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Abstract—Word Sense Disambiguation in text is still a difficult
problem as the best supervised methods require laborious and
costly manual preparation of training data. On the other hand,
the unsupervised methods express significantly lower accuracy
and produce results that are not satisfying for many application.
The goal of this work is to develop a model of Word Sense
Disambiguation which minimises the amount of the required
human intervention, but still assigns senses that come froma
manually created lexical semantics resource, i.e., a wordnet. The
proposed method is based on clustering text snippets including
words in focus. Next, for each cluster we found a core, the core
is labelled with a word sense by a human and finally is used
to produce a classifier. Classifiers, constructed for each word
separately, are applied to text. A performed comparison showed
that the approach is close in its precision to a fully supervised
one tested on the same data for Polish, and is much better than
a baseline of the most frequent sense selection. Possible ways
for overcoming the limited coverage of the approach are also
discussed in the paper.

I. I NTRODUCTION

M ANY words in the natural language have more than
one sense (or lexical meaning), e.g.,agent which not

only is a word of several natural languages, but also it has
several meanings in each of them. This phenomena makes
automatic semantic analysis of language utterances, e.g.,text
documents, very difficult task. The existing approaches to
Word Sense Disambiguation – automated assignment of word
senses to word occurrences – can roughly be divided into
two kinds: supervised– based on manually prepared sets
of examples of occurrences of word senses in contexts, and
unsupervisedor partially supervised, in which word senses and
their assignment is to greater or smaller extent derived from
the unannotated examples of usage of words itself.

The typical scheme for supervised methods is simple:
having the set of word senses defined, one needs only to
prepare a large set of examples of their use and train a
classifier. However, both preparatory steps are very laborious
and therefore very expensive. The definition of the set of word
senses equals construction of a semantic lexicon and manual
annotation of word senses in text is difficult and slow process.
Mihalcea [1] gave estimate that for achieving high accuracy
in a supervised setting on a set of 20 000 ambiguous words,
one would need to spend 80 man-years of work on semantic
annotation of the corpus.

Unfortunately, the unsupervised methods do not achieve
accuracy which would be acceptable for many applications

and often derive sets of word senses that are not intuitive
to humans. In our work we aim in the middle: we want to
use an existing source of fine grained description of word
senses in the form of a wordnet1, e.g., a Polish wordnet
calledplWordNet[2], but we want to derive training data for
the automated process of sense assignment in a very weakly
supervised way, i.e., with the amount of human intervention
minimised as far as possible.

Word Sense Disambiguation is important for many natural
language processing application. Machine Translation is an
obvious example, as it is not possible to correctly translate
polysemous words from one language to another without some
form of disambiguation. Information Retrieval and Extraction
would potentially benefit from high performance disambigua-
tion – it is important for a user to have only financial related
documents retrieved if she searched for wordbankin the sense
of financial institution. Also, systems supporting linguist work
during the creation of language resources would benefit from
robust Word Sense Disambiguation.

To overcome the knowledge acquisition bottleneck a new
approach is presented in the paper, which requires only
minimal supervision and is based on the work flow of a
lexicographer. The method is based on the idea of using
clustering algorithm for creation of labelled data for training
classifiers. The supervised element is in the form of cluster-
labelling step based on selection of representative examples
from the created clusters (one per cluster). In this paper we
present a first limited experiment whose goal was to assess
the feasibility of the whole idea by applying it to a Word
Sense Disambiguation task previously successfully approached
by supervised methods, cf [3].

The paper is organised as follows. In the next section
the motivation behind our approach is given followed by an
explanation of the algorithm steps. In the Section III the
experimental evaluation of the early version of the algorithm is
presented. Sec III-A describes dataset used, which is followed
by the explanation of the feature set used (Sec. III-B) and the
discussion of the obtained results (Sec.III-C). In the Sec IV
brief description of related works is given. We finish the
discussion by providing short summary of main points of our
method and pointing to further research areas.

1A large electronic thesaurus representing word senses by groups of
synonyms –synsets– and characterising them by lexical semantic relations
defined between synsets and between words.
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II. L EXICOGRAPHER-BASED SEMI-AUTOMATIC WORD

SENSE DISAMBIGUATION

The main idea of our approach has been inspired by
the method often used by lexicographers during their work
on creation of dictionary entries. We focus here mainly on
linguists extensively working with corpora, i.e., following the
corpus-based linguistics paradigm. Following [4] and [5] we
assumed that lexicographer’s work on the lexicon description
of a given word can be roughly divided into four steps:

1) Gathering corpus evidence for a given word (word usage
examples, orKey Word In Context, KWIC2).

