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ABSTRACT

Word Sense Disambiguation is a fundamental task in natural language pro-
cessing, aiming to determine the correct sense of a word based on its context.
Word sense ambiguity, such as polysomy, and semantic ambiguity poses signifi-
cant challenges in the task of WSD. Recent advancements in research have focused
on utilizing deep contextual models to address these challenges. However, despite
this positive progress, semantical ambiguity remains a challenge, especially when
dealing with polysomy words. This research introduces a new approach that inte-
grates hierarchical attention mechanisms and BERT embeddings to enhance WSD
accuracy. Our model, incorporating both local and global attention, demonstrates
significant improvements in accuracy, particularly in complex sentence structures.
To the best of our knowledge, our model is the first to incorporate hierarchical
attention mechanisms integrated with contextual embedding. This integration
enhances the model’s performance, especially when combined with the contex-
tual model BERT as word embeddings. Through extensive experimentation, we
demonstrate the effectiveness of our proposed model. Our research highlights sev-
eral key points. First, we showcase the effectiveness of hierarchical attention and
contextual embeddings for WSD. Second, we adapted the model to Amharic word
sense disambiguation, demonstrating strong performance. Despite the lack of a
standard benchmark dataset for Amharic WSD, our model performs 92.4% Ac-
curacy on a self-prepared dataset. Third, our findings emphasize the importance
of linguistic features in capturing relevant contextual information for WSD. We
also note that Part-of-Speech (POS) tagging has a less significant impact on our
English data, while word embeddings significantly impact model performance.
Furthermore, applying local and global attention leads to better results, with
local attention at the word level showing promising results. Overall, our model
achieves state-of-the-art results in WSD within the same framework. Our results
demonstrate a significant improvement of 1.8% to 2.9% F1 score over baseline
models. We also achieve state-of-the-art performance on the Italian language by
achieving 0.5% to 0.7% F1 score over baseline papers. These findings underscore
the importance of considering contextual information in WSD, paving the way

for more sophisticated and context-aware natural language processing systems.
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Chapter 1

Introduction

The goal of artificial intelligence is to build intelligent systems to mimic hu-
man activity, including language understanding [1], learning [2], reasoning [3],
and problem-solving [1]. At the heart of this ever-evolving Artificial Intelli-
gence (Al) journey lies Natural Language Processing (NLP), a subfield
that focuses on bridging the gap between humans and machines in communica-
tion, comprehension, and interaction. Yet, language has become an active and
challenging research area in natural language processing [5], with its inherent
complexities and ambiguities. One of these challenges is Word Sense Dis-
ambiguation (WSD), which aims to determine the correct meaning of the
ambiguous word within a given context [0].

To understand WSD, consider the word ”bass” used in two sentences. Sen-
tencel: Subwoofer’s booming bass vibrated the room, immersing everyone in
the music. Sentence2: Angler cast his line, hoping to catch a largemouth bass
glinting in the sun. So the word bass in the first sentence refers to deep musical
sound and type of fish in the second. Understanding the intended meaning of
a word is simple for humans but it is hard for machines.

WSD plays a crucial role in numerous natural language processing applica-
tions, such as machine translation [7, 8], improving question-answering chatbots
[9], information retrieval [10], enhancing sentiment analysis [11], and facilitating
overall comprehension of natural language.

Over the past years, researchers have explored various methods, since the

pioneering days of Warren Weaver’s 1940s [12] memo to tackle WSD. Yet, de-
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spite decades of exploration through rule-based methods including lesk algo-
rithms [13], corpus-driven approaches, statistical techniques, machine learning
algorithms, and even deep learning powerhouses like BERT [14] and Embeddings
from Language Models (ELMo). Recently, the utilization of pre-trained models
like RoBERTa [15], and GPT have significantly improved word sense disambigua-
tion performance.

However, word sense disambiguation remains a demanding task with many
open problems, including polysemy and homonymy, contextual dependency, han-
dling complex sentences, sense granularity [10], fine-grained [16] and coarse-
grained [0] sense. Resolving word sense ambiguity has proven to be a challenging

task, and it is considered an AI-complete problem[!7].

2018-PRESENT
Pretrained model

2010-PRESENT I

Deep learning

Development of WSD models

2000's
Machine learning Approach

1990's
Stastical Approach

1980's I
Corpus based Approach

1950-70's
Rule-based Approach

1949 I

Weaver’s proposal

Figure 1.1: Historical model development to word sense disambiguation

Contextualized models are undoubtedly crucial for WSD. Word embedding
plays a vital role within this contextualized framework, acting as a bridge that
translates the vastness and intricacy of human language into precise points within
high-dimensional mathematical spaces. The introduction of word2vec [15] caused
a significant stir in lexical semantics, which remains a widely used method. How-

ever, it is limited by its lack of contextual sensitivity. GloVe [3] later surpassed



3

word2vec in word analogy, similarity, and training time. The evolution of NLP
led to the development of advanced contextual embeddings like Fasttext [19)],
ELMO [20], GPT [21], and BERT [I4], taking language models to new heights.
Traditional word embeddings, such as Word to Vector (word2vec) and Global
Vectors for Word Representation (GloVe), assign a static vector to each word
without considering its context, unlike modern large language models like GPT,
ELMo, and BERT, which offer a richer contextual understanding. Word em-
bedding serves as more than just a translator between humans and machines; it
forms the bedrock of modern natural language processing. Its significance lies in
enhancing semantic understanding, capturing the meaning of words in context,

and improving model performance across various NLP tasks.

TF-IDF

Count-based (1990's) ./ Statstical
(non-semantic) o Co-occurrence Matrix | \ Methods
(2014)
Word2Vec 9 Skip gram :
- (2013) -, Continuous Bag .
( word embedding )— Traditional  of Words (CBOW) | o Static Word

(semantic-based) | | representation

Glove |

L (2014)

representation

—(" Pretrained LLM(2018) J Context Aware

Figure 1.2: Development of word embedding methods

Recently, the utilization of pre-trained models like BERT [11] and its deriva-
tive, RoBERTa [15], ELMO, and GPT have significantly improved word sense
disambiguation performance. Their capability for extracting context-sensitive se-
mantic information from text seems to make them especially suitable for this task
[22]. Attention mechanisms have demonstrably enhanced various NLP tasks, such
as machine translation, word sense disambiguation, and sentiment analysis [23].
Their application in WSD has also garnered significant interest [24].

Although recent language models have achieved remarkable success, there has
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been a limited amount of in-depth analysis to fully understand their efficacy in
lexical semantics, specifically in resolving ambiguity. Despite significant analysis,

there is limited research on how neural language models tackle lexical ambiguity.

1.1 Motivation

In the field of artificial intelligence, NLP plays a significant role in facilitating
seamless interaction between machines and humans. As our world becomes more
interconnected, NLP becomes increasingly important in improving communica-
tion systems. However, a challenge arises when words have multiple meanings in
different contexts, which is difficult for machines to overcome.

To address this challenge, Word Sense Disambiguation accurately identifies
the intended meaning of ambiguous words within a given context [6]. This capa-
bility greatly enhances the performance of various NLP tasks such as text sum-
marization [25], machine translation, sentiment analysis [20], question answering
[9], information retrieval [27], and language understanding. WSD not only im-
proves the efficiency of these applications but also brings us closer to achieving
more natural and effective human-machine communication.

While humans may find Word Sense Disambiguation straightforward, ma-
chines struggle to comprehend natural language. This highlights the critical role
of WSD in bridging the gap between language understanding and machine pro-
cessing. Despite the growing interest in this field, WSD requires increased atten-
tion due to its significant impact on various NLP applications.

The motivation behind our work is the increasing importance of resolving
word sense ambiguity as Al and NLP systems strive to understand and interact
with the world. Words often have multiple meanings depending on the context,
which poses challenges for accurately interpreting or generating human language
in NLP tasks. This challenge is particularly acute in languages like Amharic,

where variation carries significant meaning.
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By enhancing WSD, especially in languages with complex morphology like

Ambharic, we aim to unlock the potential of Al and NLP systems to effectively
communicate and engage. Additionally, leveraging resources and insights from
English language WSD can pave the way for developing cross-lingual WSD mod-

els, expanding the reach and impact of these advancements.

1.2 Statment of the Problem

Traditional approaches to word sense disambiguation like Lesk algorithm [13] and
Bootstraping [28] often struggle with knowledge bottleneck, then the introduc-
tion of unsupervised approach address this problem [29], Neural network [30] then
was a paradigm in word sense disambiguation until the introduction of contextual
deep learning approach [31]. The introduction of these pre-trained contextualized
deep learning methods like BERT [11], ELMO [20], and fastText [19] transform
different natural language processing tasks surprisingly to the next level by cap-
turing long-range dependencies and feeding more information to the model.

Despite the advancements in contextual models for natural language process-
ing tasks, word sense disambiguation has not fully benefited from these deep learn-
ing models, as they require specific optimization. Using the Attention mechanism
for word sense disambiguation has demonstrated remarkable outcomes, particu-
larly in enhancing the contextual understanding of words [32]. Recent work has
been conducted to enhance the model’s ability to capture contextual features re-
lated to the target ambiguous word using different deep learning approaches like
Bidirectional Long Short-Term Memory (BiLLSTM) since it is a proven method for
sequential problems in NLP. While interesting results have been achieved when
applying the attention mechanism to word sense disambiguation researchers are
unable to distribute more attention towards context tokens, but it is only towards
ambiguous words [33].

A major challenge standard self-attention mechanisms face is their limited
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consideration of the context. These mechanisms in WSD primarily focus on tar-
get words rather than paying attention to whole sentence word context with the
target word, disregarding the importance of long-distance relationships and over-
all meaning. This limitation hinders accurate disambiguation, particularly in
complex with intricate structures or context clues. Another concern is that ex-
isting models often have the profound meaning of language relying excessively on
surface features. Consequently, distinguishing between words with similar mean-
ings becomes challenging, especially for uncommon interpretations dependent on
context. As a result, the models generate inaccurate outcomes, restricting their
applicability to diverse real-world language.

Despite the positive progress of research to solve word sense disambiguation
using the help of contextual models [14, 34, 35, 32, 36, 37], semantic [0], and
syntactical [38]ambiguity remain challenging. This research explores the inte-
gration of hierarchical attention mechanisms into BiLSTM models with BERT
embeddings to improve WSD accuracy, particularly to make the model context-
aware and capture important information. By leveraging these techniques and
addressing limitations such as capturing multi-scale context, integrating semantic
knowledge, and handling rare senses, more robust and accurate WSD models can
be developed for various NLP tasks and real-world applications.

Recent NLP research focuses on two main trends: combining different datasets
to improve model performance and developing algorithms that pay more attention
to the target word within a sentence, while de-emphasizing the importance of
other surrounding words (context tokens). Unlike that, this research investigated
the use hierarchical attention mechanism towards the target word and much more
attention to surrounding context tokens to improve contextual understanding of
the model.

Furthermore, this thesis expanded the investigation into the effectiveness of

the proposed model in adapting to improve WSD accuracy in low-resource lan-



7

guages such as Amharic. Amharic word sense disambiguation is more challenging
due to the morphological richness [39] of the language, much use of variational al-
ternative words [10], and lack of labeled training data like Wordnet [11]. Overall,
this study explores various deep-learning mechanisms with a focus on improved
attention techniques to develop a more effective word sense disambiguation model.
Our proposed model seeks to address the limitations of current WSD approaches
by incorporating hierarchical attention mechanisms, which can better capture

contextual nuances and semantic relationships between words.

1.3 Research Question

1. How does incorporating hierarchical attention mechanisms into BiLSTM
models with BERT embeddings impact WSD accuracy, particularly in com-

plex sentences or for long-range dependencies?

2. To what extent can the proposed model’s enhanced ability to understand
contextual information through both local and global attention mechanisms

lead to improved word sense disambiguation?

3. Can the proposed model be adapted to improve performance for Amharic

word sense disambiguation?

1.4 Objectives

1.4.1 General Objective

To enhance the performance of word sense disambiguation with hierarchical at-

tention and semantic integration using BiLSTM model.



1.4.2 Specific Objectives

e Design and implement hierarchical attention mechanisms, experimenting
with multi-level, multi-head for effective context capture within a BiLSTM

model.

e Explore the effectiveness of BERT embeddings and attention mechanisms
for semantic integration within the BILSTM architecture, aiming to enhance

context representation and address challenges in word sense disambiguation.

e Evaluate the model’s performance on English WSD benchmark datasets
(Semantic Concordance (SemCor), Semantic Evaluation (Senseval)) and

compare it to state-of-the-art systems, including BERT-based models.

e Adapt the proposed model for Amharic word sense disambiguation, and

addressing language-specific challenges.

e Analyze the impact of hierarchical attention on complex sentences, and

long-range dependencies.

1.5 Significance

As a core to NLP, WSD impacts so many tasks as discussed in section 1.1. This
work explores how incorporating hierarchical attention mechanisms into BiLSTM
models with BERT embeddings can significantly improve WSD accuracy in com-
plex sentences and for long-range dependencies. This addresses a crucial chal-
lenge in WSD and paves the way for more robust natural language understanding
in NLP applications. The proposed model’s ability to leverage both local and
global attention mechanisms opens new avenues for understanding rich contex-
tual information within text. This deeper understanding has the potential to
improve the overall performance and effectiveness of WSD models across various

tasks. This research investigates the feasibility and effectiveness of transferring
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knowledge from English WSD to significantly improve performance in Amharic,
a resource-scarce language. This opens doors for bridging the digital divide in

NLP capabilities and promoting advancements in diverse linguistic communities.

1.6 Contribution

The main contribution of this paper is presented below. Our research makes sev-
eral significant contributions to the field of Word Sense Disambiguation. Firstly,
we propose hierarchical attention mechanisms within BiLSTM models, enhancing
the model’s ability to capture context at both local and global levels. Secondly,
we integrate BERT embeddings, exploiting pre-trained contextual information to
improve WSD accuracy, especially in complex sentences and for long-range depen-
dencies. Thirdly, we adapt our model to both Amharic and Italian, demonstrating
its effectiveness in word sense disambiguation. This highlights the model’s poten-
tial for application in various low-resource languages. Additionally, we address
the research gap of the lack of standard benchmark datasets for Amharic WSD
by creating and utilizing our own dataset, which can serve as a valuable resource
for future research. Lastly, our study provides insights into the importance of
attention mechanisms and contextual embeddings, offering guidance for future

research in WSD for morphologically rich languages. Generally:

e To the best of our knowledge, we are the fist to propose a hierarchical atten-
tion mechanism and semantic integration to enhance WSD. The approach
close to us uses self-attention [12]. We have achieved 1.8% to 2.9% F1 score

for English language over baseline models [13, 12].

e Effectively Adapted our model to Amharic WSD: Our BiLSTM
model with hierarchical attention and BERT embeddings was applied to
word sense disambiguation in Amharic, a low-resource language. We have

achieved 78.2% on the test set and 92.4% F1 score on the training set.
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¢ Robustness in the Italian language: Our model’s effectiveness was
further tested in the Italian language, yielding satisfactory results improving
0.5% on Semeval-2013 and 0.7% on Semeval-2015 F1 score over baseline

models [11, 15].

e Contributed to addressing the research gap in Amharic WSD by creating
a benchmark dataset. This dataset will facilitate future research and

evaluation of WSD models for Amharic.

e We demonstrate how attention mechanisms and contextual embeddings
benefit Word Sense Disambiguation tasks, providing insights for future

research with our proposed BiLSTM model.

