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Abstract: The paper presents a flexible system for extracting features and creating training and
test examples for solving the all-words sense disambiguation (WSD) task. The system allows
integrating word and sense embeddings as part of an example description. The system possesses two
unique features distinguishing it from all similar WSD systems—the ability to construct a special
compressed representation for word embeddings and the ability to construct training and test sets
of examples with different data granularity. The first feature allows generation of data sets with
quite small dimensionality, which can be used for training highly accurate classifiers of different
types. The second feature allows generating sets of examples that can be used for training classifiers
specialized in disambiguating a concrete word, words belonging to the same part-of-speech (POS)
category or all open class words. Intensive experimentation has shown that classifiers trained on
examples created by the system outperform the standard baselines for measuring the behaviour of
all-words WSD classifiers.

Keywords: word sense disambiguation; word embedding; classification; neural networks; random
forest; deep forest; JRip

1. Introduction

The task of word sense disambiguation (WSD) is to computationally identify the correct meaning
of a word by its use in a particular context [1]. The complexity of this task is due to such reasons
as the lack of a unified representation for word senses, the use of different levels of granularity of
sense inventories, a strong dependence of the task on available knowledge resources and so forth.
WordNet [2], which is currently used as a standard word sense inventory for English texts, relates each
word (word lemma) to a set of WordNet sense identifiers and its latest version (WordNet 3.1) contains
about 155,000 words organized across 117,000 synsets.

Based on the knowledge resources used, the existing approaches for solving the WSD task can be
split into two main groups—supervised and knowledge-based. The supervised approaches consider
WSD as a classic machine learning task—they need sense annotated collections of texts (corpora) for
learning a classification model, which then are applied to finding a proper sense of a target word
in a previously unseen context. Since the manual annotation of texts is a very time consuming
task, most of the existing supervised WSD systems for English use the largest manually annotated
corpus—SemCor [3] as their training set, which contains around 234,000 words that are manually
annotated with part-of-speech (POS) tags and word senses from the WordNet inventory.
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A semi-supervised approach is a variant of the supervised approach to WSD, which tries to
avoid the necessity of the manual creation of sense annotated collections of training texts. It does
so by constructing artificial, automatically sense annotated corpora or by exploring such corpora
in conjunction with manually annotated ones. It has been shown that in some settings such
semi-supervised approaches allow creating training corpora that can be used for learning classification
models outperforming similar models trained on manually annotated ones [4,5].

Knowledge-based approaches do not need a sense annotated corpus and rely only on lexical
recourses such as a dictionary or a computational lexicon. The idea is to take advantage of the structural
and lexical-semantic information in such resources to choose among the possible senses of a target
word occurring in context. The Lesk algorithm [6] is one of the earliest approaches in this group. It is
based on the computation of overlap between the context of the target word and its definitions from the
sense inventory. An important branch of knowledge-based systems are graph-based systems that use
some structural properties of semantic graphs for solving the WSD task [7,8]. Such systems first create a
graph representation of the input text and then traverse the graph by different graph-based algorithms
(e.g., PageRank) in order to determine the most probable senses in the context. The knowledge-based
systems usually have lower accuracy than the supervised systems since they tend to adopt bag-of-word
approaches which do not exploit the local lexical context of a target word, including functional and
collocation words [5]. However, they have an advantage of a wider coverage, thanks to the use of
large-scale knowledge resources [1].

The present paper is devoted to describing a system called WSD Studio, which is intended for
the extraction of various features and creating sets of training and test examples for solving the WSD
task based on the supervised approach. The main characteristics of the approach applied by the
system have been already presented in Reference [9], so in this paper we make more emphasis on the
functional architecture of the system, on newly conducted experiments and on deeper discussion of the
results. The structure of the paper is as follows: the next section discusses some related work. Section 3
is devoted to the detailed description of the system’s functional architecture. The experiments with
different classification models learned from the sets of training examples constructed by the system are
presented in Section 4. Section 5 is devoted to the discussion and presentation of our plans for further
development of the system. The last section concludes the paper.

2. Related Work

There are two variants of the WSD task—the lexical sample WSD and the all-words WSD. In the
first case only a restricted subset of target words should be disambiguated. Such words usually occur
one per sentence. The all-words WSD task requires finding senses for all open class words in a sentence
(i.e., nouns, verbs, adjectives and adverbs). The complexity of this task is higher because of:

1. A huge number of classes: for example, a WordNet-based dictionary used for sense annotating a
text contains about 150,000 open class words with about 210 000 different senses (classes).