2) Splitting gathered data into clusters, so that word usage
examples in one cluster have more in common with each
other than with examples in different clusters. According
to limited research this is one of the hardest parts of the
lexicographer’s work [6].

3) Analysing the clusters in search for common characteris-
tics of examples in each cluster. Ideally, we would like
to find the reason why given examples were grouped
together.

4) Completing the process with formulating dictionary def-
inition(s).

On the basis of the flow of lexicographer’s work we propose
a new approach to Word Sense Disambiguation calledLexCSD
(Lexicographer-Controlled Semi-automatic word sense Disam-
biguation). The process is split into four phases:gathering
examples, clustering, classificationand evaluation / disam-
biguation. The scheme of the process is presented in Fig. 1).
During the first stepsnippetsof text (of one or several sen-
tences) containing example words are converted intofeature
vectors describing the example word occurrences in terms
of the predefined features (discussed later in the paper). The
result is the input to the subsequent processing clusteringand
Machine Learning algorithms.

The goal of the clustering is to group together elements in
a way which maximises similarity between elements in one
cluster and minimises similarity between elements belonging
to different clusters. This definition closely resembles the
step 2 of lexicographer work. With good clustering algorithm
applied to examples of a given word we should obtain clusters
consisting mostly of one word sense.

After clustering, representative examples of each clusterare
first labelled by anOracle in order to map the clusters to
word senses they represent. We assume here that a cluster
is enough coherent with respect to the included examples of
the given word occurrences. However, the use of an Oracle
is optional from the point of view of the whole process.
The Oracle is intended to deliver only names for the senses
identified by clusters of examples, but it is not necessary
for the word sense identification and following Word Sense
Disambiguation process itself. At this stage, KWICs contained
in the cluster, represented by feature vectors, form labelled
data for a supervised Machine Learning algorithm. Inclusion

2In this work we consider KWIC loosely as a passage of text containing
examined word.

of an example in a cluster defines the class label for this
example. Any Machine Learning algorithm can be used to
build a classifier which will later assign the class labels to
unseen occurrences of the given word. This step resembles
step 3 of the lexicographers work flow: labelled clusters are
analysed in fully automatic way. A result of this step is a
classifier that can be used to label unseen occurrences of
ambiguous word.

Fig. 1. Schematic view of LexCSD approach to word sense disambiguation.

Lexicographer’s work is concluded with creation of a
dictionary definition for the given word. According to the
preliminary survey of [6] this is the most difficult problem
for humans. Choosing precise wording for explaining word
senses automatically seems to be a very hard problem, one
we think will require strong AI techniques to be applied.
On the other hand, providing informative examples of word
uses should be enough for humans to understand semantics
of a given word sense. The snippets corresponding to the
representative examples from the clusters can be a good basis
for the automatic selection of exemplar uses of the give word.

Summing up, we intend to mimic to some extent the way
according to which lexicographers work. For a given word,
we want to identify groups of representative examples of its
use, corresponding to its different unknown senses, optionally
name this groups by an Oracle (mostly a human) and finally to
use these groups as a basis for the construction of a classifier.
The classifier will be next used to disambiguate previously
unseen occurrences of the given word. For each word the
whole process must be performed in the same way. In the
following sections we will describe the two key steps of the
LexCSD: clustering and classification, in greater details.

A. Clustering Example Snippets

In the second stage of LexCSD we apply some clustering
algorithm to split data into clusters describing possible word
senses. This step is crucial for LexCSD algorithm, as its aim
is to create representative sets of data samples corresponding
to particular word senses, which will be used in the next step
of the algorithm, i.e., supervised training of a classifier.

There are a few problems that needs to be addressed in
the clustering phase of LexCSD. First, we need to select a
suitable clustering algorithm, that is not a trivial problem.
Most general-purpose clustering algorithms producek number
of clusters, wherek is predefined by the user. Ideally, we
would like to obtain clusters containing KWICs for one word
sense each exclusively, but that is seldom the case. Even
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specialised word sense induction algorithms like Clustering by
Committee [7] do not handle word senses which are infrequent
in the corpus well, or produce noisy results [8].