1.7 Scope

This research aims to build a contextual model, specifically a hierarchical attention-
based BiLSTM neural network with BERT embeddings, to address semantic am-
biguity in both English and Amharic languages. The scope encompasses utilizing
the SemCor dataset [16] for nouns, verbs, and adjectives to train and evaluate the
model’s ability to disambiguate words based on syntactic and semantic contexts,
particularly in sentences with complex structures or long-range dependencies.
Additionally, standard testing datasets like semeval2007 [17], semeval2013 [18],
and semeval2015 [19] are used to assess the model’s performance on various WSD
tasks. For the Amharic language, due to the lack of publicly available benchmark
datasets, this research utilizes a custom dataset specifically prepared for this
task. The dataset encompasses 10k sentences containing ambiguous words col-
lected from different Amharic news outlets, dictionaries, and religious books, and
types of ambiguity covered. The model’s performance in Amharic was evaluated
on this custom dataset. Furthermore, our research doesn’t include a sentence

that is too short and requires more context, which falls outside the scope of our
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current objectives.

1.8 Thesis Structure

The thesis is Organized into 5 chapters. chapter 1 serves as an introduction, pre-
senting the research problem, objectives, and methodology. chapter 2 discusses
the foundations of deep learning, examining relevant concepts and techniques,
with a focus on Transformers and related works. chapter 3 discusses the pro-
posed methodology for enhancing WSD, detailing the BiLSTM model with BERT
embedding and addressing three identified weaknesses. In chapter 4, the exper-
imentation and findings are presented, covering the setup, models, algorithms,
analysis of experimental resuls, and findings. Finally, chapter 5 concludes the
study by concluding remarks and providing recommendations for future research

directions.



Chapter 2

Litrature Review

Overview

The beginning of this chapter explains the concept of word sense disambiguation
section 2.1. Following this, discusses the historical perspective of the development
of word sense disambiguation starting from the first machine translation memo
to advanced research using deep learning. After that, section 2.2 presents a brief
description of earlier methods developed for word sense disambiguation using the
traditional approach like the Lesk algorithm, corpus base, statistical approach,
and machine learning models. section 2.3 discusses the recent advancements in
deep learning models for Word Sense Disambiguation, including a brief analysis.

Then subsection 2.3.3 discusses the role of attention mechanisms in NLP and
different types of attention mechanisms, specifically utilizing attention mecha-
nisms for improved contextual information is discussed. Subsequently, subsec-
tion 2.3.5 examined techniques for semantic integration using different embed-
ding techniques including traditional word embedding ( word2vec, glove), and
advanced embedding like BERT. And presenting the way to integrate semantic
understanding into neural network models for improved language comprehension.
Lastly, section 2.5 examines state-of-the-art papers and related works, identifying
existing research that provides the basis for the proposed method.

In this chapter, We conducted a comparison among WSD models, identi-
fied various instances of word sense ambiguities, emphasised areas that have not

been thoroughly addressed, and examined the attention mechanisms employed in
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transformer models along with their respective strengths and weaknesses.

2.1 Word Sense Disambiguation

Word sense disambiguation is the task of natural language processing which aims
to identify the proper sense of ambiguous words within a given context[(]. In
language, there are ambiguous words that have multiple meanings, known as
Homonyms. For example, the word bank can refer to a financial institution or
the side of a river. Some common types of word sense ambiguity are Polysemy,
Homonymy, Synonymy, Antonymy, Hyponymy/Hypernymy, Meronymy /Holonymy,
Semantic Ambiguity, and Syntactic Ambiguity.

SemCor [11] is a well-known training dataset for word sense disambiguation
tasks it is based on wordnet synsets. For evaluation purpose there are dataset like
senseval-2 [50], senseval-3 [71], senseval-2007 [17], senseval-2013 [18], senseval-15
[19].

Table 2.1: Dataset Statistics

Dataset Noun Verb Adj Adv Total
SemCor 87002 88334 31753 18947 226036

SE2 1066 017 445 254 2282
SE3 900 288 350 12 1850
SEO07 159 296 0 0 455
SE13 1644 0 0 0 1644
SE15 231 251 160 80 1022

Wordnet [!11] is a huge data source for WSD which is prepared manually by
lexicographers into organized information that contains structured synsets linked

with various semantic relations as shown in the following table.
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Table 2.2: Example Words from WordNet

Sense  Context Definition

Bank1  She deposited her paycheck at A financial institution
the bank.

Bank2  We had a picnic by the river Side of a river
bank.

Mousel Be careful, there’s a mouse in A small rodent animal

the kitchen.
Mouse2 Click the left mouse button to  Computer input device used to

select an item. move a cursor
‘0“‘{ T
{wheeled vehicle} Qhﬁ&'*pa rt->{brake) n {fastk .
has, P Y
e 7 ﬂr;“ {slow} __ a.;\xo“\‘ & %

& & 4, {wheel} 5 %

/ | J}\ lasl q?/{/}é Er: . ‘P
{wagon, {self-propelled vehicle} (splasher} %, tquick, speedy}

waggon| / \
\ , {speed, swiftness, fastness}

i,

/w “L\ e\

{motor vehicle} {tractor} {lowmoltwe, engine, {
locomotive engine,

railway locomotive}

.\‘J
/ \ i"_-,.Icar window}

{car, auto, automobile, __ Tas-Pat

r

— 8-Sl >

acceleration}

< 5aZIRUIUOU—

{golf cart, !
golfcart) machine, motorcar}
/ AN {accelerate, speed, speed up}
S Fy /’na,\_ &
] g ﬂa}? q}\-\-\,
g BN &
{convertible} ¥ {accelerator, &
{air bag} accelerator pedal, 4
gas pedal, throttle}

Figure 2.1: Wordnet view in graph. Figure source [52]

As the above figure shows wordnet prepared along with Synset information,

we can use a sense or superset of sense if we want a coarser-gain set.

2.1.1 Fundamental Tasks in WSD

The following list of essential steps must be taken to complete the process of word

sense disambiguation.

Word Sense Identification: The first crucial step and central focus of WSD
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is determining a word’s sense in a particular context. Unlike many other classi-
fication problems, word senses are complicated and challenging to discretize into
a small, discrete set of entries, each expressing a distinct meaning [53]. Use of
external knowledge resources: Word sense disambiguation heavily depends
on external resources. One of the most important resources is using sense in-
ventories, like WordNet and BabelNet, which systematically organize words into
synsets. To effectively traverse the complex network of language, sensee invento-
ries are essential in offering an accurate representation of word senses [51]. Both
structured and unstructured sources can be used as knowledge sources. Ontolo-
gies, thesauri, and machine-readable dictionaries (MRDs) are a few examples of
structured sources. On the other hand, corpora and collocation resources are
unstructured sources.

Sense Annotation: Context words are manually labeled with the most
suitable meanings. This entails a series of preliminary tasks such as chunking,
parsing, normalization, lemmatization, tokenization and part-of-speech tagging.
Then global features, syntactic features, semantic features, and local features are
considered.Choosing Appropriate Approach:Different approaches include su-
pervised approach, knowledge-based approach, unsupervised approach and deep
learning approach in word sense disambiguation. Thus it is important to choose
an appropriate approach according to our data and specific task.

The task of WSD is taking a sentence as a puzzle of words (wl, ..., wm).
Some of these words, let’s call them targets (t1, ..., tk), have multiple possible
meanings. The goal of WSD is to figure out the most appropriate meaning (like
picking the right puzzle piece) for each target word based on the context of the
sentence. This context helps us narrow down the options, typically from a pre-
defined dictionary or reference like WordNet [11], and Babelnet [55] where each

word has multiple entries representing its different meanings.
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Word sense Identification

Usage of external knowledge source

Fundamental

WSD Tasks
Sense annotation

Selection of appropriate method

Figure 2.2: Task Summary in WSD

Ys Ye
Y3
stand™: side™:
Y4 bass': Ya upright relative
low range region
electric™: player': stand®:
using bass*: in game bear side®:
electricity sea fish player® of body
electric®: musician || stand':
tense Yo bass”: player®: put side":
electric®: instrument actor upright slope
thrilling || guitar? .

® ®0® ® @000

an electric guitar and  bass player stand off fo one side

Figure 2.3: The all-words WSD task, mapping from input words (x) to WordNet
senses (y). Only nouns, verbs, adjectives, and adverbs are mapped, and note that

some words (like guitar in the example) only have one sense in WordNet. Figure

taken from paper [50]

2.2 Traditional Approaches to WSD

WSD has been a topic of interest in NLP since the early days of computational lin-
guistics. The development of WSD techniques started with the earliest attempts
in the work of Warren Waver in 1949 [12], who proposed using a dictionary and

a set of rules to disambiguate word senses in machine translation systems.
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In the 1970s and 1980s, researchers shifted to statistical and probabilistic

methods. A significant breakthrough came with Michael Lesk’s development of
the Lesk algorithm in 1986 [13]. Moving into the 1990s, interest surged in machine
learning for WSD, with researchers employing decision trees, support vector ma-
chines, and neural networks. One pivotal contribution was Yarowsky’s Senseval-1
paper in 1995 [28], which introduced the Senseval datasets for evaluating WSD
systems. In the 2000s, there was a shift to using large lexical resources like Word-
Net and extensive text corpora such as the Brown Corpus and the Penn Treebank.

Let’s see the traditional approach to word sense disambiguation below.

2.2.1 Knowledge/ Dictionary Based Approach

Knowledge-based approaches rely on the use of lexical resources, such as dictio-
naries and thesauri, to disambiguate word senses [57]. The first work that serves
as a foundation for today’s modern algorithms was articulated by Warren Waver
[58] in the context of machine translation. Following this work, the use of the-
saurus for disambiguation was introduced [59], supervised training of Bayesian
models [60], and the use of clustering in word sense analysis [(1].

The most well-known algorithm for WSD called the Lesk algorithm [13], which
considers overlapping word senses in context, measures of semantic similarity
computed over semantic networks, heuristic methods [62], and senses acquired
automatically or semi-automatically.

Lesk Algorithm: Introduced by Michael Lesk in 1986 on the idea of word
over-lap. The algorithm examines word pairs to determine the meaning of a
phrase. It compares the definitions of surrounding words against possible senses

of the target word. This allows it to select the best sense in context.
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Algorithm 1 SIMPLIFIED LESK Algorithm

1: function SIMPLIFIED_LESK(word, sentence)
2: best-sense <— most frequent sense for word

3 max-overlap < 0

4 context < set of words in sentence

5: for each sense in senses of word do
6

7

8

9

signature <— set of words in the gloss and examples of sense
overlap < COMPUTEOVERLAP (signature, context)
if overlap > max-overlap then
: max-overlap < overlap
10: best-sense < sense

11: end if
12: end for
13: return (best-sense)

14: end function

Table 2.3: Base line paper in knowledge base approach with their evaluation

Evaluation (F1-score for each gold standard datasets)

Model Senseval-2  Senseval-3 Senseval-2007 Senseval-2013  Senseval-2015 ~ All Year

Lesk_ext 50.6 44.5 32.0 53.6 51.0 48.7 2003 [63]
Lesk_ext+emb 63.0 63.7 56.7 66.2 64.6 63.7 2014 [64]
UKB 68.8 66.1 53.0 68.8 70.3 57.5 2014 [67]
UKB_gloss 64.2 54.8 40.0 64.5 64.5 57.5 2014 [65]
WN 1st sense baseline 66.8 66.2 55.2 63.0 67.8 65.2 2017 [66]
Babelfy 67.0 63.5 51.6 66.4 65.5 70.3 2014 [67]
WSD-TM 69.0 66.9 55.6 69.6 65.3 66.9 2018 [50]
kEF 56.9 72.3 69.6 66.1 68.4 68.0 2020 [68]
SCSMM 68.9 67.6 57.1 63.5 69.5 66.7 2022 [69]

2.2.2 Graph-Based and Semantic Network Approaches

Quillian [70] introduced a graph-based method for language processing, represent-
ing word definitions as networks of interconnected word nodes linked by syntactic
and semantic relationships. This approach aimed to disambiguate word senses
by identifying the shortest path between senses in the graph. In 1973 Simmons
[71] further contributed to this field with another influential semantic network
approach.

Wilks [72] proposed Preference Semantics, which was one of the earliest non-

discrete models in this area. Riesbeck suggested understanding systems that
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focused on modeling detailed procedural information for each word. Hirst’s AB-
SITY system [73] was a notable advancement, utilizing marker passing based on
semantic networks.

In parallel, early neural network approaches to WSD, then known as ’connec-
tionist’ approaches, also emerged. These approaches, exemplified by Cottrell and

Kawamoto [74], relied on small lexicons with handcrafted representations.

2.2.3 Machine learning and statistical approach
Supervised Approach

By utilizing a collection of words labeled with their meanings in specific contexts,
the supervised approach to word sense disambiguation teaches a model to label
words in new texts. While this method harnesses machine learning techniques
to effectively clarify meanings and grasp ambiguous relations, it relies on having
labeled training data, which can be both expensive and time-intensive to create.
Commonly used algorithms in supervised learning include XGBoost, AdaBoost,
Neural Networks, Naive Bayes, Support Vector Machines, and Decision Trees
[75].

The earliest supervised disambiguation methods involved using decision trees
by [76]. A decision tree is similar to a flow chart, according to Jumi Sarmah[77],
with internal nodes standing in for tests, branches for test findings, and leaves
for sensory levels.

Then following this there was highly effective and computationally efficient
on small datasets called Naive Bayes algorism [78]. The Naive Bayes algorithm
shines with its flexibility (both numbers and words) making it suitable for linguis-
tic context, but its simplistic assumption, makes it perform poorly with strongly
correlated features and struggle to recognize complex language relationships. Ma-

timathecally, the naive Bayes algorithm for word sense disambiguation is worked



20

by choosing the best sense S out of the set of possible senses S for a feature vector

f amounts to choosing the most probable sense given that vector.

R 3
— P
s = arg max (slf)

Compared to other supervised methods, it has been shown that Support
Vector Machine (SVM) yields the best results in WSD[79]. Nevertheless, SVM
needs large annotated datasets for training and can be computationally expensive.
Neural network models provide exceptional performance in several natural lan-
guage processing problems by deriving intricate representations from the data.
Furthermore, as neural networks are multilingual, they can adapt to different

linguistic contexts [30)].
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Table 2.4: Comparison of Supervised and Knowledge-base WSD Approaches

Approach

Description

Strengths

MFS

Selects the sense with the
highest frequency in the
training data.

Simple and efficient.

Leskext_+emb |

]

Leverages word similarity
in a distributional seman-
tic space to assess alignment
between glosses and contex-
tual usage.

Augments gloss infor-
mation through se-
mantic relationships.

UKB [69] Utilizes the UKB knowledge Overcomes limitations
base to provide context- of MFS by incorpo-
aware disambiguation. rating external knowl-

edge.

Babelfy [67] Employs the semantic net- Similar to UKB, over-
work structure of BabelNet comes limitations of
for WSD and Entity Link- MFS by incorporating
ing. external knowledge.

Context2Vec [80]  Learns distributed represen- Addresses limitations
tations of words and con- of  knowledge-based
texts using a supervised ap- approaches.
proach.

IMS [31] Employs a linear SVM clas- Simple and efficient.
sifier with features like POS
tags and local collocations.

IMS+emb [52] Extends IMS by incorporat- Improves performance
ing word embeddings. over IMS.

Seq2Seq [43] Explores different variants Demonstrates poten-

of the Seq2Seq model for
WSD.

tial for neural network
approaches.