2. Data sparseness: it is practically impossible to have a training set of adequate size that covers
all open class words in the dictionary, which (for the supervised approach to WSD) makes it
impossible to create a good classification model for disambiguating all words.

To avoid these problems, the existing supervised WSD systems try to solve the all-words WSD
task by constructing a set of classifiers (so called word experts)—one specialized classifier per open
class word or even per each word category (noun, verb, adjective or adverb). A training example for
such a word expert is represented by a set of features extracted from the context of the corresponding
word (a fixed number of words occurring left and right to the target word in a sentence) and labelled
by a concrete sense of the word (class) selected from a set of possible word senses presented in
the dictionary.

One of the state-of-the-art supervised all-words WSD systems is IMS [10]. It constructs a classifier
for each type of open class word w and applies a bag-of-words approach for representing examples.
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Each example (an occurrence of w in the text) is represented by three sets of features extracted from the
context of w (a window with the size of three words left and right to w). The first set consists of POS
tags of the target and context words, belonging to the same sentence as the target word. The second
set contains a special binary representation of surrounding words in their lemma forms and the
third set consists of a binary representation of 11 features—local collocations between context words.
The examples constructed by IMS can be used by different classifiers and the best results have been
achieved by a linear kernel support vector machine (SVM) [11].

A present tendency in the development of supervised WSD systems is to use word embeddings
instead of (or along with) “traditional” discrete representations of words. Word embeddings are a
distributional representation of words that contains some semantic and syntactic information [12].
There are two approaches for integrating supervised WSD systems with word embeddings. The first
approach proposes different variants of including word embeddings into binary representation of
examples constructed by the IMS system [13-15]. In most cases different combinations of word
embeddings of context words were used as additional features. The extensive experiments have
shown [16] that such integration is able to improve the accuracy of IMS on the all-words WSD task for
several benchmark domains.

All such IMS-based approaches for solving the all-words WSD task suffer from the following
shortcomings:

e  Necessity to construct separate classification models for each open class word (or even for each
word POS category).

e  Relying on rather complicated procedures for extracting binary features and their integration
with word embeddings.

e Ignoring the order of words in the context.

An alternative approach for using word embeddings for the WSD task that can be seen as an
attempt to overcome the last two shortcomings is the collocation approach, in which embeddings of
words at specific positions near the target word are directly used as features of examples. In most
cases classification models based on this approach are learned by specially designed recurrent neural
networks [17]. The classification of an unseen target word is based on a simple idea—the input context
of the word is transformed into a vector in the word embedding space, which is then mapped by the
model to the space of possible word sense vectors represented by sense embeddings. Such systems
usually use Bidirectional LSTM networks as a classifier [18-20] and have achieved promising results on
the lexical sample task. However, such systems have to construct different models (with different sets
of parameters) for each target word, need sense embeddings for representing examples and demand
enormous computational power and time to be trained. A promising research in this direction is
presented in Reference [21], where an echo state network architecture is proposed for solving the
WSD task.

3. WSD Studio—Architecture and Functionality

The WSD Studio is a flexible system for extracting features and constructing examples to be used
for solving the all-words WSD task in the supervised manner. The examples are created according to
the collocation approach and can be used by classifiers of all kinds. The system requires the following
knowledge resources as input:

o A WordNet-based dictionary—a file that relates open class words (in their lemma forms) to their
possible senses. The dictionary is expected to be a text file, where each line represents a
word and its senses in the following format: {word} {sense; }:.{tag-count; } {sense, }:{tag-count,} . ..
{sense, |:{tag-count, }

e  where {word}is a WordNet word, {sense} is the synset_id of the sense in the WordNet and {tag-count}
is the tag count of the sense in the WordNet. Currently the WSD Studio supports a variation of
the synset_id, where the first digit of the synset_id that represents the POS category is removed
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and instead a dash and the Word-Net indicator ss_type are appended at the end. An example of
synset_id transformation looks like this: 105,820,620 -> 05820620 —n.