Last problem can be addressed by post-filtering clusters.
We assumed that acluster corecontributes the most to the
formation of the whole cluster. We can safely remove some
elements from the groups, as our goal is not to cover by clus-
ters all collected samples (representing word occurrences), but
to find a subset of the most representative samples for different
word senses. But how those most informative KWIC can be
identified? The most obvious way is to remove some number
of data samples that are in a further distance from the cluster
centroid then majority of the group. This straightforward idea
works quite well according to the preliminary experiments (cf.
Sec. III), but may not be enough with a larger and more diverse
corpus. Filtering is not an easy task in general, but in the case
of constrained domain the problem can be approached with
special tools. We consider using, e.g.,distributional semantic
relatedness[9], [10], and other statistically driven evidence for
semantic similarity of words as a method used in identification
of data samples located outside a cluster core.

After filtering clusters, an additional group of KWICs is
formed, which can be treated asoutliers. This is important
in the following step of the LexCSD, because we limit the
classifier in making decision only to word occurrences with
enough evidence, i.e. the classifier assigns analysed casesto
classes defined by the cluster cores plus an additional class
representing the lack of decision, i.e., the classifier abstains
for some cases [11]. Moreover some clustering algorithms can
explicitly assign some of objects to the outliers class, which
we can treat now in an uniform way. It is worth to notice, that
outliers can be used again as an input for another iteration of
the LexCSD method. This gives an opportunity for creation
of a kind of a feedback loop.

Typically selection of an appropriate number of clusters,
written here ask, is done on the basis of cluster analysis,
e.g., finding optimal value for some measure that maximises
internal cluster similarity for different values ofk. Many
approaches have been developed, some of which were also
tested in the domain of Word Sense Disambiguation, e.g. [12].
We want to apply some of them, but also we consider
usage of another knowledge source in LexCSD, namely an
Oracle whenever it is available. Also additional resourceslike
dictionaries (both mono- and mulit-lingual) can be used for
the extraction or estimation of the number of senses. Our
previous research on the construction of document classes (via
clustering) showed that distribution of words across sets of
keywords extracted for the subsequent document classes can
also be considered as a basis for a viable approach to the
estimation of a number of senses [13].

Even for best clustering algorithm and carefully set param-
eters, there can happen cases in which the produced clusters
will be of low qualityen masse. Those cases can be recognised
on the basis of a few premises, e.g., using some intrinsic
evaluation methodology, cf [14], occurrence of too many
outliers or inability of algorithm to create a desired number

of groups. In that case LexCSD can backtrack to beginning
of the clustering process and a different clustering algorithm
and/or parameters can be applied. Moreover, we can also go
back to the textual data in search for different features or to
change feature selection scheme. Searching the web or other
corpora for additional text snippets is also a viable solution
for remedying problem of lower quality clustering.

B. Active learning component – cluster labelling

In order to reduce the use of an external source of knowl-
edge, only one representative example is selected from every
cluster core (i.e., filtered cluster) to be presented to an Oracle,
cf Fig. 1. The most obvious way for the introduction of an
Oracle into LexCSD is to ask a lexicographer for labelling the
representative examples, and at the same time the cluster cores,
with word senses. The same word sense can appear several
times for a given word if the number of clusters exceeds the
number of senses. The amount of manual work is reasonably
modest, as only one representative per cluster will be presented
to the lexicographer. It should be emphasised, however, that
the labelling is optional, as its goal is only to name senses in a
humans-understandable way for the following disambiguation
process3. As clustered elements are created from KWICs,
the labelling step of LexCSD can be perceived as a typical
problem of a semantic annotation.

Labelling is helpful to accomplishing three goals. Firstly,
even in weakly supervised setting we want to work on word
senses that can be mapped to some language resource describ-
ing lexical meanings, e.g., to a wordnet – a Polish wordnet
called plWordNet [2].

Secondly, having word senses described by cluster cores
mapped to those senses described in a language resource,
the algorithm performance can be evaluated using a corpus
manually annotated with word senses. There will be no need
for introducing an additional non-trivial step of mapping dis-
covered senses to senses described in a language resource [8]
or for performing laborious and error-prone manual evaluation.