We introduced foundational work in Table 2.4 for word sense disambiguation,
which serves as a basis for our research as well as many others. Most papers,
except Seq2Seq, use the Most Frequent Sense (MFS) baseline. However, these

approaches are limited in their generalizability and ability to handle unseen words.
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Table 2.5: Baseline papers for the Supervised approach with their evaluation

Evaluation (F1-score for each gold standard dataset)

Model Senseval-2  Senseval-3 Senseval-2007 Senseval-2013  Senseval-2015 Year

ELMo 71.6 69.6 62.2 66.2 71.3 2018 [83]
Bi-LSTM_att+LEX+4POS 66.9 69.1 64.8 71.5 72.0 2017 [66]
BiLSTM_att+LEX 72.0 69.4 63.7 66.4 724 2017 [12]
GAS 72.0 70.0 - 66.7 71.6 2018 [84]
BERT 73.8 71.6 63.3 69.2 4.4 2019 [36]
EWISER 78.9 78.4 71.0 78.9 79.3 2020 [11]
SemCor_WNGC+hypernyms 79.7 77.8 73.4 8.7 82.6 2019 [87]
EWISER+WNGC 80.8 79.0 75.2 80.7 81.8 2020 [44]
ESR 81.3 79.9 77.0 81.5 84.1 2021 [30]
ESR+WNGC 82.5 80.2 78.5 82.3 85.3 2021 [86]
ConSeC+WNGC 82.7 81.0 78.5 85.2 87.5 2021 [87]

Unsupervised Approach

Unsupervised methods offer a way to bypass the knowledge acquisition bottle-
neck[29]. This method operates without the need for labeled data and instead
utilizes clustering or topic modeling methods[38]. The primary goal is to group
words with similar contexts, assuming they share similar senses. Commonly
used unsupervised methods include context clustering, word clustering, and co-
occurrence graphs[39]. A bootstrapping is another supervised model presented by
Yarowsky in 1995[90]. It starts with a few sense-labeled examples and gradually

assigns appropriate senses to cases that are not yet labeled.

2.3 Advancements in Deep Learning for WSD

Deep learning methods have significantly improved in the last several years in
several natural language processing applications, such as word sense disambigua-
tion. By automatically learning feature representations and utilizing contextual
data, deep learning techniques have shown state-of-the-art performance in a va-
riety of NLP tasks[91], including WSD. Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and transformer models such as BERT and

GPT show promise in capturing complex word relations and representations|31].
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2.3.1 Multilayer Perceptron

Only since the start of the decade 2010 has there been a greater focus on deep
learning experiments and their application to the WSD problem, namely with
Senseval 3 tasks and Senseval [92]. The research proposed by Nguyen et al. [93]
uses a special type of neural network (multilayer perceptron) to automatically de-
termine the correct meaning of words in a sentence. Unlike usual neural networks,
this one pushes borderline words away from their current prediction instead of

just adjusting weights.

Input nodes weerssssmsenneennee, Hidden nodes

Output nodes

Figure 2.4: Multilayer feed-forward NN. Figure taken from [91]

2.3.2 Recurrent Neural Networks for word sense disam-

biguation

Recurrent Neural Networks (RNNs) developed as a viable tool for modeling lan-
guage. RNNs were historically challenging to train due to the recurring issue of
the exploding or vanishing gradients problem, wherein the backpropagated error
gradients become excessively large or small, hindering their memory capabilities,

particularly evident in long-time series data [95].
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In contrast to standard neural networks, recurrent neural networks process
individual words as inputs rather than entire samples, allowing them to adapt
to varying sentence lengths, flexibility unattainable in fixed-structure standard

neural networks.

0
O of—-’ O OIH
X
v PR
SO;—)‘/V 4% }OSI 1 )Osr > OSHI >
A Unfold T W W T w
U U U U
X x x X

Figure 2.5: RNN architecture for WSD.Source [90]

With (T, = T,), or number of inputs = number of outputs, the architecture
shown above figure 2.5 is also known as a many-to-many architecture. A structure
like this is quite helpful for sequence modeling.

Long Short-Term Memory (LSTM) [97] and Gated Recurrent Unit (GRU)
[9%] is then designed to overcome vanishing gradient problem of RNN. The GRU
includes an extra memory unit known as an update or reset gate, alongside the
standard sigmoid and softmax units for processing. The additional unit uses tanh
activation, which allows for both amplifying and reducing output values, and its
output is used to update the memory cell value in combination with the activation
input.

GRUs, similar to LSTMs, utilize gates to regulate information flow and are a
relatively newer variant, offering some enhancements over LSTMs with a simpler
architecture. Mathematically, LSTM is defined as the following: it uses three
gates: forget gate (f), input gate (i), and output gate (o). Each gate takes the
previous hidden state (h*~V) and current input (z®) as input and outputs a

value between 0 and 1 through a sigmoid function.
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Forget gate: f) = o(W; - [h*~D, 20] + b)) (2.1)
Input gate: i) = a(W; - [h¢~1, 20] + b,) (2.2)
Output gate: o) = a(W, - [h~Y, 0] +b,) (2.3)

Update state: ¢ = f@ . 0D 4O tanh(W, - [b¢Y, O] + b,) (2.4)

The key difference between LSTMs and GRUSs lies in their gate structures and
mechanisms for updating hidden states and cell states. LSTMs utilize three gates
and separate mechanisms for updating cell states, while GRUs employ only two
gates and streamline the update process with combined mechanisms as expressed

mathematically as follow:

Update gate: 2 = o(W, - [h*Y, 2] +b,) (2.5)
Reset gate: ) = g(W, - [h¢Y 2®] +b,) (2.6)
Updated cell State:c) = (1 — z0) . =Y 4 20 tanh (W, - [r® - A=Y 2] 1 p,)

(2.7)

The above equations describe the operation of a Gated Recurrent Unit (GRU),
a type of recurrent neural network (RNN). The update gate 2 controls how
much of the previous cell state ¢*~Y should be retained, while the reset gate )
determines how much of the previous hidden state A*~1) should be forgotten.
The updated cell state ¢) is a combination of the previous cell state and a new
candidate state, with the update gate controlling the balance between the two.

For the problem of long-term dependency, the liner LSTM was modified as
BiLSM by adding one extra layer on LSTM. BiLLSTM stands out for their ability

to connect past information to the current task, making them ideal for tasks
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like text analysis, where previous words can help determine the meaning of the

current word in a sentence.

o [ EaRR= S

A A A A
backward
layer LSTM LSTM LSTM L ... LSTM )«l—
A A A A
forward __| LSTM LSTM LSTM }—> -+ —p{ LSTM |—>
layer
inputs Xt Xt Xt Xt

Figure 2.6: BiLSTM architecture.Source [99]

2.3.3 Attention Mechanisms

Attention mechanisms in neural networks are inspired by human visual attention,
which allows us to focus on specific parts of an image or scene. In NLP, attention
mechanisms enable the model to focus on relevant parts of the input data, such
as specific words in a sentence, when making predictions.

The key idea behind attention mechanisms is to compute a set of attention
weights that indicate how much focus the model should place on each input
element when generating an output. These attention weights are computed dy-
namically based on the similarity between the current state of the model and each
input element. Elements that are more relevant to the current context receive
higher attention weights, while less relevant elements receive lower weights.

Since the simplicity of the encoder-decoder model with the final hidden state
feed to the decoder contains a single representation, the model is unable to
generalize everything about sequential context which is a big problem for this
model. The attention mechanism solves this by providing all information from

all hidden states. The most common attention mechanisms are Self-attention
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Encoder bottleneck Decoder
A A A i
' .? .1‘ l¢ ! ““*f-f..& '+ "f ;
Figure 2.7: Encoder decoder architecture. Source [100] Requiring the context ¢

to be only the encoder’s final hidden state means that all the information from
the source sentence must flow through this single representational bottleneck.

and Multi-head Attention. Given a sequence of input vectors X = [x1, 23, ..., ],

self-attention computes a set of attention weights A = [aq, ag, ..., a,] as follows:

KT
a; = softmax (Q\l/? ) -V (2.8)
k

In a Transformer model, each input vector z; is transformed into query, key,
and value vectors Q;, K;, and V; using learned weight matrices W, WX and WV.
The dimensionality of the key vectors is denoted by d,. The softmax function
is then applied to normalize the dot products of the query ); with all keys K;
across the sequence, which is a crucial step in the self-attention mechanism.

In multi-head attention, the self-attention mechanism is applied multiple times
in parallel, each with its own set of weight matrices W2, WX, and W). The
outputs of these parallel self-attention mechanisms are concatenated and linearly
transformed to produce the final output. The formula for multi-head attention
is:

MultiHead(X) = Concat(head;, heads, ..., heady, )W (2.9)

2.3.4 Transformer Models

The Transformer is a type of neural network architecture introduced in the paper
” Attention is All You Need” by Vaswani et al. [23]. It has been widely used
in NLP tasks due to its ability to handle long-range dependencies. The key

components of a Transformer model include self-attention mechanisms, multi-
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Figure 2.8: Self-Attention layer.Source [23]

head attention, position-wise feedforward networks, and layer normalization.

The self-attention mechanism allows the model to weigh the importance
of different words in the input sequence when predicting the next word in the
sequence. This mechanism enables the Transformer to capture dependencies be-
tween words that are far apart in the input sequence. Multi-head attention
extends the self-attention mechanism by allowing the model to jointly attend to
information from different representation subspaces at different positions. This
enables the model to focus on different parts of the input sequence simultaneously.

Position-wise feedforward networks are used to transform the output
of the attention mechanisms into a form that can be used for the next layer
of the network. These networks consist of fully connected layers with a ReLLU
activation function. Layer normalization is applied before each sub-layer of
the Transformer model, including the self-attention and feedforward layers. It
helps stabilize the training process and speeds up convergence by normalizing
the inputs to have zero mean and unit variance.

In recent years, Transformer models have undergone remarkable advance-
ments, propelling the field of NLP to new heights. One of the most notable

breakthroughs is the introduction of Bidirectional Encoder Representations from
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Transformers (BERT) by Devlin et al. 2018 [1/]. Building on BERT’s success,

further research has concentrated on improving and expanding its functional-
ities. There are now other variants that offer distinct advances in model ef-
ficiency, scalability, and performance, including A Robustly Optimized BERT
Approach (RoBERTa) [15], DistilBERT, and ALBERT.

OpenAT’s invention of the Generative Pre-trained Transformer (GPT) [21]
series is another significant breakthrough. Improving language in both coherent
and contextually relevant is shown by GPT models, such as GPT-2 and GPT-3.
More specifically, GPT-3 has proven to be capable on a range of language tasks
that match human performance, with its 175 billion parameter scale.

Overall, the Transformer model has achieved state-of-the-art results in various
natural language processing tasks, including machine translation, text summa-
rization, WSD, and language modeling.

The BERT model is pre-trained using two new unsupervised prediction tasks
and a large corpus. Specifically, the next sentence prediction task and the masked
language model are employed in pre-training [31]. The use of BERT most of
the time by fine-tuning it is applied successfully for word sense disambiguation
achieving state-of-the-art performance [34]. Bert can be applied for word sense
disambiguation as contextual representation, Relevance ranking, Sequence-pair

ranking, and Context-gloss pairs.

2.3.5 Contexual Embedding models

Contextual embedding methods have revolutionized natural language process-
ing by enabling models to understand the meaning of words in context. These
methods, including word embeddings and contextualized word representations.
Traditional word embeddings, such as Word2Vec [18] and GloVe [101], rep-
resent words as fixed vectors in a continuous space. Despite capturing semantic

similarities between words, it ignores contextual variations in meaning. This lim-
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Figure 2.9: Tranformer model for word sense disambiguation.Source: [22]

itation becomes a challenge in WSD, where the meaning of a word can change
based on its context.

Contextualized word representations address this limitation by considering the
context in which a word appears. ELMo [20], for example, uses a bidirectional
LSTM to generate word embeddings that capture the meaning of a word based
on its surrounding words. This allows ELMo to capture complex contextual
information and improve performance on WSD tasks.

BERT [11] takes contextualized embeddings to the next level with its trans-
former architecture, which enables bidirectional learning of word representations.
This means that BERT can leverage both preceding and following words to un-
derstand the context and meaning of a word. As a result, BERT has achieved
state-of-the-art performance on various NLP tasks, including WSD.

Contextual embedding methods, despite having advantages, still have some
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limitations. These are that they need huge amounts of data for training and costly
computational requirements which can be a problem in settings with scarcity of
resources. They may also fail at new words or words with rare senses because
their dictionaries are not comprehensive enough for such purposes.

In conclusion, contextual embedding methods have significant advantages for
WSD by capturing ambiguous contextual information. However, their limitations
should be considered when applying them in practical settings, and researchers
are actively working on addressing these challenges to further improve the effec-

tiveness of contextual embedding methods.

2.4 WSD Across Different Languages

2.4.1 WSD in English Language

In the English language, word sense disambiguation is a well-researched NLP task.
Much of the history of WSD has been determined by the availability of manually
created lexical resources in English, including SemCor [105] and wordnet. Then
the introduction of BabelNet [106] was a massive multilingual semantic network,
created by automatically integrating WordNet, Wikipedia, and other resources.
In 1995, Yarowsky [107] achieved over 95% accuracy in Word Sense Disam-
biguation using a semi-supervised approach for 12 words. Bootstrapping was em-
ployed to train a high-precision word sense disambiguation classifier. According
to Kilgarriff and Palmer (2000) [10%], the Senseval-1 evaluator achieved a 77% ac-
curacy rate in the English lexical sample task in 1997, while human performance,
determined by inter tagger agreement, reached 80%. Stevenson and Wilks em-
ployed Part-of-Speech data on all word WSD in 2001 and got an accuracy rating
of 94.7% [109]. Due to the utilization of WordNet, Senseval-2 produced a lower
score (Edmonds and Cotton 2001) [110], prompting the necessity for further de-

velopment in Senseval-3. This development ultimately resulted in its top systems
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Table 2.6: Summary of WSD Approaches

Approach

Advantages

Disadvantages

Knowledge-
based

Can provide explicit sense
definitions and relation-
ships [102]

Interpretable and explain-
able

Limited data coverage.
Can’t handle new words

Can’t capture contextual
features

Supervised

High accuracy with suffi-
cient data

Can capture complex con-
text

Flexibility to use various
features

Requires large annotated
data

Difficulty in handling new
words

Unsupervised

Doesn’t require labeled

data [38]

Ability to discover sense
clusters

Can handle new word
senses

Less accurate compared to
supervised methods

Limited Interpretability
and explainability

Semi-Supervised

Leverage large amount of
unlabeled data

Reduces the need for man-
ual annotation

Performance is highly de-
pendent on the quality of
data

Deep Learning

Ability to automatically
learn complex representa-
tions [31]

Can capture long-range
contextual dependencies

Can handle multiple lan-
guages and contexts effec-
tively

Requires large amounts of
data for effective training

Model interpretability can
be challenging

Computationally expensive
for training and inference
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Table 2.7: State of the art Deep learning methods for word sense disambiguation.

F1-score Accuracy

Model Senseval-2 Senseval-3 All  General-purpose Domain-specific Year

BLSTM 66.9 73.4 - - - 2019 [103]

FastText - - 53.7 56.2 50.6 2020 [104]

BERT-base - - 75.3 73.3 77.9 2020 [101]

Transformer - - 77.8 75.2 81.0 2020

Table 2.8: Comparisons of WSD approaches
Approaches

Criteria knowledge-based  Supervised  Unsupervised Deep learning
Data Needed annotated Labeled data Corpus mixed
Efficiency High Moderate High Moderate
Scalability Low Low High High

Note: The "Mixed” category in the ”"Data Needed” column indicates a combina-
tion of annotated and unlabeled data. Scalability is labeled based on the need
for annotated or labeled data during model training.

performing at human levels on the English lexical sample test [105].
State-of-the-art English WSD methods utilize deep learning and transformer-
based architectures, like BERT (Bidirectional Encoder Representations Trans-
former) and its variants, which have shown exceptional performance in various
NLP tasks, including WSD [34]. BERT uses extensive pretraining on a large
corpus to learn contextualized word representations. These pre-trained models

can be fine-tuned with specific WSD data to enhance disambiguation accuracy.