o  Training and test text data that may consist of one or several text files containing a set of sentences
(If the training text data is not available, the system uses SemCor [3] as the default training
set). Each sentence is a sequence of words in their lemma forms that may be annotated by their
POS categories. Each open class word in a sentence should be annotated by a sense from the
corresponding WordNet-based dictionary. The system accepts two formats for representing
training and test text data: the Unified Evaluation Framework (UEF) XML format [16] and a
plain text alternative. Compared to the UEF XML, in the plain text format each annotated text is
expected to be in a different text file. Each word occupies one line, where each open class word
is followed by an interval and the synset_id of its sense. Each sentence ends with an empty line.
When datasets in the UEF XML format are used, an additional text file containing mappings from
sense_index to synset_id must be provided. Each line must contain one mapping pair with the
sense_index at the beginning of the line followed by an interval and the synset_id.

o Word embeddings—a file relating words with their embeddings.

o Word sense embeddings (optional)—a file relating word sense identifiers with their embeddings.

The functional architecture of the system is shown on Figure 1. At the beginning, a WordNet-based
dictionary along with training and test text data are loaded to the Data Analyzer module, which parses,
analyses and saves the input data into a special intermediate format. The module calculates some basic
statistics (at the level of sentences and at the level of words) providing the user with information which
can facilitate the choice of some parameters of the representation of training and test examples to be
created by the system. The Data Generator module is the central module of the system that allows
the user to extract in a flexible way various features from the training text data, depending on the
parameters set by the user, as well as to generate training and test examples combining these features
in a preferred by the user order and format. Finally, the constructed examples are transferred to the
Data Writer module, which saves them as a set of training and test files in a format preferred by the
user and accompanied by various baseline accuracy statistics to be used for WSD classifier evaluation.
Such files can then be used to learn (outside the system) classification models for solving the all-words
WSD task.

Input data Quitput data
WordNet dictionary Files with training examples
Training and test text data Files with test examples
Word embeddings Baseline statistics

Sense embeddings —l

Preprocessed datg

( Data Analyzer Data Generator

Statistics

Data Writer J

examples

Figure 1. The functional architecture of the WSD Studio.
3.1. Data Analyzer Module

The DataAnalyser module parses, analyses and saves the input data into a bundle called “project,”
written in an intermediate format. Such a solution has the following advantages:

e  The process of data generation becomes format independent and the specifics of input format
parsing are encapsulated only in the project creation algorithm.

e Any potential problems related to data parsing are avoided since all data used by the data
generation algorithm is saved in an easy processable/parsable way.
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e The bundling of input data into a data project allows the user to easily create several data
configurations and to reuse them multiple times.

The analysis consists of a dictionary analysis and a dataset analysis. The dictionary analysis
calculates some basic statistics such as the number of words in the dictionary, the number of words per
given sense, the maximum number of senses per word and so forth. One of the results of this analysis
is a list of monosemous words (i.e., words with only one meaning) for which no examples will be
constructed by the system since their meaning does not depend on any context and can be determined
directly from the dictionary.

During the dataset analysis the module also calculates a number of occurrences of polysemous
words (i.e., words with several meanings) in the training and test data (which corresponds to the
numbers of training and test examples), frequencies of different word senses for each polysemous word
in the training data and so forth. The module also calculates a number of occurrences of two special
types of polysemous words—so called “test-only” words and “unsolvable” words. “Test-only” are the
polysemous words that are present only in the test data. Such words can be recognized by a classifier
but cannot be correctly disambiguated by any classification model constructed only from the given set
of training examples. That is why, no test examples are constructed for such words. However, statistics
on monosemous and “test-only” words are used for calculating the first sense baseline accuracy
(FSB) and the first sense dictionary-based baseline accuracy (WINEFES) [4] over the available data sets,
assuming that examples of such words are solved by a back-off strategy for the corresponding classifier.
The “unsolvable” words are polysemous words whose correct sense annotation tags are present only
in the test data. It is clear that such words can never be disambiguated correctly by any classifier
learned from the given training data. Since “unsolvable” words cannot be recognized by a classifier,
we generate examples of these words and the system uses such data for calculating a so called “Best
Case” baseline that determines the upper bound of the classification accuracy that can be theoretically
achieved on this test set by a classifier trained on the given training set.

Finally, for each word in the dictionary the list of word senses is rearranged—from the most
frequent to the least frequent one. The user can determine a manner in which to carry out such a
rearrangement based on the sense frequency data available in the dictionary, the sense frequency
data calculated over the training set or by mixing both types of such data. In the last case the sense
frequency data calculated over the training data is applied only for the rearrangement of senses which
have no associated frequencies data in the dictionary. This rearrangement is then used for defining
classes of training and testing examples (see next subsection for details).