Last but not least, labels are helpful in detecting and
merging clusters referring to the same sense of the given word.
Intuitively, particular word senses can have a few different
distributional behaviours in a corpus. It is likely that forthose
cases clustering algorithm will produce more than one cluster.
This could have a negative impact on the classifier accuracy,
unless all clusters describing the same sense are not assigned
the same label, i.e., without labelling we would have two
clusters selecting the same word sense but presented to the
classifier as two different classes. Preliminary experiments
confirmed our intuition (Sec. III).

The question remains: how to select representative examples
for labelling. Examples (i.e., text snippets) that we are going
to select should express the following features:

• typical for a given word sense,

3In the case in which the number of clusters is greater than thenumber
of senses of the given word, the labelling identifies also identical senses
represented by different clusters.
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• informativefor a given word sense (as an explanation of
the label),

• easy to be labelledby a lexicographer (directly identify-
ing a given word sense ).

As the first possible solution, we used a centroid of a
cluster, i.e., KWIC that is closest to the cluster centre. Asit
was mentioned before, KWICs close to the centroid form the
cluster core – a word sense sample data. Thus they have the
strongest influence on the final shape of the cluster. We think
therefore that the selection based on this rule will provideat
least two of the three features postulated for the representative
examples above, namely: typicality and informativeness. It is
yet to be seen if the third feature will be supported by the rule,
i.e., if centroids will point to the examples which are easy to
label.

The labelling step is optional. Without labelling LexCSD is
fully unsupervised Word Sense Induction and Discrimination
algorithm. There are two notable difference from typical
approaches, e.g.

1) induced senses receive meaningful labels (Sec. II-D),
2) no retraining is required for sense tagging new text –

the classifiers are ready to use4 (Sec. II-C).
The lack of the first feature is often mention as an important

drawback of the family of unsupervised algorithms [8], [15].

C. Classification-based Sense Disambiguation

Created groups of KWICs, which are defined by cluster
cores, are used next as training data for building a classifier. As
it was mentioned earlier, because of the nature of the clustering
task, the groups can contain some KWICs that were wrongly
assigned, and as a result received wrong labels. Nevertheless,
our goal is to create as accurate classifier as possible, in spite
of noise possibly present in training data, i.e., KWIC groups.
Training of the classifier is facilitated by the explicit separation
of the class of outliers, because we can postpone the hard
decisions to the later steps of the process. The tread off is that
the classifier will not be able to label all occurrences of the
given word when applied during sense disambiguation.

In a similar way to the clustering step, we can choose among
many different algorithms for performing classification. There
is plethora of approaches in the Word Sense Disambiguation
literature [16]. Naturally, not all the classification algorithms
can achieve high accuracy for every word on the basis of the
selected feature set [3], [16]. The optimal situation wouldbe to
have a method of automatic selection of the best classifier for
each word. LexCSD can achieve this by the means of another
feedback loop. The classification step can be repeated with
different parameters in two cases:

• when most elements are classified as outliers,
• or precision of the classification is low.
The repetition should be triggered in an automatic way, i.e.,

using only data provided by the clustering step. Assuming
that the number of KWIC examples is high enough, as it can

4Sometimes retraining is desired, e.g., when porting systemto another
domain, where sense distribution is different.

be expected in the case of a large corpus, we can split the
clustered data onto training and testing subsets. In the case
of small corpus, as in our limited experiment, we can build
the repetition procedure on the basis of leave-one-out cross
validation.

On the output of the classification phase we obtain ready-to-
use classifiers, one per each word which was considered in the
process. The classifiers can be used for disambiguating larger
corpora. This presents another opportunity for incorporation of
a bootstrapping approach. As it was shown numerous times
during Senseval and Semeval competitions [16] supervised
approaches always surpass unsupervised methods. After tag-
ging large corpora with LexCSD, following the self-training
paradigm of Machine Learning, e.g. [11], it will be possibleto
use those tagged examples as a source for the second iteration
with the help of the supervised Word Sense Disambiguation
algorithm scheme. This issue we leave as one of the open
research problems, but according to the collected experience
in bootstrapping approaches [16]–[19], it is a promising further
development for the future.

D. Senses description

One of the important problems of unsupervised, clustering-
based methods for Word Sense Disambiguation is the problem
of labelling clusters [8], [15], [16]. Methods proposed in
literature often do not give any description for the discovered
senses, e.g. [20], or only some keywords are provided as a
means of explanation [7], [21].