2.4.2 WSD in Chinese Language

Whatever the language, there is an ambiguous word in it, For example, the Chi-
nese word “zu” has two common meanings, which are “si wang” and “shi bing”
[115]. Word sense disambiguation in Chinese has special challenges due to the
language’s grammatical uniqueness. The inherent ambiguity resulting from the
nature of Chinese characters is one significant difficulty. Furthermore, Chinese
language lacks clear word borders, adding complexity that makes strong word

segmentation necessary to accurately identify individual words for disambigua-
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Table 2.9: Summary of papers in English language WSD

Paper Technique Dataset Language
Lesk (1986)[13] Knowledge based OALD English
D.Yarowsky (1995)[90] unsupervised learning Own English
Kilgarriff et al.(2003)[10] Supervised approach Senseval English
Agirre et al.(2006)[05] unsupervised approach Own English

R. Navigli et al.(2012)[0] Automatic construction ~ Wordnet — Multilingual
R. Chain et al.(2013)[38] unsupervised methods Own English
A R. Pal et al.(2015)[1 10] Hybrid approach Own English
D.S. Chaplot et al. (2018)["0] Knowledge based Wordnet English
J. Devlin et al.(2018)[14] BERT Corpus English
F. Luo et al.(2018)[1 1] Co-attantion mechanism Own English
L Huanget al.(2019)[31] BERT based models Own English
C. Hadiwinoto et al.(2019)[0] Pretrained models Multiple English
Y. Liu et al.(2019)[15] RoBERTa Corpus English

Y. Luan et al.(2020)[112] Novel Babelnet  Multilingual
Z. Lan et al.(2019)[113] ALBERT Corpus English

H.Kanget al.(2023)[1 1] Pre-trained model XL-WSD  Multilingual
D. Loureiro (2023)[35] Deep learning Wordnet English

tion. Furthermore, because a word’s meaning can change depending on its envi-
ronment, contextual changes and syntactic flexibility in Chinese phrases present
difficulties.

Researchers have explored various techniques in Chinese WSD, ranging from
neural networks to domain adaptation, from word embeddings to cross-language
transfer learning. One type of Chinese knowledge resource is typically used in
the conventional graph-based Chinese Word sense disambiguation method, which
is extremely affected by the knowledge bottleneck issue [116]. Compared with
knowledge resources in Chinese, those in English are more mature and abundant.
To solve this problem, Wenpeng Lu. et al. [117] proposes a graph-based Chinese

WSD method with multi-knowledge integration. Their promising results were
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obtained with comprehensive SemEval dataset experimentation on a graph model
that combines multiple Chinese and English knowledge resources through word
meaning mapping.

Similar to English WSD, Chinese WSD benefits from the use of word embed-
dings such as Word2Vec or GloVe. These embeddings capture semantic relation-
ships between words and can be used to enhance the representation of Chinese
words in a continuous vector space. Due to poor coverage of Chinese by Ba-
belNet, HowNet [l 18] has been used in a parallel line of study as both a sense
inventory and lexical knowledge base for Chinese WSD. HowNet is a widely used
Chinese lexical knowledge base. Zhang et al. [119] introduced a novel approach
in 2022, integrating monolingual contextual data from a neural language model,
bilingual information from machine translation, and sense translation data from
HowNet. This approach is a departure from traditional HowNet-based WSD
methods.Yiming Cui et al. [120] proposed Pre-Training With Whole Word Mask-
ing for Chinese BERT, and their model, MacBERT, has shown state-of-the-art
performance in various NLP tasks.

Recent supervised neural WSD algorithms improve performance by making
use of a lexical knowledge base, such as by integrating definitions [121]. In 2019,
L. Huang et al. build context-gloss pairs and suggest three BERT-based models
for WSD. They fine-tune the pre-trained BERT model to produce new, state-of-
the-art outcomes on the WSD problem [122]. The study claims that graph-based
models are effective in Chinese WSD because they generate graphs with nodes

representing words or senses and edges representing semantic links.

2.4.3 WSD in Arabic Language

Since every language has its idioms, grammatical structures, and word usage
patterns, it is difficult to directly apply WSD techniques across languages. Word

sense disambiguation is a global problem that crosses linguistic boundaries, with
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Arabic and other Semitic languages facing especially difficult problems.

The lack of diacritics in many digital texts is a major cause of word ambiguity
in Arabic, allowing the same word to appear in many senses [l 11]. It allows
identical words to take on various meanings; without diacritics, they will be the
same word. Furthermore, some Arabic prefixes are closely connected to Arabic
words and can be regarded as words in the majority of Latin languages, which is
to blame for the agglutinative nature of the Arabic language [123].

Arabic words have contextual variations according to diacritical markings,
part-of-speech (POS) characteristics, and the context in which they occur (Habash,
2007 [124]). Furthermore, Zitouni in 2014 [125] emphasised that the lack of vowel
markers in Arabic script adds considerably to the language’s intrinsic morpho-
logical ambiguity. Remarkably, a 2002 study [126] by Debili and colleagues found
that Arabic texts that have vocalization marks (i.e., marks that indicate vowel
sounds) typically had less ambiguous words (43%) than texts that do not have
vocalization markers (72%).Using thematic words from a specific context, Sakhr
researcher Achraf Chalabi created a new word sense disambiguation algorithm
in 1998 that has been implemented in the system’s Arabic-to-English computer-
aided translation [127].

Arabic language still suffers from the lack of linguistic resources [123] such as
lexicons, thesauri, tagged corpora [1258], and standardized test collections [129].
furthermore, due to this language’s extensive use of inflection, complex morphol-
ogy in Arabic has a significant impact on IR systems [130]. The richness of Arabic
texts and the free word order phenomenon are the main issues with statistical
methods for Arabic word sense disambiguation. The most prominent supervised
approach for Arabic WSD is the work by Habash et al. [131]. Their achievement
of statistically meaningful outcomes on well-known benchmark datasets, such the
Arabic Treebank, sets them apart from the others.

A recent study of Arabic word sense disambiguation highlights some key un-
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resolved challenges that need more research. Two important areas are domain-
specific Arabic word sense disambiguation and multi- and cross-lingual disam-
biguation for Arabic. These topics showcase both current difficulties and chances

to advance Arabic word sense disambiguation through further examination.

2.4.4 WSD in Indian languages

India, which is known for its linguistic diversity, is home to 122 major languages
and 1599 other languages, according to M. Priya et al. [132]. Approximately
70% of people speak Indo-Aryan languages, and 19% speak Dravidian languages,
which include Bengali, Marathi, Telugu, Tamil, Gujarati, Kannada, and Malay-
alam. These languages are distinguished by their morphological richness and ag-
glutinative structure. Word Sense Disambiguation has been used more frequently
in English and other European languages than in Indian languages, according to
Alon et al., [133]. The large variety of morphological inflections present in Indian
languages, together with the lack of machine-readable dictionaries, word sense
inventories, and other knowledge resources required for WSD algorithms in these
languages, are the reasons for the suboptimal efficacy of WSD methods.

One of the morphologically rich languages in India is the Marathi language
[1341]. As per the research conducted by Ujwalla Gawande et al., [131], a novel
approach to WSD for the Marathi language has been proposed using machine
learning techniques. The other language is Manipuri, which is distinct from
other Indian languages in terms of both syntactic and semantic features and is
spoken in a particular geographical area [133].In a pioneering work by Richard
Singh and K. Ghosh [135], a novel architecture was proposed in 2013 specifically
for the Manipuri Language.

Malayalam is a Dravidian language, primarily spoken in the southern In-
dian state of Kerala. Rosna P. Haroon proposed Malayalam WSD in 2010 using

a knowledge-based approach and suggested that the approach resulted in poor
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accuracy due to the scarcity of corpus languages like Malayalam. In 2016, S.
Gopal [136] proposed a supervised Malayalam word sense disambiguation system
using the Naive Bayes classifier. Because the quality corpus was used, the ac-
curacy was 90%. Another Indian language with a rich morphological system is
Punjabi [133]. In 2020, VP Singh et al. [53] recommended using deep learning
approaches for word sense disambiguation in the Punjabi language. Their investi-
gation demonstrates the effectiveness of these methods for correctly distinguishing
between word senses in the context of Punjabi.

Challenges in WSD for low-resource Indian languages include complex mor-
phology and limited resources. Positive progress is seen with deep learning models
pre-trained on large datasets, offering effective solutions. Despite linguistic diver-
sity and resource constraints, innovative techniques are driving notable advance-

ments, especially in languages like Marathi, Manipuri, Malayalam, and Punjabi.

2.4.5 WSD in Ambharic Language

Ambharic is the official language of Ethiopia which, is the second most spoken
semantic language group. Due to the morphological richness of the Ambharic
language, the variety of suffixes, prefixes, and infixes, makes it difficult for word
sense disambiguation tasks.

Generally, word sense ambiguity in Amharic is classified as Lexical ambiguity,
phonological Ambiguity, structural ambiguity, syntactical ambiguity, and referen-
tial ambiguity as discussed below [137, , , 39]. Lexical Ambiguity, occurs
when a word has multiple meanings. Phonological Ambiguity: Amharic word
sense disambiguation faces a significant obstacle known as phonological ambigu-
ity. This phenomenon occurs when multiple words in Amharic share identical pro-
nunciations but carry distinct meanings. The complexity of the Amharic sound
system contributes to this issue, as it encompasses a wide range of consonants

and vowels that possess nuanced differences in pronunciation.



39

Semantic ambiguity [10], on the other hand, falls into another category. It
arises when words possess multiple meanings that are either related or unrelated
to each other. This type of ambiguity is commonly encountered in idiomatic
expressions, metaphorical language, and polysemic constructs.

Another class of ambiguity in Amharic is structural ambiguity [135]. This
type of ambiguity arises from the ability to change the word order and have
multiple possible positions or arrangements within the grammatical structure of
a sentence. Syntactic ambiguity allows for conveying more than one meaning due
to these variations in sentence structure. The ambiguity class is Referential
ambiguity which is a well-known phenomenon in natural language processing
and refers to cases where a word or phrase has multiple possible referents [110].

Structural and syntactical Ambiguity remains unsolved in the case of the
Ambharic language [138, 39]. The researcher has been exploring and attempting
WSD which relies on knowledge-based approaches which are labeled by their own,

so the model was unable to learn by itself.

Meronomy

Lexical -

Hyponymy/Hypernymy

Phonological

Ambharic word sense ambiguity Raferenilal

Semantic

Syntatical

Figure 2.10: Word sense Ambiguity type summary

Amharic Word Sense Disambiguation research has Initial attempts relied on
semantic vector analysis, with Kassie 2009 [110] achieving promising results. Su-

pervised machine learning approaches then took center stage, with Solomon 2010
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[137] reaching a higher accuracy.

Since then, advancements have included incorporating ensemble classifiers by
Hagere [111] and exploring semi-supervised learning Wassie in 2014 [139], demon-
strating the continuous development in Amharic WSD. In 2019 [138], Mulugeta
developed a system for Amharic WSD using the Amharic WordNet. Unlike pre-
vious studies that mainly focused on verbs, Mulugeta’s system aimed to cover a
broader range of word types, including verbs, nouns, adverbs, and adjectives.

In 2021, Senay [10] and colleagues presented an Amharic Word Sense Disam-
biguation system based on deep learning. They trained three different deep learn-
ing models (LSTM, CNN, and Bi-LSTM) on a dataset containing 159 ambiguous
words, 1214 synsets, and 2164 sentences. The models achieved accuracies of 94%,
95%, and 96% for LSTM, CNN, and Bi-LSTM, respectively. In 2022 [39], NEIMA
conducted an Amharic WSD study using Amharic RoOBERTa (AmRoBERTa), a
transformer-based contextual embedding technique. This study demonstrated
the potential for precise WSD in Ambharic through advanced language models

and transfer learning.
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Table 2.10: Summary of WSD Papers in Different Languages

Paper Year Technique Dataset Language
Zhi-Zhuo & He-Yan [110] 2012 Graph Own Chinese
XR Sun et al. [117] 2017 LSTM Own Chinese
Wenpeng Lu. et al. [117] 2019 Graph BabelNet Chinese
L. Huang et al. [122] 2019 BERT Own Chinese
Yiming Cui et al. [120] 2019 BERT Own Chinese
C. Hadiwinoto et al. [3(] 2019 Pre-trained OntoNotes  Chinese
B Hou et al. [115] 2020  Unsupervised HowNet Chinese
Y. Cui et al. [120] 2021 Pretrained Own Chinese
X. Zhang et al. [119] 2022 Novel HowNet Chinese
I. Bounhas et al. [129] 2011 Knowledge ArabOnto Arabic
Debili et al. [120] 2002 Knowledge Corpus Arabic
Habash et al. [124] 2007 Knowledge Corpus Arabic
Habash et al. [131] 2013 Knowledge Own Arabic
S. Elmougy et al. [I11] 2008 Naive Bayes Own Arabic
Kharate & Patil [112] 2021 Knowledge WordNet Marathi
U. Gawande et al. [13/] 2023 Novel WordNet Marathi
R. Singh & K. Ghosh [135] 2013  Decision Tree Own Manipuri

S. Gopal [130] 2016 Naive Bayes Corpora  Malayalam

J. Sarmah & S.K. Sarma [77] 2016  Decision tree Own Assamese
VP Singh et al. [73] 2020  Deep learning Corpus Punjabi
Kassie [110] 2009 Knowledge Own Ambharic
Solomon [137] 2010 Supervised Own Ambharic
Assemu [113] 2011  Unsupervised Own Ambharic
Hagerie [111] 2013 Ensemble Own Ambharic
Wassie [139] 2014  Semi-supervised Own Ambharic
Mulugeta [138] 2019  Deep learning Own Ambharic
Senay et al. [10] 2021  Deep learning Own Ambharic

NEIMA [39] 2022 Deep learning Own Ambharic
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2.4.6 Challenges in WSD

The complexity and ambiguity inherent in language present numerous challenges
for WSD. Complex sentences containing multiple ambiguous words are partic-
ularly ambiguous, requiring additional contextual information for accurate disam-
biguation. Contextual dependency further complicates WSD, as the meaning
of words is heavily influenced by the surrounding context, often necessitating the
analysis of entire sentences. Fine-grained sense differentiation is another major
challenge in WSD, which can significantly impact text interpretation. Addition-
ally, the presence of polysemy and homophones poses challenges, as these

involve words with multiple meanings or different senses but identical forms.

Table 2.11: Summary of WSD Challenges across Languages

Language Challenges Unique Char- Open Issues
acteristics
English Ambiguity in Morphologically sense granular-
Polysemous poor, Extensive ity, fine-grained
Words use of idioms senses
Chinese Character level Unique Cross-lingual
ambiguity, Lack character-based sense alignment,
of Clear Word writing sys- Improving word
Borders tem(logographic  segmentation
in nature)
Indian Lack of An- Rich linguistic Development of
notated  Data, diversity, Script dialect-specific
Dialectal Varia- variations models, Seman-
tions tic complexity
Arabic contextual vari- Rich morpholog- Building stan-
ations according ical structure dardized evalu-
to diacritical ation, context-
markings aware models
Italiano Lexical ambigu- Rich morpholog- context-aware
ity ical structure models, lack of
dataset
Ambharic Lack of stan- Morphologically Development
dard dataset rich and the of cross-lingual
and Limited language charac- model

Parallel Corpora

terized by a lot
of dialect
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2.5 Related Works

We provide relevant research that supports our thesis in this section. In par-
ticular, research focuses on contextual embedding strategies, various attention
mechanisms, and how to incorporate these approaches into BiLSTM models for
WSD. We have introduced a neural network seq2seq model and a supervised tech-
nique, and we have conducted comprehensive comparisons with the progress and
drawbacks of word sense disambiguation.