3.2. Data Generator Module

The Data Generator module is responsible for extracting various features and constructing from
them training and test examples for solving the all-words WSD task based on a set of parameters
specified by the user. Examples are created for each occurrence of each polysemous word found in the
corresponding text data (i.e., nouns, verbs, adjectives and adverbs), which are not “test-only” words.
We assume that examples with monosemous and “test-only” words will be classified by selecting
the first sense of the word from the corresponding WordNet-based dictionary (which is, for example,
the backoff strategy used by the IMS system [10]).

3.2.1. Representation of Examples

An example is represented by a target word (and its POS category), by words (and their POS
categories) in specific positions near the target word (so called “context words”), as well as the target
word class (i.e., its correct sense):

Wtarget, POStargetr [ZU,;[, POS;_y,...,wi_1,POS;_;4, Wit1, POSi-‘rl ey Wigys POSi+r]r Class(wtarget)
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where i is the position of the target word in a sentence, [ and r are, respectively, the left and the right
boundaries of the context window and class(wtarget) codes the correct meaning of the target word.
The user has several options for constructing the target word context—besides a possibility to define
the window boundaries, she is also able to specify specific POS categories of the context words to be
included into example representation as well as whether the context window can include words from
adjacent sentences or not.

3.2.2. Representation of Target and Context Words

The system provides several options for representing words (target and context) as well as for the
target word class—as plain text, numeric identifier or as embedding vectors. The POS categories can be
also represented by plain text or as binary vectors. The plain text representation of all elements allows
presenting examples in an easily readable form that is assumed to be used for inspection purposes.
The use of sense embeddings for representing the target word meaning allows for reformulating the
all-words WSD classification task as a regression problem.

The WSD Studio possesses two unique features that distinguish it from all similar WSD systems—the
ability to construct a special (so called “compressed”) representation for word embeddings and the ability
to construct a special representation for target word senses. The compressed representation of word
embeddings replaces the distributed representation of a word (vector of real numbers) by only one
real number, which significantly reduces the dimensionality of training and test data sets. Two types
of embedding compression are supported—the first is implemented by a calculation of the cosine
similarity between each embedding vector and the unitary vector (i.e., a vector whose arguments are
all equal to 1) of the same dimensionality. The second approach creates the compressed representation
of all context words by calculating the cosine similarity between their embedding vectors and the
embedding vector of the target word (see [9] for a more detailed description).

3.2.3. Representation of the Target Word Class

The coding of the target word class used in the WSD Studio is based on our new formulation of
the all-words WSD task. In all other WSD supervised systems each sense of a target word is considered
as a unique class, which has its own encoding specific for that word. In our approach we propose a
unified interpretation of a word sense class, which does not depend on the concrete word—the class
of a target word is interpreted as the place of the corresponding word sense in an ordered sequence
of the relative sense frequencies associated with the word in the modified WordNet-based dictionary.
In other words, the most frequently used sense of each target word is marked as class 1, the next more
frequent word sense is marked as class 2 and so on until the least frequent one is reached. The overall
number of classes is defined by the maximum number of possible senses for a word in the dictionary
(which is equal to 75 for our WordNet-based dictionary). The proposed approach allows the user to
implicitly define the number of classifiers that she/he wants to construct from the available data for
solving the all-words WSD task (see next subsection for more detailed explanations).

It should be noted that, according to this interpretation, the disambiguation of an unknown open
class word is a two-step process—at the first step the class associated with the sense of the test word is
determined by a classifier and then the proper sense is retrieved from the dictionary via a WordNet
sense identifier that corresponds to the class for the test word.

3.3. Data Writer Module

The DataWriter module is responsible for saving the constructed examples as a set of training
and test data files intended to be used by different classifiers. The number of files for storing training
and test examples depends on the saving strategy chosen by the user. The default strategy is to
store all examples in two files (one—for training and one—for test examples). This approach allows
for the creation of a single classifier that is able to disambiguate all open class words occurring in
the text. An alternative possibility is to group examples based on a concrete target word or even



Information 2019, 10, 97 7 of 14

on a POS category of the target word. In such a way the user can create a set of word-specific
training and test files that can be used for creating traditional word expert classifiers. An ability to
group examples according to POS categories of target words is situated between these two extremes.
The choice of this saving strategy leads to creating four sets of examples that can be used further for
constructing four different classifiers specializing in solving the WSD task for nouns, verbs, adverbs
and adjectives. Such a flexible approach allows for the generation of different classification models
for different POS categories, depending on the quality and quantity of available examples for each
category. An finally, it should be mentioned, that all such created data sets can be saved either as .txt
or .arff files, which makes it possible to use them directly in such machine learning environments as
WEKA (https://www.cs.waikato.ac.nz/ml/weka/) or Orange (https://orange.biolab.si/).