On the basis of the selection of representative KWICs from
a cluster (Sec. II-B), LexCSD should be able to label the
discovered word senses with sentences selected from those
belonging to cluster cores. This would be especially helpful,
when no Oracle is available. Additional labels would be also
provided in the form of keywords, similar to works of [21]
and [8].

Selected examples could also be used for augmenting other
hand-made dictionaries with data, thus easing the lexicogra-
pher’s workload. This could be performed in both cases: either
when the Oracle is based on manual labelling the clusters (that
creates indirectly a mapping between cluster and dictionary)
or in the case of a automatically performed mapping. As the
considerations presented in this section still suffer frommany
open problems we leave this part of the method for the further
research.

III. E XPERIMENTS

The aim of the experiments is to assess viability of the
LexCSD approach to Word Sense Disambiguation for Pol-
ish. As research in this area for Polish is performed very
rarely, especially with regard to unsupervised and weakly
supervised methods, we wanted to compare our approach
with the supervised approach described in [3]. We have not
expected that LexCSD, a weakly supervised method, will
outperform a supervised algorithm in the same settings, as
the latter approaches generally surpass other approaches [16].
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Nevertheless, we argue that result better than most-frequent
sense baseline will prove viability of proposed approach.

Following the previous work we are using LexCSD to
solve Lexical Sample Task [16]. The aim of this task is to
disambiguate occurrences of only sample of words. In order
to compare with [3] in a as straightforward as possible way, we
based our experiments on exactly the same data. We used the
same corpus, the same features and feature selection technique
and the best performing classifier only, i.e., Naïve Bayes.

A. Dataset

Bàs et al. [3] prepared semantically annotated corpus based
on a subcorpus of IPI PAN Corpus [22]. In the corpus 13
Polish polysemous nouns were annotated with word senses
from plWordNet [2]:

1) agent (4 senses, English translation:agent),
2) automat (3: automaton, automatic machine and

machine-gun),
3) dziób (4: beak, bow, mouth (semantically marked) and

face (semantically marked) ),
4) język (2: languageor tongue),
5) klasa (6: class, classroom, form, grade),
6) linia (6: line, route, figure, contour),
7) pole (3: field),
8) policja (2: police, police station),
9) powód(2: reasonandprotection(person)),

10) sztuka(6: art, play, craft, item),
11) zamek(4: castle, door lock, zipper andbreechblock),
12) zbiór (7: set, collection, harvestandfile),
13) zespół (5: team, gruop, band, company,complex and

unit).
The subset of words represents several different problems.

Words have 2–7 meanings, some of them have more hon-
onymous characteristics (e.g.,zamek, powód), others tends to
be highly polysemous (linia, sztuka). The methodology used
for selection and annotation can be found in [3]. Table I
summarises statistics for the created corpus. The trainingset
consists of 1348 annotated examples. The annotation differs
a little form the previously reported data. This was caused
by minor corrections in most of the words. Only data for the
wordagentwas significantly changed, because of the problems
with overlapping wider context in the examples (for further
explanation of this problem see [3]).

B. Features

We used the same features to represent KWICs as vectors
for Machine Learning as in previous work [3], namely:

1) Parts of Speechin the ±2 text window around the
training word occurrence – information concerning parts
of speech, or more precisely more fine grained division
into 32 grammatical classes, comes from the TaKIPI
morphosyntactic tagger [23] applied during preprocess-
ing of the corpus. A training vector includes numerical
identifiers of grammatical classes.

2) Collocation wordsin the ±2 text window – word base
forms of all grammatical classes (except interpunction

TABLE I
ANNOTATED TRAINING WORDS AND SENSES.

Word No. of senses Annotated senses No. of examples
agent 4 2/24/22/22 70
automat 3 28/31/46 105
dziób 4 31/17/24/9 81
język 2 22/54 76
klasa 6 51/9/12/29/13/6 120
linia 6 15/4/35/12/4/12 82
pole 3 69/25/2 96
policja 2 23/41 64
powód 2 137/122 259
sztuka 6 5/12/37/19/12/11 96
zamek 4 19/36/19/18 92
zbiór 7 16/16/1/15/3/32/3 86
zespół 5 60/1/3/28/29 121

signs) which occurred in the close context of the±2

text window. The lematisation was done by TaKIPI. No
statistical filter was applied to the found occurrences.
Found word base forms are represented by identifiers in
the training vector.