According to related research, by demonstrating the ability to handle long-
range dependency, the seq2seq and BiLSTM models reach state-of-the-art per-
formance in word sense disambiguation. In addition, new attention mechanisms
have been used, and word embedding (bert-embedding) from conventional to
large language models has greatly enhanced model performance.

Then We compare baseline paper architecture with our proposed model and
clearly define gaps both in English and Amharic. Finally, we present a comparison

of our proposed model against baseline papers with some desirable properties

2.5.1 WSD Using BiLSTM Models

Despite the longstanding challenges in the field of Word Sense Disambiguation,
the introduction of neural networks has sparked significant transformation and
gained much attention in recent years[l111]. Specifically, RNNs are good at iden-
tifying long-term dependencies within sequences|115, |, which is the most im-
portant thing in word sense disambiguation. BiLSTM model is uniquely suited
to handle the complex and extensive dependencies that define and represent the
use of word senses [90, 144, 140].

Due to the persistent challenge of the exploding or vanishing gradient problem
in RNNs, LSTM [97] and GRU [98] were introduced as robust solutions. Then Bi-

LSTM, which is an extension of the LSTM network, was introduced by Graves et
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al. in 2005 [117]. By employing bidirectional processing, the Bi-LSTM captures

more comprehensive information from sentences, surpassing the capabilities of
the standard LSTM network [32]. This makes the Bi-LSTM well-suited for tasks
that involve bidirectional context dependence.

In addition to BILSTM, we explored various baseline methods to build a strong
foundation for our WSD research. The initial work in word sense disambiguation
often regarded as the baseline approach is the Most Frequent Sense approach,
which selects the sense that occurs most frequently in the training data. However,
this method has limitations in its generalizability and its capability to handle
unseen data. Basile et al. [118] introduced Leskext+emb, a method inspired
by the classic Lesk algorithm (Lesk, [13]). It uses a word similarity function
in a distributional semantic space to match glosses with their contextual usage.
UKB by Aggrie et al. [119]: Leverages the UKB knowledge base for context-
aware disambiguation, overcoming MFS limitations. Babelfy by Moro et al.
[67]: Utilizes BabelNet’s semantic network for both WSD and Entity Linking,
similar to UKB.

Supervised Approach: The Supervised method represents an advancement
over knowledge-based approaches. For example, Context2Vec by Melamud et
al., 2016[30] and IMS by Zhi and Ng (2010) [¢1] utilize a linear SVM classifier
and features like POS tags, nearby words, and local collocations within a limited
window around the target word. Another approach, IMS+emb, developed by
lacobacci et al. [82], enhances IMS by incorporating word embeddings as features,
which has proven highly effective across various WSD datasets.

Neural Netwerk: Seq2Seq model by M. Ahmed in 2018 [13] and its ex-
tensions like Seq2Seq + att. have shown promise. Similarly, Kaageback and
Salomonsson developed a BILSTM model for WSD in 2016 [115]. These mod-
els, along with Bi-LSTM+-att.4+LEX and Bi-LSTM+att.4+LEX+POS by

Raganato et al. 2017a[12], transforming WSD into a sequence learning problem
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and incorporating multi-task learning setups.

Using Attention in WSD: The transformative impact of attention mecha-
nisms in NLP has led to their widespread adoption in word sense disambiguation.
Self-attention [37, 32, 116] and multi-head attention [150, 151, 146] have shown
promising results in WSD tasks.

Vaswani et al. [23] introduced multi-head attention, applied in various NLP
tasks, including WSD. Domhan [152] emphasized the effectiveness of multilayer
attention in NMT, showing performance gains by using attention across multiple
layers. Multi-head attention combines linear projected attention and concate-
nates the results for the decoder network, contrasting with single-head attention.

In 2018, Ahmad et al. [153] employed multiple attention mechanisms for
POS, bigram, and words, combining these weights for significant improvement.
However, the success of attention mechanisms relies on their application to the
right purpose and layer. Tang et al. [I54] discovered in 2018 that attention
mechanisms tend to focus more on the ambiguous noun itself than on context
tokens, unlike other nouns.

BERT Embedding: Research has explored traditional word embedding ap-
proaches like Word2vec and GloVe. Kang et al. [155] extended the Word2vec
model to capture fine-grained meaning in Korean. Orkphol and Yang [156] im-
proved syntactical and semantic features using Word2vec. However, these tradi-
tional embeddings have limitations in capturing contextual variations in mean-
ing. This limitation has led to the development of deep contextualized models
like ELMO and BERT, trained on extensive corpora to address this challenge.

ELMO [20] and BERT [14] improve upon traditional word embeddings by con-
sidering contextual information. Kutuzov and Kuzmenko [157] leveraged ELMO
embeddings for word sense disambiguation in English and Russian, showing the
importance of lemmatization training for morphologically rich languages like Rus-

sian. Additionally, many studies have used BERT for word sense disambiguation,
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either through fine-tuning for specific tasks [3, 2] or incorporating sense embed-
dings [158, |. While these approaches have achieved state-of-the-art results,

further refinement is needed.

2.5.2 Baseline

Sequence-to-sequence model specially BILSTM [145, 43, 42, |, now gained
popularity in word sense disambiguation and machine translation [98, |tasks.
We adopt the paper suggested by Raganato et al. [12] as a baseline, providing

a solid framework for word sense disambiguation. They employ encoder-decoder
architecture with BiLSTM layer in both modules. The encoder utilizes an em-
bedding layer to convert input sequences into vector representations. These vec-
tors are then processed through one or more bidirectional LSTMs, resulting in a
context vector that captures the semantic meaning of the entire input sentence.
The decoder, also employing bidirectional LSTMs, leverages the context vector
and its hidden state to generate the output sequence word by word. Unlike some
models, the decoder here has access to the context vector at every step, allowing
for consideration of the entire input during translation. Finally, they apply a
softmax layer to convert the decoder’s output into probabilities for each word in
the vocabulary.

Our model takes inspiration from the work of Raganato et al.[12], but we
have significantly enhanced the architecture to achieve superior performance in
Word Sense Disambiguation. The initial step of our model involves processing
the input sentence to create a comprehensive vector representation. Utilizing
word embedding allows us to encode the meaning of each word independently,
while contextual embedding, employing BERT, enhances our understanding of
the interplay between these words in the context of the sentence.

The vectorized sentence is processed by a BiLSTM layer, comprising two

directional LSTMs, enabling the model to capture forward and backward depen-
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dencies for a comprehensive context. To enhance this, local attention (word-level)
is applied to the first BILSTM layer’s output, focusing the model’s attention on
specific words for key information extraction.

Then we apply another attention-based stacked BiLSTM layer, which is in-
spired by the work of Sun et al. [32]. Stacked Bidirectional LSTM in a sense,
contains multiple layers of BiLSTM cells stacked on top of each other. Each layer
processes the output of the previous layer, capturing increasingly abstract repre-
sentations of the input sequence. Zobaed et al. [1(1] also propose a sense-pick
method by using a stacked BiLSTM approach and achieved a 3.5 F1-score over
baseline models.

The output of the local attention mechanism is passed through a second BiL-
STM layer to refine the contextual representation. Then, global attention is
applied over the entire sentence to capture long-range dependencies. The out-
put of the global attention mechanism is integrated with the hidden state of the
model through a context and hidden layer. Finally, a softmax layer on a fully
connected layer generates a probability distribution for each sense, enabling the
model to predict the most likely sense for the target word based on accumulated
contextual information.

By incorporating these elements, our model builds upon the strengths of the

baseline paper while introducing several key enhancements:

e Enhanced Contextual Understanding: The combination of local and global
attention mechanisms enables the model to capture both fine-grained and
broader contextual information, leading to a more comprehensive under-

standing of the sentence.

e Improved Long-Range Dependency Handling: The use of BiLSTM layers
and global attention allows the model to effectively handle long-range de-

pendencies, which are crucial for accurate disambiguation in complex sen-
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e Adapted our model to Amharic and Italian: Our model demonstrates the ef-

fectiveness of the proposed model to improve WSD performance in Amharic

and [talian languages.

Table 2.12: Comparison of Baseline Model and Proposed Model

Feature Baseline Model Ra- Proposed Model
ganato et al.[42]
Architecture Encoder-decoder with Bil- Encoder only with stacked BilL-
STM layers STM layers, local attention,
global attention, and context and
hidden layer
Encoder BiLSTM with embedding Stacked BiLSTM with BERT em-
layer bedding layer, local attention,
and global attention
Decoder BiLSTM with access to con- Not applicable  (encoder-only
text vector at every step model)
Output Softmax layer for word Softmax layer for word probabili-
probabilities ties
Strengths Solid framework, captures Improved contextual understand-
semantic meaning of input ing through local and global at-
sentence, considers entire tention, enhanced long-range de-
input during translation pendency handling, and demon-
strates cross-lingual WSD
Limitations  Unable to capture contex- It depends on labeled data

tual information, limited
ability to handle complex
linguistic contexts

2.5.3 Identifing Reseach Gaps

Existing models mostly focus on either syntactic features (sentence structure)
[38] or semantic [0] aspects (word meaning) independently. They don’t effec-
tively capture the complex interplay between these two aspects, which is crucial

for accurate disambiguation. While attention mechanisms are used to focus on



49

ambiguous words, they primarily target the word itself |

|, not the broader con-

text and relationships between words in the sentence. This restricts the model’s

ability to fully understand the surrounding context.

Table 2.13: Research Gaps and Desirable Properties

Research Gap

Desirable Property

» Syntactical and semantical ambigu-
ity has been explored, but it remains
challenging. Models need to be more
contextual to capture linguistic infor-
mation effectively [0, 12, 38].

Develop models that are more con-
textual to capture linguistic informa-
tion and address the challenges of am-
biguity.

» previous model utilizes Attention
mechanisms primarily emphasizing am-
biguous words, neglecting contextual
relations among words [162].

Develop attention mechanisms that
consider contextual relations among
words for better disambiguation.

» Models struggle with complex sen-
tence structures and words with multi-

Enhance models to handle complex
sentence structures and multiple mean-

ple meanings [37, 68]. ings more effectively.

Note: Each row presents a specific challenge indicated by » symbol shows
the challenge faced in current WSD methodologies, such as the need for more
contextual models to capture linguistic information effectively. The corresponding
desirable property indicated by outlines the goal of developing models that
address these challenges, aiming for improved disambiguation accuracy.

The table 2.13 below highlights key research gaps and desirable properties in
English WSD, offering a concise overview of areas needing advancement. It serves
as a guide for future research to develop more effective WSD solutions.

For Amharic language word sense disambiguation has covered the category
of hypernym and hyponym [0, , 39]as shown in Table 2.14. However, there
are still uncovered areas, such as syntactical ambiguity, semantical ambiguity,
and phonological ambiguity. Hypernyms are broader terms that encompass nar-
rower terms, while hyponyms are specific terms categorized under a broader term.
Syntactic ambiguity involves multiple interpretations arising from sentence struc-

ture, while semantic ambiguity relates to multiple meanings of words or phrases.

Phonological ambiguity is a word having the same sound but different meanings.
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Table 2.14: Desirable property in Amharic WSD

Category Status
Hypernyms
Hyponyms
Syntactical Ambiguity X
Semantical Ambiguity X
Phonological Ambiguity X
Note:/ indicate research done and symbol Xuncovered area

Table 2.15: Comparisons different paper with our approach

Features

Approach Attention syntactical semantic long-range dependency

MF'S

Leskext+emb [115]
UKB [119]

Babelfy [67]
Context2Vec [30]
IMS+emb [32]
Seq2Seq [13]

BiLSTM att+LEX [12]
BERT

Ours

X X X X X X
x X X X

> X X X
™ X X X X X X X X

Note: For each feature, a green checkmark (v') indicates its inclusion, while a
red (X) indicates its absence. Our approach stands out by incorporating all these
features, demonstrating its comprehensive approach to word sense disambiguation
compared to existing methods.

Table 2.15 compares different approaches, including our own, based on key fea-
tures crucial for WSD. Our approach, along with Seq2Seq and BiLSTM att+LEX,
incorporates attention mechanisms, which enable the model to focus on specific
parts of the input sequence, enhancing its ability to disambiguate word senses
in context. However, most approaches, such as MFS, Leskext+emb, UKB, and
Babelfy, do not explicitly include syntactical analysis, potentially limiting their
capacity to capture the structural aspects of language essential for WSD. On
the other hand, our approach, along with Context2Vec and IMS-+emb, includes
semantic analysis, allowing for a deeper understanding of the meaning of words

and their relationships, which can significantly improve disambiguation accuracy.
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Moreover, our approach stands out for explicitly addressing long-range dependen-
cies, a feature crucial for capturing relationships between words that are distant
from each other in the sentence. Overall, our approach encompasses all these
features, making it a comprehensive and promising solution for WSD compared

to existing methods.

2.6 Summary

In this section, the reviewed literature emphasizes the important role played
by BiL-STM models in Word Sense Disambiguation (WSD). Specifically, when
BiL-STM models are combined with attention mechanisms and contextual mod-
els, they have shown to be highly effective. Various studies have showcased the
ability of BILSTM models to capture contextual information and long-range de-
pendencies, which are essential for accurately disambiguating word senses.

Raganato [12] a unified evaluation framework Method: The Ragnato unified
evaluation framework method is a technique that combines multiple sources of
information, such as lexical resources, semantic networks, and context, to disam-
biguate word senses. This method has been shown to improve WSD performance
by leveraging diverse sources of information to make more informed sense dis-
tinctions.

GlossBERT: GlossBERT [34] is a variant of the BERT model that incorpo-
rates gloss information from lexical resources, such as WordNet, into the pretrain-
ing process. By augmenting the contextual embeddings with gloss information,
GlossBERT aims to improve the representation of word senses and enhance WSD
performance.

Attention Mechanisms: Attention mechanisms have been applied to WSD to
improve the model’s ability to focus on relevant parts of the input sequence. By
attending to informative context words, attention mechanisms help disambiguate

word senses more effectively, leading to improved WSD performance. Despite
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that, applying hierarchical attention shows amazing performance.

BiLSTM: BiLSTM models show significant performance in the field of word
sense disambiguation, due to their ability to capture increasingly complex pat-
terns in the input sequence. By stacking multiple layers [32], these models can
learn hierarchical representations of the input, which has been shown to improve
WSD performance.

Contextual Embeddings like BERT: Contextual embeddings, such as those
generated by BERT, capture the meaning of words based on their surrounding
context. By leveraging contextual embeddings, WSD models can better disam-
biguate word senses by considering the broader context in which words appear.

These advancements collectively illustrate the continuous endeavors to en-
hance the performance of Word Sense Disambiguation by integrating various
methods and techniques. Researchers are consistently combining approaches such
as attention mechanisms, BiLSTM, and contextual embeddings like BERT.