4. Experiments

The main objective of the conducted experiments was to evaluate the potential of the example
representation created by means of the WSD Studio for solving the all-word WSD task by different types
of classifiers. At the beginning we experimented with two types of classifiers—neural network based
and ensemble based ones. The fully connected neural networks (FCNN) were built with TensorFlow
(https:/ /www.tensorflow.org/)—an open source machine learning framework. As the ensemble based
classifiers we have selected Random Forest in its scikit-learn implementation (http:/ /scikit-learn.
org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html) and the Deep Forest
model [22] in its GCForest implementation (https:/ /github.com/kingfengji/gcForestDeep).

4.1. Comparison with a Knowledge-Based WSD System

The first set of experiments was aimed to compare the behaviour of such classifiers with a
knowledge-based WSD system developed by our colleagues [23]. We conducted experiments on the
same training and test data extracted from SemCor 3.0 (http://web.eecs.umich.edu/~{}mihalcea/
downloads/semcor/semcor3.0.tar.gz). We also used the same WordNet dictionary wnet30_v203.lex
(https://github.com/asoroa/ukb/blob/master/src/README) and the same word embeddings with
300 dimensions (WN30WNGWN30glConOneGraphRelSCOne-synsetEmbeddings.bin downloaded
from http:/ /bultreebank.org/en/DemoSem /Embeddings). Some basic statistics of this text data at
the level of words are shown in Table 1.

Table 1. Some basic statistics on the text data sets used in the experiments.

Number of Number of . Number of Number of
Number of Maximum
Occurrences of Occurrences of Occurrences of Occurrences of
Data Set Word Number of p ” i ,,
Occurrences Polysemous Monosemous Senses Per Word Test-Only Unsolvable'
Words Words Words Words
Tra“c‘ll;ga text 134,372 115,005 19,277 31
Test text data 49,541 42,296 7245 23 2042 3594

As we have already discussed earlier, the WSD Studio constructs examples only for polysemous
words, which are not of the “test-only” type—each occurrence of such words in the text data is
converted to an example.

The detailed description of all experiments with the mentioned above data sets are presented in
Reference [9]. Table 2 presents only the summary of the best results achieved during the experiments.
The training examples were split to four sets according to the POS category of the target word
(i.e., nouns, verbs, adjectives and adverbs) and each set was used for learning a classification model by
means of the corresponding learning algorithm. The description of an example included an embedding
of the target word as well as embeddings and POS categories of the context words. The size of the
context window was set to 10 words—b5 words left and 5 words right to the position of a target
word in the sentence. The cosine similarity between the target and context words was used as the
method for word embedding compression. The reported accuracy was calculated on all examples—test
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set examples of monosemous and “test-only” polysemous words were classified by means of the
WNFS heuristic.

As can be seen, the Random Forest classifier trained on the examples containing the uncompressed
variant of word embeddings achieved the best accuracy, slightly better than the WordNet First Sense
Baseline (WNFS) (It should be noted, that the calculation of WNFS statistics used the information
both on the frequency of a word sense and on the word’s POS category) and significantly higher than
the accuracy of the knowledge-based WSD system tested on the same data. It is worth noting the
very competitive results achieved on the compressed representation of word embeddings, having in
mind that the dimensionality of such compressed representation of examples is about 300 times more
compact than the uncompressed one.

Table 2. The best classification accuracy (in %) achieved on all examples.