3) The first noun to the left and to the right of the training
word occurrence – nouns are important meaning bearers
in the text. Information concerning nouns with which the
training words are associated in text can be an important
factor in determining the sense of the training word.
Nouns are analysed on the level of their base forms.
The appropriate elements of the training vector store the
numerical identifiers.

4) Wider contextof the training word – described by base
forms of words occurring in a larger text window. In
a way typical for the bag of words model, the context
is represented by the boolean vector, where 1 means
that the corresponding base forms occurred in the given
context.

We used Ng and Lee method [24] for feature selection,
in which features are assigned the probability of describing
the give word sense in the given context. Note, that this is
supervised feature selection algorithm, so it introduces small
bias in our evaluation methodology. Nevertheless, we decided
to use this feature selection scheme to have an equal ground
for comparison between both methods: supervised [3] and our
weakly supervised.

C. Results

All experiments have been performed on the basis of the
graph-partitioning-based clustering method [25] appliedfor
grouping text snippets and the Naïve Bayes (henceforth NB)
algorithm used for training classifiers. NB was chosen, as this
classifier expressed the best average performance in previous
experiments using our dataset presented in [3]. The selected
clustering algorithm has been chosen on the basis of our
previous work on the application of clustering of words in
the task of semi-automatic extension of a plWordNet [2]. We
used the Oracle for two tasks across all the experiments:

• for labelling selected representative examples,
• and for providing No. of word senses for every word.
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The selection method for representative examples was
straightforward: we used cluster centroids. During the filtering
step we usedz-scorestatistic based on the internal similarity to
measure the association of cluster elements with the centroid
following [25]. All cluster elements below the 0 value of the
z-score are excluded from the cluster core. The feedback loop
on the level of clustering has not been applied yet.

As number of examples per word is small in many cases,
the leave-one-out cross validation scheme was used as a basis
for the evaluation.

All experimental results are presented in Tables II – V,
where:

• P denotes precision, which expresses the percentage of
correct labels assigned by LexCSD to words in context,

• C – coverage, the percentage of cases that were classified
to a different class than outliers,

• senses– the number of different senses that were anno-
tated by LexCSD – occurred among the classes assigned
by the classifier; in parentheses, the number of different
senses that were assigned correctly at least once is given,

• NB presents the accuracy of the fully-supervised ap-
proach for the same settings (i.e., comprising the features
used and training data),

• baselineinforms about themajority baselinedefined, i.e.,
the precision of a heuristic assigning the most frequent
sense of the given word would be assigned to all its
occurrences.

Table II presents the initial experiments during which only
bag-of-words features were used. These experiments define a
kind of reference level for all following experiments. Table III
includes results of experiments using bag-of-words and collo-
cational features, Table IV – experiments with applicationof
bag-of-words and part of speech features, and, finally, in the
Table V we show the results of experiments during which the
bag-of-words and nominative features were applied.

In almost all cases LexCSD produced better results than
the baseline algorithm. Only in five cases LexCSD result
was lower than the baseline. In four cases the lower results
coincides with the application of collocational features,that
is surprising. Nevertheless, introduction of additional features
improves results in most cases, that contradicts the observa-
tions made during the previous experiments with the super-
vised approach on the same data set [3], but is in accordance
with some results reported for English, e.g. [24].

Surprisingly, the weakly supervised algorithm surpasses the
fully supervised algorithm in some cases. Naturally, it has
its cost in terms of coverage, which is quite limited for the
majority of cases. In a few cases LexCSD achieved precision
better than the supervised classifier based on NB and high
coverage in the same time, e.g. in the case ofpole (field) –
using collocational features too – orsztuka(art, play, craft,
item) – applying only wider context.

Interesting results were obtained for the wordzamek(castle,
door lock, zipper, breechblock). LexCSD produced an almost
perfect classifier that can classify 3 out of 4 senses of the
word zamek. The coverage is low (23.91%–36.51%), but it

TABLE II
RESULTS OFLEXCSDUSING WIDER CONTEXT ONLY.

word P[%] C[%] senses NB[%] baseline[%]
agent 53.33 28.85 3 (1) 67.31 44.23
automat 69.23 47.56 3 92.68 50
dziób 68.75 31.39 3 86.79 37.74
język 100 31.91 1 85.11 95.74
klasa 100 38.38 3 88.89 51.52
linia 80.95 42.86 4 (2) 65.31 53.06
pole 71.43 37.84 3 (1) 91.89 67.57
policja 88.89 26.47 2 (1) 88.24 91.18
powód 72.90 42.46 2 82.54 53.57
sztuka 74.36 55.71 6 (4) 67.14 37.14
zamek 100 36.51 3 98.41 47.62
zbior 81.58 55.07 5 (4) 86.96 44.93
zespol 84 37.31 3 (2) 76.12 40.3