The primary objective of the proposed approach is to bridge the existing gap
in addressing semantical ambiguity in Word Sense Disambiguation by improv-
ing attention mechanisms. Previous studies have incorporated attention mech-
anisms, but their effectiveness has been constrained by their limited capability
to consider the broader sense context of words. Instead, these mechanisms have
predominantly focused on the individual targeted word. This restriction impairs
the model’s accuracy in disambiguating word senses, particularly when faced with
instances of syntactical and semantical ambiguity.

The proposed approach seeks to enhance attention mechanisms in WSD by in-
tegrating BERT embeddings. BERT embeddings are contextual embeddings that
capture the semantic meaning of words by considering their surrounding context.
By incorporating BERT embeddings, the proposed approach aims to enhance the
model’s contextual understanding, enabling it to more effectively disambiguate

word senses within syntactically and semantically ambiguous contexts.
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The studies reviewed collectively justify the proposed approach of enhancing
Word Sense Disambiguation through the utilization of Hierarchical Attention
and Semantic Integration Using the BiLSTM Model. By capitalizing on the
advantages offered by BiLSTM models, attention mechanisms, and contextual
embeddings, the proposed approach strives to enhance the accuracy and resilience
of WSD systems. Ultimately, this contributes to the progress of the broader field

of natural language processing.



Chapter 3

Methodology

3.1 Introduction

In this section, a methodology is introduced for the creation and evaluation of
hierarchical attention mechanisms in word sense disambiguation. The method-
ology incorporates contextual embeddings on BiLSTM and is divided into four
sub-sections: data collection, preprocessing and feature extraction, model archi-
tecture, and experimentation and evaluation. This comprehensive methodology

offers a clear and structured guide for conducting research in the field of WSD.

3.2 Research Methodology

We use the Design Science Research (DSR) process [163] as the main research ap-
proach in this work. DSR is especially well-suited to this research since it concen-
trates on developing and assessing artifacts to address particular problems. The
DSR process consists of several iterative steps, including problem identification
and motivation, definition of objectives for a solution, design and development
of the artifact, demonstration of its utility, and evaluation of the artifact’s effec-
tiveness. The iterative nature of DSR allows for refinement and improvement of
the artifact based on feedback and evaluation results. So throughout this thesis,

we follow the following steps, as presented in the figure.

e Problem Identification and Motivation: As we first conduct a prelim-

inary literature review, to help us clearly define our problem statement as
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it does in 1.2. On follow-up, we formulate three research questions in 1.3,

which help us to frame our specific objective.

Objective Definition: Building on the identified problem, the research
aims to enhance hierarchical attention and semantic integration with BiL-
STM model, as stated in 1.4.1. We subsequently established specific objec-
tives 1.4.2 that subdivided the overarching goal into more manageable parts,

providing clear guidance for the specific steps we needed to undertake.

Design and Development: The core of the research involves the de-
sign and development of the proposed enhancing WSD using hierarchical
attention-based and semantic integration with BiLSTM model. The model
architecture consists of multiple components, including word embeddings, a
hierarchical attention mechanism, a BiLSTM layer, and a softmax classifier
for sense prediction. The design of each component is informed by existing

literature and best practices in WSD.

Evaluation: The model was evaluated using a benchmark dataset, with
performance metrics like accuracy, precision, recall, and F1 score. It outper-
formed baseline models and achieved competitive performance compared to

state-of-the-art methods.

Knowlege-contribution: By integrating the hierarchical attention mech-
anism into a BiLSTM architecture, this research demonstrates the effec-
tiveness of combining attention mechanisms with deep learning models for

WSD. We stated our contribution in 1.6.

 Problem identification Formulate Objectives — Design & Development

Knowledge Contribution Evaluation <— Implementation

Figure 3.1: DSR process for WSD enhancement in this thesis
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3.3 Data collection

This section provides a comprehensive overview of the data collection process for
the SemCor 3.0 dataset, which serves as the primary dataset for training and
evaluating our Word Sense Disambiguation research.

SemCor 3.0, a corpus created by Princeton University, is an invaluable re-
source for conducting research in Word Sense Disambiguation. Derived from the
Brown Corpus, it comprises sentences wherein every word has been painstakingly
annotated with its respective sense from WordNet. The collection of the SemCor
3.0 dataset was carried out during the Senseval-3 lexical sample task. Annotators
were provided with sentences sourced from the Brown Corpus and tasked with
annotating the sense of each content word (nouns, verbs, adjectives, and adverbs)
based on WordNet.

The research community highly values the SemCor 3.0 dataset for evaluat-
ing WSD systems, thanks to its extensive annotations and diverse text sources.
By incorporating this dataset, we establish the credibility and reliability of our
approach, which employs hierarchical attention and contextual embedding to en-
hance WSD. Leveraging SemCor 3.0 enhances the validity and dependability of
our proposed methodology, making a valuable contribution to the advancement

of WSD techniques.

Table 3.1: SemCor Dataset Statistics

Attribute Value

# Corpus SemCor (Miller et al., 1994)[105]

# Documents 352

# Annotations 226040

Annotation Type WordNet Senses

Format eXtensible Markup Language (XML)

Originally, the SemCor dataset was an XML file, containing sentences and
instances with target words. The other is the Gold Key text file, which contains

ground truth sense keys for the target words, serving as a reference for evaluating
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model performance. So in favor of our training, we extract sentences with their
target words. Important information is also mapped from XML files, like the pos
and lemma of target words.

The data collection process involves several key steps:

1. Loading and Parsing Data: Parse the SemCor XML file to extract
sentences, target words, and their associated information. Additionally,

load the ground truth sense keys from the separate text file.
2. WordNet Integration:
(a) Sense Keys: For each target word, acquire potential sense keys rep-
resenting different meanings from WordNet.

(b) Glosses: Obtain definitions (glosses) for each sense key from Word-

Net, providing context for the potential meanings.

(c) Morphological Handling: Account for morphological variations of
the target word to ensure accurate information retrieval from Word-

Net.
3. Data Combination and Augmentation:

(a) Map the correct sense keys from the gold data.

(b) Randomly choose and add additional sense keys up to a predefined

maximum to enrich the data

(c) Shuffle the order of sense keys and their corresponding glosses

4. Sentence Augmentation: Mark the target words within the original sen-

tence with ”[TGT]” to highlight their position.

5. Data Storage: Write the processed data, to a CSV file, creating a struc-

tured dataset for WSD tasks.
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Algorithm 2 Extracting Information from XML for WSD

1:
2
3
4.
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:

18:
19:

procedure EXTRACTINFO(XML file, WordNet)
for all sentence in root.iter(’sentence’) do
for all instance in sentence.iter(’instance’) do

instance_id < instance.attrib.get('id'))

lemma < instance.attrib.get('lemma’)”)

pos < instance.attrib.get('pos’,”)

sense_id < instance.attrib.get('sense’) )

context <’ ".join([wf.text.strip() for wf in sentence.iter("wf’)])
synsets < wn.synsets(lemma)

gloss <77
for all synset in synsets do
if synset.name() == sense_id then
gloss < synset.de finition()
break
end if
end for
writer.writerow({"ID" : instance.id, Word : lemma, Sense’
sense_id, 'POS’:pos, Sentence’ : context, Gloss' : gloss})
end for
end for

20: end procedure

The collected data for word sense disambiguation is organized and stored in

a comma-separated values (CSV) file with specific columns:

id: A unique identifier for each sentence in the dataset.

sentence: The original sentence with the target words explicitly marked

as "[TGT]” for clarity.

different meanings the target word could have in the context of the sentence.

providing additional information and context about the potential meanings.

get words within the sentence. This information serves as the ground truth

sense_keys: A list containing various potential sense keys, representing

glosses: Definitions (glosses) retrieved from WordNet for each sense key,

target_words: Indices corresponding to the correct sense keys for the tar-

for evaluating the performance of a WSD model.
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Through the data collection process, a dataset for WSD is constructed by

utilizing SemCor data, ground truth sense keys, and WordNet information. By
amalgamating sense keys, glosses, and context extracted from the original sen-
tences, the resulting dataset establishes a robust foundation for training and
evaluating our WSD model. This comprehensive dataset empowers us to develop

and assess the performance of our WSD model effectively.

3.3.1 Ambharic dataset

Because there was a scarcity of existing benchmark datasets for Amharic Word
Sense Disambiguation, we took the initiative to create our own dataset using
diverse sources such as Reporter-News, BBC Ambharic, EPA (Ethiopian Press
Agency), Soccer Ethiopia, and the Amharic Bible. To ensure diversity in the
dataset, we incorporated various domains such as health, sports, business, and

politics.

Data Collection

During the data collection phase, approximately 50,000 sentences were gathered
from the mentioned sources. This extensive collection ensures that the dataset
captures a wide range of language use across different contexts and topics. The
dataset comprises annotated sentences containing target words and their asso-

ciated senses, offering a comprehensive resource for training and assessing our

WSD model.

def fetch_target_words (target_words):

return target_words

def split_into_sentences (text):
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amharic_punctuation = r"::[:[7[!"

# Segmenting the text based on punctuation marks

sentences = re.split(amharic_punctuation, text)

# Filtering out empty strings and trimming leading/trailing
whitespace
sentences = [sentence.strip() for sentence in sentences if

sentence.strip ()]

return sentences

if __name__ == ’__main__":
target_words = [’wordl’, ’word2’, ’word3’] # Add more target
words
corpus_directory = ’amharic_corpus/amharic_data’ # Specify

the directory containing the corpus
output_csv_file = ’output.csv’ # Specify the desired output

file name

target_words = fetch_target_words (target_words)

with open(output_csv_file, ’w’, newline=’"’, encoding=’utf—8’)
as csvfile:

writer = csv.writer(csvfile)

writer .writerow([’ambiguous_word’, ’sentence’]) #

Writing the header row

processed_sentences = set() # Storing processed

sentences for uniqueness

for filename in os.listdir(corpus_directory):
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if filename.endswith(’.txt’):

corpus_file = os.path.join(corpus_directory,
filename)

with open(corpus_file, ’r’, encoding=’utf-8’) as
f:

for paragraph in f.read().strip().split(’\n\n
J):
for sentence in split_into_sentences/(

paragraph) :

for target_word in target_words:
# Checking if the target word
appears as a standalone word in the sentence
if re.search(r’\b’ + re.escape(
target_word) + r’\b’, sentence):
if sentence not in
processed_sentences: # Ensuring uniqueness
writer.writerow ([
target_word, sentencel])
processed_sentences.add(
sentence)
break # Exiting the loop

once a target word is found

print (f ’Extracted unique sentences with the ambiguous words

have been saved to "{output_csv_filel}".’)

Listing 3.1: Data collection sample code

Data Annotation

The annotation process was carried out by our team, with linguists employed for
evaluation purposes. The annotated dataset includes sentences containing target

words and their associated senses. The steps involved in the annotation process




are:

62

e Initial Cleaning: The raw text data was cleaned to remove non-Ambharic

characters, HTML tags, and other irrelevant content.

Sentence Segmentation: The cleaned text was segmented into sentences
using regular expressions to identify sentence boundaries based on these

punctuation marks.

Manual Annotation: Each sentence was manually annotated for word

senses. This involved:

— Identifying ambiguous words within each sentence.
— Providing sense labels based on context.

— Adding glosses to clarify each sense.

In total, 50,000 sentences were manually annotated, covering 220 unique
ambiguous words. This comprehensive annotation provides a valuable re-
source for training and evaluating WSD models. To ensure the quality
and accuracy of the annotations, we employed several linguists to evaluate
the annotated dataset. Their expertise helped refine the annotations and

validate the dataset’s reliability.

Data Availability

The dataset is in the process of publication in Science Direct Data in Brief,

making it accessible to the wider research community. Once it is published, the

dataset will be available for research and educational purposes. Researchers and

developers will be able to download the dataset and use it in their projects, with

proper attribution to the creators.
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3.4 Preprocessing

Text preprocessing plays a crucial role in natural language processing [164], act-
ing as a bridge between raw text and effective machine learning models. In this
section, we outline the essential preprocessing steps undertaken to convert un-
structured text into a format suitable for word sense disambiguation. In our data
preprocessing phase, we focus on key tasks such as vocabulary mapping, tokeniza-
tion, word embedding, and part-of-speech tagging. For the Amharic dataset, we
incorporate a Morphological Analyzer as an additional essential element. Fur-

thermore, we employ AmharicXLMRoberta for tokenization.

4 PREPROCESSING N

TEXT CLEANING , TOKENIZATION

MORPHOLOGICAL NORMALIZATION
—

ANALYSIS

- Y,

"’— ----------------------------------------- s\l

i FEATURE POS TAGGING ]

| EXTRACTION E

d 1

: WORD :

4 EMBEDDING i

~ "

e

-

Figure 3.2: Data processing and preparation step

3.4.1 Text Cleaning

e Lowercasing: This step ensures consistency in the data by converting all
letters to lowercase. This helps machine learning models avoid treating

”"Hello” and "hello” as different words.

¢ Punctuation Removal: Punctuation marks are removed from the text,
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as they often don’t carry significant meaning for the model’s purpose. This

helps the model focus on the core content of the words.

¢ Handling Infrequent Words: Words that appear less frequently than a
specified threshold (min_freq) are replaced with a special token, typically
”<unk>" (unknown). This helps the model avoid overfitting to rare words

and improve generalization.

For Amharic dataset, we conducted thorough cleaning procedures to ensure
data cleanliness. This involved excluding numbers, non-Amharic characters,
emojis, and URLs from sentences. Given the diverse sources of our data, in-

cluding various news outlets, this rigorous cleaning was necessary.

3.4.2 Tokenization and Lemmatization

Tokenization and lemmatization are essential preprocessing steps in our data.

These steps involve:

e Tokenization: Tokenization is the process of segmenting text into individ-
ual tokens or words, which is an integral part of our preprocessing pipeline.
This step allows for the separation of sentences into discrete units, enabling
further analysis and extraction of features. For tokenization, we used bert-
base-uncase [!1] in our English WSD dataset. for our Amharic WSD
dataset since BERT was not pre-trained in Amharic data thanks to David
Adelani we used their model AmharicXLIMRoberta, which is obtained

by fine-tuning xlm-roberta-base on Amharic corpus.

e Lemmatization: Lemmatization, the process of converting inflected words
to their base or canonical form, plays a crucial role in our approach. It as-
sists in consolidating words with similar meanings, enhancing the model’s
capacity to generalize across various word forms. For example, both ”run-

ning” and ”ran” would be lemmatized to ”run”. To ensure consistency
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and accuracy in word representation, we utilize the WordNet lemmatizer

as part of our approach.

In our efforts to enhance the Amharic dataset, we initially explored the
utilization of Hornmorpho, a morphological analysis tool developed for
Ambharic, Tigrigna, and Oromo languages by M. Gassper [165]. How-
ever, we encountered challenges with this tool as it led to changes in meaning
and the loss of contextual information. Additionally, the model exhibited
shortcomings by providing incomplete words. Consequently, we analyzed
these errors and implemented appropriate measures to address them effec-

tively.

3.5 Feature Extraction

In our research, feature engineering plays a crucial role as we aim to extract in-
formative features that enhance our model’s performance. To achieve this, we
employ various techniques such as utilizing surrounding words within a context
window, incorporating part-of-speech tags, and leveraging word embed-
dings. These techniques enable us to capture valuable information and enrich

the model’s understanding of the data.