Random Forest(100) + “Full” Random Forest(100) + “Compressed” Knowledge-Based
Classifier Word Embeddings + Word Embeddings + WordNet-Based Classi ﬁef 23] WNFS
WordNet-Based Class Ordering Class Ordering
Accuracy (%) 75.85 75.67 68.77 75.71

4.2. What Words Should be Included into the Context Window?

In the previous experiments, words included into the context window were restricted only to
open class words. The next set of experiments was aimed at evaluating the influence of the inclusion of
functional words (i.e., conjunctions, prepositions, etc.) into example description. In these experiments
we used the same separation of text data into training and test files, however the sentences now
included the functional words as well. The GloVe embeddings [24] were used for encoding all words.
In all experiments with neural networks we applied the same set of parameters—Sofmax evaluation
function, ReLU activation function, learning rate set to 0.003, dropout set to 0.5 and Adam as an
optimizer. The FCNN classifiers used in all experiments had the following architectures: 3400 input
nodes, 1000 nodes at the first hidden layer, 1000 nodes at the second hidden layer and 75 nodes at the
output layer.

Table 3. The best classification accuracy (in %) achieved on uncompressed examples.

GCForest FCNN
POS of the ores WNFS
Target Word Context: Context: Context: Context: Baseline
Open Class Words Only All Words Open Class Words Only All Words
ADJ 81.35 81,46 81,20 81.24 81.20
NOUN 73.06 73.45 73.38 73.35 73.38
VERB 57.20 59.31 56.66 56.93 56.66
ADV 77.47 79.39 75.84 76.71 75.84
Overall 70.59 71.54 70.49 70.62 70.49

The results of these experiments are presented in Table 3. The accuracy values shown in the table
were calculated only on the test examples created by the system (i.e., excluding monosemous and
“test-only” words).

It can be seen that the inclusion of the functional words into the context window leads to increasing
the classification accuracy of both classifiers, which now both beat the WNEFS baseline. That is
why in the next experiments we used a representation of examples including both open class and
functional words.

4.3. Evaluation of the Influence of Word Embedding Compression

The dimensionality of data with the uncompressed representation of embeddings used in the previous
experiments was 4400. The compression of word embeddings allows to reduce the dimensionality of
the data only to 111 attributes. Table 4 shows how such a drastic reduction influences the classifiers’
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accuracy. The FCNN architecture used for classifying the compressed test data comprised the following
layers: 111 (input)—1000—1000—75 (output).

Table 4. The best classification accuracy (in %) achieved on compressed examples.

POS of the GCForest FCNN WNFS
Target Word Compressed  Uncompressed  Compressed  Uncompressed  Baseline
AD]J 81.20 81.46 81.20 81.24 81.20
NOUN 73.38 73.45 73.38 73.35 73.38
VERB 57.08 59.31 57.26 56.93 56.66
ADV 76.20 79.39 75.84 76.71 75.84
Overall 70.63 71.54 70.65 70.62 70.49

It can be seen that the proposed method for word embedding compression works surprisingly
well—both classifiers trained on such representations of examples have achieved classification accuracy
higher than WNFS baseline, which is very difficult to beat. Moreover, while the accuracy of GSForest
slightly decreased (less than 1%) due to the embedding compression, the accuracy of FCNN even
increased slightly. These results have proved that the proposed method for word embedding
compression preserves enough information, allowing a classifier to disambiguate effectively unseen
open class words.

The analysis of the confusion matrices of the classifiers used in all experiments has shown that
they all have a tendency to classify most examples into the class that occurs most frequently in the
training set. This MFS bias is a well-known fact for all WSD systems (see, i.e., [25]) and is caused
by a highly skewed distribution of classes in the training data. So, it is reasonable to expect that
better results could be achieved by a classifier that is able to pay more attention to examples from
less frequent classes. In order to test such a hypothesis, we have selected the JRip classifier—a WEKA
implementation of the RIPPER algorithm—for rule induction, including heuristic global optimization
of rule sets [26]. The algorithm incrementally learns rules for less presented classes and classifies an
example to the most frequent class by means of a default rule. Because of the restriction of the available
memory, we applied JRip only to the compressed version of the data used in the previous experiments.
Table 5 presents the accuracy of the JRip classifier in comparison with that of GCForest and FCNN.

Table 5. The classification accuracy (in %) achieved on the compressed examples.