TABLE III
RESULTS OFLEXCSDUSING WIDER CONTEXT AND COLLOCATIONS.

word P[%] C[%] senses NB[%] baseline[%]
agent 51.35 52.86 4 (2) 57.14 34.29
automat 57.69 49.52 3 (2) 78.10 43.81
dziób 78.57 17.28 3 72.84 38.27
język 65.79 50 2 78.95 71.05
klasa 74.07 45 6 (4) 81.67 42.50
linia 37.78 54.88 6 (4) 53.66 42.68
pole 96.47 88.54 3 (2) 90.63 71.88
policja 93.33 23.44 2 (1) 81.25 64.06
powód 27 38.61 2 83.40 52.90
sztuka 24.53 55.21 6 (3) 54.17 38.54
zamek 100 26.09 3 86.96 39.13
zbior 53.85 45.35 7 (3) 76.74 37.21
zespol 72.41 23.97 3 (2) 73.55 49.59

can be raised with, e.g., using feedback loops or retraining
the classifier on larger dataset. Also the interesting thingabout
zamekis that different features changed only coverage leaving
the precsion at the perfect level of 100%.

The worst result was obtained in the case of the word
powód, as using collocational features. It was caused by the
fact that clustering algorithm did not handle this particular
word well. The average purity5 of the clusters was on the level
of 69% and only one sense was discovered during clustering
in that case.

IV. RELATED WORKS

Word Sense Disambiguation is well known and popular
problem in computational linguistics literature. Recent surveys
of methods and approaches to it can be found in [27] and [16].
Machine-learning-based methods can be roughly divided into
supervised and unsupervised.

In the first step supervised methods extracts features from
manually semantically annotated corpus. Márques et al. [28]
divides most commonly used features into three categories:
local, topical and syntactic. In our approach we used both local
(collocations and part of speech) and topical features (wider
context), following the work of Ng and Lee [24].

5Purity is a way of measuring howpure the clustering solution is when
labelled data is available for evaluation. For each clusterthe label of majority
of elements is assigned and then the number of correctly clustered elements
is counted, cf. [26].
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TABLE IV
RESULTS OFLEXCSDUSING WIDER CONTEXT AND PART OF SPEECH.

word P[%] C[%] senses NB[%] baseline[%]
agent 50 22.86 3 (1) 70 34.29
automat 51.22 39.05 3 (2) 81.90 43.81
dziób 81.25 19.75 3 74.07 38.27
język 100 25 1 76.32 71.05
klasa 80.95 52.50 6 (4) 75.85 42.50
linia 84.62 31.71 4 (2) 53.66 42.68
pole 100 23.96 1 82.29 71.88
policja 93.75 25 2 (1) 87.50 64.06
powód 87.04 41.70 2 84.17 52.90
sztuka 48.75 40.63 6 (5) 57.29 38.54
zamek 100 26.09 3 84.78 39.13
zbior 57.63 68.60 7 (4) 75.58 37.21
zespol 87.88 27.27 3 (2) 72.73 49.59

TABLE V
RESULTS OFLEXCSDUSING WIDER CONTEXT AND NOUNS.

word P[%] C[%] senses NB[%] baseline[%]
agent 50 45.71 4 (2) 65.71 34.29
automat 95.45 41.90 3 (2) 85.71 43.81
dziób 66 61.73 4 (3) 76.54 38.27
język 73.68 50 2 78.95 71.05
klasa 75.76 55 6 (4) 80.83 42.50
linia 84 30.49 4 (2) 47.56 42.68
pole 100 23.96 1 95.83 71.88
policja 93.75 25 2 (1) 78.13 64.06
powód 76.32 44.02 2 81.08 52.90
sztuka 72.73 34.38 5 (4) 52.08 38.54
zamek 100 23.91 3 85.87 39.13
zbior 42.55 54.65 7 (4) 79.07 54.65
zespol 73.33 24.79 3 (2) 72.73 49.59

The most important drawback of supervised approaches
is related to the knowledge acquisition bottleneck and the
cost of manual corpus annotation. There are a few ways
of overcoming this problem, e.g., bootstraping and Active
Learning [27]. By incorporating the Oracle in the learning
process LexCSD is similar to theActive Learningapproach.
Recently there has been a few interesting works in this area,
e.g., [29]–[32]. Among them Zhu et al. [32] presented an
interesting method which is somehow similar to our approach.
The authors consider using clustering for selection of an initial
training set only for the Active Learning process. The required
workload is much higher for the Oracle, as the algorithm
follows standard the Active Learning scheme. The evaluation
was tested only for one noun using theInterestscorpus [33].