3.5.1 Part-of-Speech Tagging

Part-of-speech tagging is a crucial step in natural language processing, including
Word Sense Disambiguation, and assigning grammatical categories (e.g., noun,
verb, adjective) to words in a sentence. State-of-the-art algorithms like Hidden
Markov Model (HMM), Conditional Random Field (CRF), and neural network-
based models such as BiLSTM-CRFs are employed for accurate POS tagging.
These algorithms predict precise POS tags by leveraging contextual information

and linguistic features.
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To efficiently process large text corpora and ensure accurate and efficient POS
tagging, we utilize robust libraries like Natural Language Toolkit (NLTK), and
Space Polyglot (SpaCy), which offer pre-trained taggers and extensive linguistic
resources. For Amharic dataset Part-of-Speech (POS) tagging we used General-
purpose pre-trained embedding developed by T.D Belay et al. [166], which helps

relate amharic words with their different word class information.

3.5.2 Word Embedding

In the field of NLP, word embedding is a critical component, particularly in tasks
like WSD. Sense and word embeddings improve how words and their meanings
are represented in NLP tasks, including WSD. Our methodology integrates word
embedding techniques.

Word Embedding: Word embeddings, like BERT embeddings, encode words
into dense vector representations in a continuous space, capturing semantic rela-
tionships between words. Utilizing pre-trained models such as BERT allows us
to incorporate rich contextual information, enhancing the effectiveness of WSD.
For our research, we employed the Bert-base-uncase for the English dataset
and AmharicXLMRoberta for the Amharic dataset.

Sense Embedding: Sense embeddings represent the various senses or mean-
ings associated with a word. These embeddings capture the nuanced semantic
distinctions between different senses of a word, facilitating more accurate disam-
biguation. Techniques for sense embedding may involve clustering algorithms,
graph-based methods, or deep learning models trained specifically for sense rep-

resentation.

3.6 Model Architecture

The primary objective of the proposed model architecture is to tackle the task

of Word Sense Disambiguation, which involves predicting the appropriate sense
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of a word in a given context. This task holds significant importance in numerous
natural language processing applications. By accurately determining word senses,
the model enhances text comprehension and boosts performance in downstream
tasks like machine translation, information retrieval, and sentiment analysis.
Existing models for WSD have shown promising results but often struggle
with capturing the intricate relationships between words in a sentence. Many
traditional models rely on handcrafted features or shallow representations, lim-
iting their ability to generalize well across different contexts. Additionally, these
models may struggle to handle the high-dimensional nature of language data.
The proposed model architecture addresses these limitations by incorporating
deep learning techniques and leveraging pre-trained word embeddings, particu-
larly BERT. By doing so, it can effectively capture contextual information and

learn complex representations that capture the nuances of word senses.

3.6.1 Description of Proposed Model Architecture:

The model architecture consists of sequential layers designed to process the input

sentence and extract meaningful representations for word sense disambiguation.

Sequential Input

The model receives the input sentence as a sequence of words. The input to the
model is a sequential representation of words in a sentence. This input is first
passed through a word embedding layer, which utilizes BERT to obtain contex-
tualized word representations. Mathematically, this process can be represented
as follows:

Let s = (wq, ws, ..., w,) be a sentence consisting of n words, where w; repre-
sents the ¢-th word in the sentence. Each word wj; is represented by its BERT
embedding e; € R?, where d is the dimensionality of the embedding space.

The sentence s is then represented as a sequence of embeddings E' = (e, €2, ..., €,),
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where E € R™?. The model processes this sequence of embeddings E to capture

the meaning and contextual information of each word in the sentence.

Word Embedding with BERT

BERT (Bidirectional Encoder Representations from Transformers) embeddings
are utilized in the proposed model architecture for Word Sense Disambiguation to
enhance the representation of each word in the input sentence. BERT embeddings
offer several advantages over traditional word embeddings.

BERT embeddings are contextualized, capturing nuanced meanings and se-
mantic relationships in different contexts. This contrasts with static represen-
tations like word2vec or GloVe. we utilize the bert-base-uncased model for
obtaining these contextualized embeddings. Mathematically, this contextualiza-

tion can be represented as:

e; = BERT(w;, context)

BERT embeddings are pre-trained on diverse textual data, enabling compre-
hensive word representations. This is advantageous over traditional embeddings
trained on narrower datasets.

BERT’s transformer-based architecture efficiently models long-range depen-
dencies, crucial for capturing complex language patterns in WSD tasks.

The proposed model benefits from BERT’s contextualized representations,
pre-training on diverse corpora, and ability to model complex patterns, leading

to more accurate sense predictions in WSD.

e BiLSTM Layers: The Bidirectional Long Short-Term Memory (BiLSTM)
layer is employed to process the input sequence of word embeddings from
BERT dually, encompassing both the forward and backward directions.

This allows the BiLSTM layer to capture both long-term dependencies and
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contextual information within the sentence, enhancing the model’s under-
standing of the input data. Mathematically, the BiLSTM layer can be

represented as follows:

%
ht = LSTMiorwara (BERT (wy, context)),
F
h

+ = LSTMypaciwara (BERT (wy, context)),

-
hy = [ht; ht]

where LSTMorwara and LSTMyccwara denote the forward and backward

LSTM computations, respectively, and h; denotes concatenation.

Hierarchical Attention

The hierarchical attention mechanism is designed to capture semantic context
at different levels of granularity within a sentence. It consists of two levels of
attention: word-level attention and sentence-level attention.

Word-level Attention: At the word level, the attention mechanism assigns
weights to each word in the sentence based on its relevance to the context. Words
more relevant to determining the sense of an ambiguous word receive higher
weights. For example, consider the sentence, He went to the bank to cash
out his money. In this sentence, the word ”bank” is ambiguous and could refer
to a financial institution or the side of a river. The word bank would receive
higher attention weights if the context suggests a financial transaction.

Sentence-level Attention: At the sentence level, the attention mechanism
aggregates the word-level attention weights to compute a single weight for the
entire sentence. This weight represents the overall relevance of the sentence to
determining the sense of the ambiguous word. For example, in the sentence He
went to the bank to cash out his money, the sentence-level attention would

consider the entire sentence’s context to determine the relevance of each word’s
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attention weight to the ambiguous word bank. So, to perform this hierarchical
attention, we employ different attention mechanisms at word level and sentence

level, as described below.

e Local Attention: A local attention mechanism is utilized to capture the
word-to-word relationships among neighboring words. This mechanism en-
ables the model to selectively focus on specific neighboring words that are
most pertinent to comprehending the sense of the target word. Mathemat-

ically, the local attention mechanism can be described as follows:

T

: Q
Attention(Q, K, V') = softmax
(@K V) e

W

where ), K, and V are the query, key, and value matrices, respectively, and
dy is the dimension of the key vectors. This mechanism allows the model to
attend to a subset of words around the target word, enhancing its ability

to capture local context.

e Global Attention: To capture the broader context beyond neighboring
words and consider the overall contribution of all words in the sentence, a
global attention mechanism is employed. For this purpose we use Bahdanau
attention a technique that replaces the usual way of processing sentences, al-
lowing the model to focus on different parts of the input sentence as needed.
Mathematically, the Bahdanau attention mechanism can be represented as

follows:
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eij = v, tanh(W,[decoder_hidden;, encoder_hidden;])

exp(e;;)

Ny — ——————
7 Xrexplen)

context; = Z ajjencoder_hidden;
J

where v,, W, are learnable parameters, decoder_hidden; is the hidden state
of the decoder at time step i, and encoder_hidden; is the hidden state of
the encoder at time step j. The attention weights «;; determine how much
focus should be given to each encoder hidden state when computing the

context vector context;.

Hidden and Context Layer: By combining the outputs from the Bil.-
STMs and attention mechanisms, this layer generates a more comprehen-
sive representation that incorporates both the local and global context sur-
rounding the target word. This enriched representation captures a holistic
understanding of the word by considering its neighboring words as well as

the broader context within the entire sentence.

Fully Connected Layer: A fully connected layer maps the combined
representation from the previous layer to the output layer. The combined
output from the attention mechanisms is passed through a linear layer fol-
lowed by a softmax activation function to generate the final sense prediction

probabilities.

out = self.linear(combined_output)

out = F.softmax(out, dim = 2)
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e Output Layer: The output layer generates the final predictions, represent-

ing the probabilities of the target word belonging to each possible sense.
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Figure 3.3: Proposed model architecture

We introduced our model architecture in Figure 3.3. Now, in the following fig-

ure, we break down the model into an encoder-decoder setup, showcasing detailed

embedding for Amharic and Italian languages. To adapt our model, we employed

various BERT variants for language-specific embeddings. The first encoder em-
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ploys an attentive BiLSTM with local attention, receiving word embeddings and
passing its context output to the second stacked BiLSTM, as illustrated in Figure
3.4. In the decoder, as shown in figure 3.5, the model utilizes a second BiLSTM
layer followed by global attention and a softmax layer to generate a probability

distribution for word senses based on the integrated context.

Encoder . context output
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Figure 3.4: Encoder model
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Figure 3.5: Decoder model
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3.7 Evaluation Metrics

To assess the efficacy of the proposed approach for improving WSD, various

essential evaluation metrics are utilized as stated below.

e Accuracy:

— Accuracy quantifies the proportion of correctly disambiguated words

out of the total number of words in the dataset.

Number of correctly disambiguated words

Accuracy =
Y Total number of words in the dataset

e Precision:

— Precision denotes the ratio of correctly predicted instances of a specific

sense to the total predicted instances of that sense.

Number of correctly predicted instances of a specific sense

Precision =
Total predicted instances of that sense

e Recall:

— Recall, also referred to as sensitivity, represents the ratio of correctly
predicted instances of a specific sense to the total actual instances of

that sense.

Number of correctly predicted instances of a specific sense
Recall =

Total actual instances of that sense

e F'1-Score:

— The F1-score is the harmonic mean of precision and recall, providing

a balanced assessment of the two metrics.

Precision x Recall

F1- =2
Score x Precision + Recall



Chapter 4

Experimentation

4.1 Introduction

This chapter focuses on providing detailed information about the experimental
setup, including dataset selection, parameter configuration, and evaluation met-
rics. We conduct a systematic comparison between our proposed methodology
and baseline methods to determine its efficacy in accurately disambiguating word

senses.

4.2 Experimental Setup

The experimental setup contains various components, such as dataset selection

and preprocessing, experimental configuration design, and identification of base-

line methods for comparative analysis and evaluation. These elements are crucial

in conducting a comprehensive evaluation of the proposed methodology.
Datasets

In our experimental evaluation, we chose two well-established benchmark datasets

commonly used in word sense disambiguation research: WordNet and SemCor.

e WordNet We use WordNet to construct sense-tagged corpora and map

synsets of words, which serve as training and testing data for our models.

e SemCor, a widely recognized training dataset for word sense disambigua-

tion, was employed in our research as well.
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Table 4.1: Training Datasets

Specification Description

SemCor Lexical corpus with sense annotations.

WSD Task Type All-words WSD.

Dataset Link https://www.sketchengine.eu/
semcor-annotated-corpus/

Size 352 documents, 220,000 words, 37,000 sense labels

Data Split 80% Training / 10% Validation / 10% Testing

Table 4.2: Testing Datasets

Specification Description

Senseval-2 English Lexical Sample [50]

Senseval-3 English Lexical Sample [51].
Senseval-2013  English Lexical Sample [15].
Senseval-2015  English All-words [19].

Size 1022 to 2282 sentences smallest to largest
Data Split Training/Testing provided.

In our experimental setup, we used the following hardware and software.
These specifications were chosen to ensure optimal performance and compati-

bility for our experiments in Word Sense Disambiguation.

e Hardware:

— Central Processing Unit (CPU): Intel Core i7-7200U
— Graphics Processing Unit (GPU): GPU Memory(google colab)

— Memory: 12GB RAM
e Software:

— Programming Language: Python 3.8
— Libraries/Frameworks: PyTorch==1.10

— Operating System: Windows 10


https://www.sketchengine.eu/semcor-annotated-corpus/
https://www.sketchengine.eu/semcor-annotated-corpus/

7
Table 4.3: Hyperparameters and Ranges

Hyperparameter Range Selected
Learning rate 0.01 / 0.02 / 0.001
Local context size 3

Epoch 32 /50 / 100
Batch size 32 / 64

No. of LSTM layers 2

Type of LSTM layer Bidirectional
Dropout 0.1/0.2

Word embedding size 100 / 200 / 300

Initialization of scalar weights on Attentions Random uniform (-0.1, 0.1)

In the evaluation, we employed specific hyper-parameter settings for our ar-
chitectures, as outlined in Table 4.3. Our models were trained using the Adam
optimizer, and the subsequent results reported in the next section are based on
the use of Adam, as it yielded comparatively favorable outcomes. Our models
were implemented using PyTorch 1.1 within a Windows environment.

We divided the data into training, testing, and validation sets. The ratios
used were 80% for training, 10% for testing, and 10% for validation. The hyper-

parameters were tuned exclusively using the validation set.

4.2.1 Training

For our development set, we utilize the widely recognized Semcor [105] dataset.
All models in this study were trained for 32, 50, and 100 epochs with learning
rates ranging from 0.001 to 0.1, using batch sizes of 32 and 64, as detailed in
Table 4.3.

For Enhanced WSD, we utilized the bert-base-uncased model to obtain
contextual representation of input sentences through contextual word embedding.
Our embedding layer is implemented outside of the neural network and stored

for use at any time. As an additional experiment, we tried using GloVe for word
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embedding to compare its performance with the bert-base-uncased embedding.
We found that bert-base-uncased is more dynamic and contextually aware than
GloVe. Unlike GloVe, which provides static representations of words and ignores
multiple senses within a sentence, bert-base-uncased offers more dynamic and
context-aware embeddings.

We performed a series of experiments using different configurations.

e Initially, we implemented a basic BiLSTM model without an attention

mechanism and BERT embeddings.

e Next, we introduced BERT embeddings into the model to enhance its per-

formance.

e We then incorporated a local attention mechanism at the word level. The
local context size was set to 3, allowing the model to focus on nearby words

during processing.

e To further improve the model’s performance, we implemented a global at-
tention mechanism using Bahdanau attention. This approach helps over-
come the limitations observed in traditional encoder-decoder architectures

by alleviating the bottleneck problem.

e Finally, we combined the local and global attention mechanisms with the
BERT embedding. This involved incorporating the output of the BERT
embedding into the first BILSTM layer of the model. By doing so, we

aimed to further enhance the capabilities of our model.

To obtain the probability of the predicted sense, we utilize the softmax func-
tion on the final hidden state, which applies to all classes within the output
vocabulary, encompassing the sense key vocabulary. To assess the robustness of

our model, we adapted and tested our custom Amharic dataset.
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4.3 Result Analysis

We present our experimental result and compare it with baseline works on the
same framework. The performance results of our model, when compared to the
latest advancements in the field as well as a basic baseline, are detailed in Table
4.4. As a supervised method, We evaluate our method against existing neural
Word Sense Disambiguation models that utilize bidirectional Long Short-Term
Memory networks by Raganato et al., 2017b [12]. They use a BiLSTM model
with attention to WSD, jointly trained with a lexical semantic labeling task.
This means the model learns to disambiguate word senses while also recognizing
the semantic labels of words. Their approach aims to leverage the contextual
information in sentences through the BiLSTM and attention mechanism, with
its effectiveness potentially depending on the complexity and diversity of the
training data. Given its solid foundation in the field, this work stands as a robust
benchmark for many researchers.

We also compare our approach to previously established methods that incor-
porate gloss representation information from WordNet, contextual models like
ELMo by M. E. Peter et al. [33] and BERT [30].