GCforest FCNN JRIP Examples =~ WNFS Baseline

ADJ 81.20 81.20 81.20 7196 81.20
NOUN 73.38 73.38 73.38 19450 73.38
VERB 57.08 57.26 62.53 10781 56.66
ADV 76.20 75.84 77.68 2989 75.84
Overall 70.63 70.65% 72.20 40416 70.49

The results presented in Table 5 have fully confirmed our expectations about the potential of
the JRip algorithm as an effective classifier for solving the all-words WSD task. It significantly
outperforms both the neural net based and ensemble based classifiers on two of four data sets with
the compressed representation of examples, as well as the WNEFES baseline. Moreover, it achieved the
highest average accuracy even in comparison with the best result of the GCforest classifier achieved
on the uncompressed data sets. The results of the experiments presented in this subsection allow
us to conclude that the proposed approach for word embeddings compression is a very promising
way for significantly reducing the dimensionality of data used for solving the all-words WSD task,
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with inducing a practically insignificant decrease in classification accuracy of classifiers learned from
such compressed data. The approach also allows for the significant extension of the scope of possible
classifiers to be applied to this task.

4.4. Evaluation of the Influence of the Data Set Granularity

As it has been already mentioned, a unique feature of the WSD Studio is the ability to construct
training and test data sets with different granularity—the coarsest set contains examples of all open
class words. The training set of such granularity can be used for generating a single classification model
that is able to disambiguate all open class words. The middle level of the data set granularity are data
sets joining examples (occurrences of open class words) belonging to the same POS category—nouns,
verbs, adjectives and adverbs. The classifiers learned from such data sets can be considered as experts
for disambiguating all words belonging to the corresponding POS category (that is why we call
them “POS experts”). The finest granularity can be realized by grouping examples according to the
combination of the target word and its POS category. Each data set of such granularity contains all
examples of a given open class word belonging to a concrete POS category. The existing supervised
WSD systems are able to create only data sets of this granularity and the classifiers learned from such
sets are called “word experts.” In the experiments presented in this subsection we tried to evaluate the
dependence between the overall accuracy of classifiers and the level of granularity of training subsets
used for training these classifiers.

Table 6. The classification accuracy (in %) achieved by word and POS experts.

Word Experts POS Experts
(256 FCNN Classifiers) (4 FCNN Classifiers) WNFS
Baseline
Uncompressed Compressed Uncompressed Compressed

ADJ 81.80 81.61 81.24 81.20 81.20
ADV 78.82 78.45 76.71 75.84 75.84
NOUN 73.56 73.23 73.35 73.38 73.38
VERB 59.18 58.66 56.93 57.26 56.66
Overall 71.58 71.22 70.62 70.65 70.49

The experiments were conducted on the same training and test data by means of FCNN classifiers
having the same architecture as described above. The number of all different pairs: polysemous
word—word POS category in the training data was 5840; among them 320 were pairs for adverbs,
1255—for adjectives, 1446—for verbs and 2819—for nouns. We decided to construct classifiers (word
experts) only for pairs that had at least 60 occurrences in the training data (i.e., were represented by at
least 60 training examples). This reduced the number of different pairs to only 256: 34—for adverbs,
42—for adjectives, 65—for verbs and 115—for nouns. No classification models were constructed for the
rest 5584 pairs of the polysemous words and their POS categories. Each training example containing
such a pair was classified by means of the WNFS heuristic.

The experiments were conducted both with uncompressed and compressed data and their results
are presented in Table 6. For purposes of the comparison the table also shows the accuracy of four
“POS experts” with the same architecture and parameters.

As it could be expected, the increase of data granularity leads to the increase of the overall
accuracy of classifiers learned from the data. Such an increase is observed both for uncompressed and
compressed data even though the amount of such an increase is not significant (about 1%).

4.5. Comparison with the State-of-the-Art Supervised WSD Systems

The last set of experiments reported in this paper was to compare the behaviour of classifiers
trained on the training examples generated by the WSD Studio with some state-of-the-art WSD systems
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trained on the same text data sets. For such a comparison we used the SemCor [3] corpus version 3.0
(web.eecs.umich.edu/~mihalcea/downloads.html) as the training text data and the concatenation of
the Senseval and SemEval data sets [16] as the test text data. The GloVe word embedding model [24]
was used for the representation of data. The overall number of occurrences of different open class
words in this test data is 7253, out of which 4300 are nouns, 1652 are verbs, 955 are adjectives and
346 are adverbs. The analysis conducted by the WSD Studio has also shown that 1045 of them are
the occurrences of monosemous words and 222—of “test-only” words. So these 1267 examples were
classified in our experiments by applying the WSNF heuristic. The remaining occurrences of the
polysemous words (5986) were used by the WSD Studio for generating test examples.

