effect of instance filtering on the performance of the best
features sets: F3, F13, F16 and F17.
The results shown in Table 4 demonstrate the strong effect of data size of the performance. The results for high frequency verbs are considerably better than those for
4

Note that higher performance at 65.4 F was reported for high frequency French verbs.
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lower frequency verbs. SPEC, in particular, is able to take advantage of big data size.
While DCD and SPEC perform quite similarly for for the full set of verbs, the difference between the two methods gets more pronounced when the scope is restricted
to high frequency verbs (in particular those that have 2000 or more occurrences). For
the highest frequency group (verbs with 4000 or more occurrences), SPEC performs
considerably better than DCD for all featuresets.
The most sophisticated featureset F17 performs clearly the best with SPEC, obtaining its top performance for verbs which have 4000 or more occurrences at 75.2 F. The
second best featureset is F16 (at 68.3 F) – another linguistically sophisticated featureset which refines preposition-parameterized SCFs with lexical preferences. All the four
featuresets obtain results of over 63 F at the highest frequency group.
The results for high frequency verbs approach those obtained for all verbs in English
(with the majority of verbs having frequency more than 1000 in English), showing that
big data size can compensate for the lower quality NLP tools.
Table 4. The effect of verb frequency on clustering performance
Freq.
50
100
150
200
400
1000
2000
3000
4000

Verbs
454
371
321
290
222
131
82
63
46

DCD
40.82
37.74
39.41
39.53
43.67
41.11
42.63
44.32
45.32

F3
SPEC
41.79
43.72
42.27
41.42
43.98
44.52
55.54
53.21
64.66

DCD
36.50
37.59
35.62
36.64
36.86
42.13
46.20
55.60
53.77

F13
SPEC
35.44
41.43
41.62
39.17
44.77
44.37
50.26
57.48
63.29

DCD
37.23
37.84
38.80
36.29
41.42
45.43
49.02
50.32
48.24

F16
SPEC
39.44
41.11
42.97
39.37
39.89
46.85
59.12
62.03
68.31

DCD
32.06
32.41
32.38
30.84
31.80
40.99
40.20
50.50
43.90

F17
SPEC
35.20
37.66
37.83
37.03
40.51
47.62
52.08
57.50
75.21

6 Conclusion
In this paper we have presented the first work of clustering verbs into Levin-style classes
in Br. Portuguese. We have explored, in particular, the cross-linguistic potential of Levin
style classification and how this could be exploited in the creation of a gold standard as
well as in the development of a verb clustering approach for this language.
We first created a gold standard for evaluation of clustering by translating it from
English to Br. Portuguese, showing that the two gold standards share nearly all of their
classes and the majority of member verbs. The gold standard was extended further
mainly because many member verbs were low in frequency. We then used existing Br.
Portuguese NLP tools to extract similar feature sets as previously used for English and
French, and clustered them using similar clustering algorithms. The results for different
feature sets were in line with those obtained earlier for English and French. In particular, the most sophisticated features – the ones which are in the closest agreement with
Levin’s original features – produced the best results across the three languages.
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The level of clustering performance for Br. Portuguese was considerably lower than
that for English and French when the full set of verbs was considered. However, when
the scope was restricted to high frequency verbs the results were substantially better,
demonstrating that big data size is important for this task. The top performance was,
again, obtained using linguistically sophisticated features.
In the future, to improve the results for Br. Portuguese, we plan to use larger corpus
data (e.g. supplement existing corpora with text from the web), to improve the accuracy
of feature extraction (e.g. SCF acquisition), and to investigate whether it is possible to
refine feature sets with language specific constraints.
We have shown that it is possible to adopt a verb clustering method developed for
resource-rich language and apply it to a less-resourced language without language specific feature engineering, and obtain a useful result. Future work should investigate the
applicability of this approach to other, more distant languages and language families.
Such investigations can be highly valuable for the majority of world’s languages that
suffer from the lack of NLP resources, and could greatly benefit from techniques for
(semi-)automatic lexicon development.
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