Unsupervised methods for Word Sense Disambiguation on
the other hand do not need any labelled examples in the
learning process [34]. Unsupervised methods employ cluster-
ing in some way6. There are two tasks related to the unsu-
pervised methods: Word Sense Induction (also referred to as
type-based methods) and Word Sense Discrimination (token-
based) [15], [35]. Clustering by Committee is an example of
a specialised type-based clustering algorithm [7] that bases
clustering process on the Measure of Semantic Relatedness.
There are reports on its good performance performance for
English language in relation to WordNet [36], but in similar

6We purposefully omit methods based on translational equivalence.

experiments for Polish in relation to plWordNet the result
were not encouraging [8]. SenseCluster [21] is a system that
supports token-based unsupervised approach to Word Sense
Discrimination. Discrimination in this approach is achieved
by clustering contexts. For most of the experiments performed
by Purandare and Pedersen the unsupervised approach is better
than majority sense heuristic [37].

The problem of labelling of resulting clusters is either not
addressed at all [20] or based on providing a few keywords
per cluster [7]. Kulkarni and Pedersen labels cluster by find-
ing most informative and descriptive bigrams occurring in
clustered contexts [21]. Problems of those approaches are
connected to both low precision of labelling and problems
with determining the meaning of word sense in the cluster
on the basis of a few examples of keywords or short phrases
presented for the cluster.

V. CONCLUSIONS ANDFURTHER WORKS

We have presented a new approach to Word Sense Disam-
biguation, which is inspired by the lexicographer’s work flow
called LexCSD. Clustering is employed for generation from
unlabelled data training examples for classifiers. There exists
a few possible feedback loops in the case of not achieving
satisfying results on many stages of the algorithm.

LexCSD can work in weakly supervised settings in a
spirit of Active Learning paradigm in which an Oracle is
consulted to label the extracted senses. There is a possible
unsupervised variant of the method too, as the most important
factor is discrimination between different words usages. Initial
methodology for providing meaningful labels for extracted
word senses (represented by clusters) has been described.
Labelling is based on the premiss that examples of word uses
are more descriptive than keywords for humans.

Results obtained for the small data set used are promising.
In most cases LexCSD surpassed the most-frequent sense
baseline and in some cases the precision of disambiguation
was higher than for supervised approach. The important draw-
back is the coverage of the algorithm. There are a few ways
for increasing the coverage. All examples from the set of
outliers can be used as an input to the LexCSD during the
second iteration. Preliminary experiments for a subset of words
showed that in each iteration overall coverage was increased
by a few percent. Note, that for every subsequent iteration
additional labelling of examples by the Oracle is required,so
one need to strive to achieve balance between supervision and
coverage. Another reason for low coverage is the use of a quite
aggressive filtering of clusters. This results in a large number
of outliers, which are next used to train a classifier. This can
be easily overcome by subsampling the outliers class. Ideally,
we would like to improve method of filtering of clusters and
provide a method for intelligent selection of outliers.

Further works includes throughout evaluation of not tested
parts of the LexCSD approach, most importantly, feedback
loops, automatic selection of the number of clusters, cluster
labelling and automatic mapping induced senses to existing
lexical resources in order to minimise supervision.
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As the evaluation was performed only on a small corpus,
containing only 1348 KWICs, we need to test the approach on
a larger unlabelled corpus, e.g., the whole IPI PAN Corpus. We
expect that larger amount of data will work in favour because
of the statistical nature of LexCSD. A possible problem is
dominance of some senses in the corpus. We plan to overcome
this problem by incorporating more informative features and
a feature selection algorithm.

Last but not least, the external evaluation is needed. The
value of precision and coverage are quite indicative for the
algorithm quality, but without an evaluation on the basis of
Natural Language Processing applications we do not know
how high those values should be for a system to be useful in
practice.
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