In the experiments we used only the compressed representation of examples. The training and
test sets of examples were generated in two variants with different data granularity—in the first case
such sets were created at the level of POS experts (i.e., four different subsets for nouns, verbs, adjectives
and adverbs) and in the second case—at the level of word experts (i.e., for each pair: word—POS
category of the word). The POS experts were created by means of the JRip algorithm and the word
experts—by FCNN classifiers with the same set of parameters as used in all previous experiments.

The SemCor corpus contains 2122 combinations of the polysemous words and their POS categories,
however only 446 of them are represented by more than 60 examples. We generated word expert
classifiers only for those 446 pairs and for the classification of testing examples belonging to the rest
(1676) pairs we applied the WNEFS heuristics as the back-off classification strategy. The results of the
experiments are presented in Table 7.

Table 7. Comparison of the WSD Studio with the state-of-the-art supervised WSD systems (adapted

from [20]).

Training Corpus Test Corpus Systems Accuracy (%)

IMS 68.4

IMS + emb 69.1

IMS-s + emb 69.6

s T G

MFS 64.8

WNES 65.2

WSD Studio + JRip (POS experts) 65.3

WSD Studio + FCNN (Word experts) 66.8

5. Discussion

The results presented in Table 7 show that the accuracy achieved by both classifiers trained on
the examples generated by the WSD Studio is higher than the WNFS baseline but still lower than the
accuracy of the best supervised WSD systems. However, it should be noted that based on the results of
previous experiments we could expect that the accuracy of JRip-based word experts trained on the
same compressed representation may become higher than that of FNCC-based experts. We also expect
an increase in accuracy when the uncompressed representation of examples will be used instead of the
compressed one.

A possible direction for raising the classification accuracy of classifiers trained in the examples
generated by the WSD Studio is also to use more “advanced” word embeddings as, for example, it was
proposed in Reference [16]. We will check both hypotheses in the nearest future.

The surprisingly good results achieved by classifiers of different types trained on the compressed
representation of examples constructed by the WSD Studio are another topic worth discussion.
Our current hypothesis is that such a compressed representation preserves most of the syntactic
and semantic information in the word embeddings by measuring similarity between target and
context words.
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Another interesting question related to our approach is the dependence of classification accuracy
on the level of granularity of data sets generated by the WSD Studio. Currently we think that the
decrease of granularity leads to amplifying the existing imbalance between classes on the one hand and
to an increase of the number of classes in the data set on the other. As a result, the boundaries between
classes become more complex and, hence, more difficult to be learned correctly by classifiers. Deeper
answers on both questions are expected to be found after an error analysis, which is our ongoing work.

The last problem that we would like to discuss in this paper is possible ways to enrich the current
representation of examples used in our system. A simple comparison between the bag-of-words
approach for example representation used in all IMS-based WSD systems with the collocation approach
applied by us has shown that we do not use explicitly information about collocations between context
words. It is very probable that the presence of such information contributes to higher results achieved
by such systems. That is why our ongoing research is oriented to developing natural and effective
ways for integrating the collocation information into the existing representation of examples used
by the WSD Studio, as well as to invent collocation compression methods compatible with the one
applied to the compression of word embeddings.

6. Conclusions

In this paper we have presented the WSD Studio—a flexible system for extracting features and
creating the representation of examples used for solving the all-words WSD task. The system provides
support for multiple data formats and has a highly configurable data generation process. The WSD
Studio is characterized by two unique features distinguishing it from all similar WSD systems—the
ability to construct a special compressed representation for word embeddings and the ability to
construct training and test sets of examples with different data granularity. The first feature allows
generation of data sets with quite small dimensionality, which can be used for training highly accurate
classifiers of different types. The second feature allows for the generation sets of examples that can be
used for training classifiers specialized in disambiguating a concrete word, words belonging to the
same POS category or all open class words.

One drawback of the system is that it currently operates only on Windows operating systems.
Another drawback is that the size of the input data that can be processed by the system is limited by
the machine’s RAM since in the current implementation some operations require all data to be loaded
into system memory.

Our future plans include extending the system architecture by a module for external plugins
allowing development of third party modules that implement different input data formats, additional
data generation algorithms and a larger set of supported output data elements.

WSD Studio is implemented in the .NET Framework 4.5, uses C# as a programming language
and has a Windows forms-based user interface.
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