As we proceed with our analysis, comparing our results to various knowledge-
based and supervised methods outlined in Table 4.4, we encounter MF'S baseline
approach, which entails selecting the most frequent sense based on the training
data. However, it faces limitations in terms of generalizability and its inability
to handle unseen data. The other work Leskext+emb, introduced by Basile
et al. [148]. It takes inspiration from classic lesk algorithm (Lesk, 1986[13]).
They employ a word similarity function in a distributional semantic space to
assess the alignment between glosses and their contextual usage. This strategy,
aimed at augmenting gloss information through semantic relationships, effectively

enhances the performance of WSD tasks.
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The other knowledge base system we consider is UKB by Aggrie et al. [119],

and Babelfy, developed by Moro et al.[07], utilizes the semantic network struc-
ture of BabelNet to construct a cohesive graph-based framework for both Word
Sense Disambiguation and Entity Linking tasks. All these methods are based on
MFS baseline, which relies on most frequent sense.

Then, the development of the Supervised method improves and addresses
the problem encountered by the above knowledge-based approaches. The paper
related to our work: Context2Vec by Melamud et al., 2016[30] and IMS, in-
troduced by Zhi and Ng (2010) [31], employs a linear SVM as its classifier. It
utilizes a range of features within a limited window around the target word, in-
cluding POS tags, nearby words, and local collocations. An extension of IMS,
IMS+emb, as developed by Tacobacci et al. [32], retains IMS as its core frame-
work but incorporates word embeddings as features. This adaptation has proven
highly effective, often outperforming other methods across various WSD datasets.

As closest to our model which was developed using a neural network, by
employing BiLSTM model. Seq2Seq model by M. Ahmed in 2018 [13], with
extensive experiment Seq2Seq + att., Seq2Seq + att. + LEX, Seq2Seq
+ att. + LEX 4 POS. Kaageback and Salomonsson developed BiLSTM
model for WSD in 2016 [115]. When we begin implementing our model, start
with simple BiLSTM as well. Bi-LSTM+att.4+LEX and its modification Bi-
LSTM+tatt.+LEX+4POS, introduced by Raganato et al. 2017a[12], transform
WSD into a sequence learning problem, are viewed as the closest baselines in our
research. They introduce a multi-task learning setup that simultaneously tackles
WSD, POS tagging, and coarse-grained semantic labels (LEX).

Overall, Seq2Seq and BiLSTM models outperform all of the other models.
Introducing POS doesn’t seem helpful as supported by previous work [167, 45].

To enhance both syntactic and semantic understanding, we implemented a

BiLSTM model with a hierarchical attention mechanism and BERT embeddings.
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This approach significantly improved performance, achieving state-of-the-art re-
sults across all WSD tasks, as demonstrated in the table below.

We also apply different techniques like pos tagging, attention mecha-
nism(both local and Global attention), hypernym compression, and Bert
embedding separately and together to see the impact of different linguistic fea-
tures to improve contextual understanding of the WSD model. As a result,
employing local attention and global attention has an interesting performance
improvement, also BERT embedding has a greater impact as we discussed in the

evaluation section 4.3.1.

Baseline papers

Model Senseval-2 Senseval-3 Semeval-2013  Semeval-2015
MEFES 65.6 66.0 63.8 67.1
Leskext+emb][115] 63.0 63.7 66.2 64.6
UKBgloss w2w [119] 63.5 55.4 62.9 63.3
Babelfy[(7] 67.0 63.5 66.4 70.3
IMS [31] 70.9 69.3 65.3 69.5
IMS+-emb [32] 72.2 70.4 65.9 71.5
Context2Vec [30] 71.8 69.1 65.6 71.9
Seq2Seq [13] 68.5 67.9 65.3 67.0
Seq2Seq + att. [13] 69.9 69.6 65.6 67.7
Seq2Seq + att. + LEX [13] 70.6 67.8 6 6.5 68.7
Seq2Seq + att. + LEX 4+ POS 70.1 68.5 66.5 69.2
Bi-LSTM _att+LEX+POS [12] 66.9 69.1 71.5 72.0
BiLSTM _att+LEX [12] 72.0 69.4 66.4 72.4
BERT 73.8 71.6 69.2 74.4
Our Model
BiLSTM _local_att. 66.2 67.4 69.3 69.6
BiLSTM_Global_att. 67.7 63.1 65.5 69.8
BiLSTM _embed+g. att.+]1.att. 74.2 72.3 70.0 75.2

Table 4.4: Comparision of our model with Baseline papers for Word Sense Dis-
ambiguation with their evaluation in Fl-score on various datasets. g.att. and
l.att. indicates global attention and local attention respectively.
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4.3.1 Evaluation

We conducted evaluations on all commonly used evaluation corpora for Word
Sense Disambiguation, specifically the WSD tasks from the SensEval/SemEval
evaluation dataset. Our evaluations utilized the corpora provided for this task
by Raganato et al. 2017a [12], which included SensEval 2 (Edmonds and Cotton,
2001) [50], SensEval 3 (Snyder and Palmer, 2004) [51], SemEval 2013 [1&], and
SemEval 2015 task 13 (Moro and Navigli, 2015) [19].

In evaluating our model and comparing it with baselines and other models,
we utilize the F1 score as a metric for smooth and standardized comparison. Al-
though it may not be the most suitable metric for this task, the F1 score provides
a balanced measure of precision and recall. By considering both false positives
and false negatives, we gain insights into the model’s accuracy and robustness.
This approach allows us to make informed decisions and draw meaningful com-
parisons with other approaches in the field.

During testing, our models predict the most likely output words for a given
target word by generating a probability distribution. This distribution is created
using a Softmax layer at each step, which assigns probabilities to each potential
class. The model ranks the candidate senses of the target word based on these
probabilities, selecting the top-ranked candidates as its final output.

In our ablation study for Word Sense Disambiguation, we conducted a com-
parative analysis of various model configurations, each representing a different
level of attention mechanism integration. The models were labeled as follows:
BiLSTM (Simple BiLSTM) model, +Local att. (BiLSTM with local at-
tention), +global att. (BiLSTM with global attention), +local & global
att. (BiLSTM with both local and global attention), and +embed.+local
&global att. (BiLSTM with both local and global attention + BERT em-

beddings) respectively as indicated in figure 4.1 their prediction performance.
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Figure 4.1: Confusion matrices for different models

Our initial findings revealed that the BiLSTM model performed reasonably
well, although a noticeable number of classification errors were observed. Subse-
quently, incorporating local attention into the BiLSTM architecture resulted in
a modest improvement of approximately +1.3% in accuracy. Moving forward,
when we introduced global attention to the BiLSTM model, the impact on perfor-
mance was not as pronounced as expected. However, when using BiLSTM with
local attention, we encountered difficulties in handling longer sentences, particu-
larly in capturing the context around the target word.

To address this challenge, we combined both attention mechanisms, shifting
from dot-scale attention to Bahdanau attention for the global level (sentence-
level) and employing multi-head attention for the local level (word-level) with
a context size of 3 (although we also experimented with a context size of 5). Re-
markably, this adjustment yielded a substantial increase in accuracy of approxi-
mately +6% compared to the previous experiment, showcasing the effectiveness
of integrating both local and global attention mechanisms in enhancing WSD
performance.

Figure 4.2 presents the F1 scores (%) achieved by the baseline model, the
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proposed model, and BERT on four different datasets used for word sense disam-

biguation: Senseval2, Senseval3, SemEval-2013, and SemEval-2015. The results

demonstrate the performance improvement of the proposed model over BERT

and the baseline model across these datasets. Specifically, Our Model shows an

improvement in F1 score ranging from 1.8% to 2.9% compared to the baseline

model.
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Table 4.5: Our Model Performance on Training across epoch

The above figure 4.5 compares the training and validation performance plot

of our initial model figure (a), before incorporating BERT embedding and local
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attention+global attention, and figure (b) with our final model, which includes
these enhancements. The comparison demonstrates the improvement in accuracy
achieved by incorporating BERT embedding and local attention+global attention

in our model.

4.3.2 Adapting proposed model to other languages

We conducted a retraining process using mBERT embedding for the Italian lan-
guage. We then compared our performance with the state-of-the-art results of
a previous paper. Our comparisons were made against SensEmBERT, the best-
performing all-part-of-speech system, and our baseline model, EWISER. The
results are reported, including those for the Italian and low-resource language
Ambharic.

We presented the results in Table 4.6, which included evaluations on Se-
meval2013 (limited to nouns) and Semeval2015 (all parts of speech). The results
indicated that our model outperforms the state-of-the-art papers for the italic
language.

Table 4.6: Evaluation of WSD in Italian language reported in F1.

Model SE-2013 SE-2015
Train Test Test
Scozzafava et al.[1068] 76.4 721 69.0
EWISER (Baseline) [11] 80.9 777 718
Ours 82.1 784 723

We could not compare our results for Amharic due to the lack of an avail-
able evaluation dataset. However, we prepared our dataset for this language.
Despite the absence of a comparison, we observed significant improvements over
the baseline systems, demonstrating the applicability of our model in multiple

languages.



86
Table 4.7: Evaluation on Amharic WSD reported in F1.

Model Own dataset
Train Test
AmWSD(our) 92.4 782

4.4 Key Findings and Observations

Hierarchical Attention Mechanisms and BERT Embeddings: The study
found that incorporating hierarchical attention mechanisms into BiLSTM models
with BERT embeddings significantly improves WSD accuracy. This is particu-
larly evident in complex sentences or for long-range dependencies, where the
model’s ability to capture both local and global context is crucial for accurate
sense predictions. The model’s ability to attend to contextual information beyond
the ambiguous word, in conjunction with Bahdanau attention, shows promise in
improving WSD accuracy by capturing broader context.

Enhanced Contextual Understanding: The proposed model’s ability to
understand contextual information through both local and global attention mech-
anisms leads to improved WSD performance. Local attention allows the model
to focus on the context around the target word, capturing subtle nuances that
aid in disambiguation. Global attention, on the other hand, enables the model to
consider the entire sentence, providing a broader context that can influence sense
predictions.

Adapting to other languages: The study demonstrates the effectiveness
of the proposed model to improve WSD performance in Amharic and Italian
languages. We retrain for both languages with our proposed model, by employing
a multilingual bert and XLMRoberTa for Italian and Amharic respectively. We
showed our model performs better over the baseline model for Italian language.
Our model has been successfully adapted for Amharic and demonstrates strong

performance.
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Impact of Linguistic Features: The inclusion of Part-of-Speech (POS)

tagging showed mixed results, indicating that while it can provide useful infor-
mation, its impact on WSD performance may vary depending on the dataset
and language. This suggests that careful consideration of linguistic features is
necessary in developing effective WSD models.

Overall, the study’s findings emphasize the importance of attention mech-
anisms, contextual embeddings, and linguistic features in developing accurate
and effective WSD models. The proposed model’s architecture, incorporating
hierarchical attention mechanisms and BERT embeddings, shows significant ad-
vancements in WSD accuracy, particularly in challenging linguistic contexts.

Through a series of experiments and evaluations, we have addressed the fol-

lowing research questions:

1. How does incorporating hierarchical attention mechanisms into
BiLSTM models with BERT embeddings impact WSD accuracy,

particularly in complex sentences or for long-range dependencies?

This integration significantly enhances WSD accuracy, particularly in
complex sentences or for long-range dependencies. Hierarchical attention
empowers the model to address these challenges by focusing on both local
and global contexts, as well as analyzing specific words. BERT embed-
dings further contribute by providing rich contextual information about

each word, enabling the model to make more accurate sense distinctions.

e Overall Accuracy Improvement: Our model achieved significant
improvements in overall accuracy, as evidenced by F'1 score increases of
6.5% on the Senseval-2 dataset, 4.9% on Senseval-3, 0.7% on Senseval-
13, and 5.6% on Senseval-2015 compared to our simple BiLSTM model.
These enhancements can be attributed to the incorporation of our

hierarchical attention mechanism and semantic integration.
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e Long-Range Dependencies: For tasks requiring comprehension of
long-range dependencies, hierarchical attention empowers the model
to effectively focus on both local and global contexts, leading to better

disambiguation of words with long-range dependencies.

2. To what extent can the proposed model’s enhanced ability to un-
derstand contextual information through both local and global
attention mechanisms lead to improved word sense disambigua-

tion?

The improved capability of the proposed model to comprehend con-
textual information through local and global attention mechanisms greatly

enhances Word Sense Disambiguation.

e F1 score Improvement: Our proposed model achieves significant
improvements in F'1 score over baseline models on four standard bench-
mark datasets. The improvements range from 2.2% on Senseval-2
to 2.8% on SemEval-2015, as evidenced by our testing. Addition-
ally, compared to a BERT-based model for word sense disambigua-
tion, our model achieves further gains of 0.4% to 0.8% on the same
datasets (Senseval-2, Senseval-3, SemEval-2013, and SemEval-2015)

respectively.

e Local vs. Global Attention: Local attention helps the model focus
on the immediate context, capturing nuances in nearby words, while
global attention encompasses the entire sentence. This dual focus leads
to a more holistic understanding, significantly improving disambigua-

tion accuracy.

3. Can the proposed model be adapted to improve performance for

Ambharic word sense disambiguation?



89

Yes, Our model has been successfully adapted for Amharic and demon-
strates strong performance. By leveraging pre-trained models and embed-
dings from XLMAmRoberta which is a variant of BERT fine-tuned for
the Amharic language, the model effectively adapted to the Amharic word
sense disambiguation. We have achieved 92.4% F1l-score on training data

and 78.2% F1-score on test data.



Chapter 5

Concluding Remarks

5.1 Conclusion

In this thesis, we demonstrated how hierarchical attention and semantic inte-
gration can effectively address semantic word sense ambiguity. Our approach,
which enhances Word Sense Disambiguation accuracy using hierarchical atten-
tion mechanisms and BERT embeddings, incorporates local and global attention
to leverage the rich contextual information provided by BERT embeddings. Our
results show a notable enhancement in WSD accuracy, especially in complex
sentences and for long-range dependencies. In addition to our methodological
contributions, our study revealed several key insights. Firstly, hierarchical at-
tention mechanisms proved effective in capturing pertinent context for accurate
disambiguation. Moreover, our model exhibited enhanced performance in com-
prehending contextual information by utilizing both local and global attention.
Notably, we also successfully adapted our model and improved performance in
Ambharic, a low-resource language. Lastly, our thesis highlights the importance of
attention mechanisms and linguistic features, like Part-of-Speech (POS) tagging,
in WSD models. While POS tagging showed almost less impact on the English
dataset and a high impact on both the Italian and Amharic languages, attention
mechanisms significantly improved accuracy by capturing broader context.
Overall, our research enhances WSD models by leveraging hierarchical atten-
tion and BERT embeddings, improving accuracy in complex linguistic contexts,

and adapting our model to Italian and Amharic languages.
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5.2 Future directions

e Integration into Downstream Applications

We plan to leverage the flexibility of our models by integrating them into
downstream applications, such as Machine Translation (MT) and Informa-

tion Retrieval(IR).

¢ Extended model development: As a recommendation for future work,
developing domain-specific WSD models for specialized domains such as
biomedical texts, legal documents, and technical literature would be ben-
eficial. By focusing on domain-adaptive WSD models, researchers can ad-
dress the unique challenges posed by specialized terminology and discourse
in these domains. Furthermore, research on multimodal WSD, integrat-
ing visual and auditory context alongside textual information, could lead

to improved sense disambiguation in multimedia-rich environments.

¢ Extended Evaluation and Adaptation

Larger Corpora Evaluation: Extend evaluation to larger corpora to validate
the scalability and robustness of the proposed model across diverse datasets,

ensuring its effectiveness in real-world applications.

Pretrained Model Exploration: Conduct an extensive exploration of pre-
trained models, such as BERT, GPT, or XLNet, to identify optimal config-

urations and further enhance the performance of the proposed WSD model.

In summary, it is crucial for future research to prioritize the development of
resilient methodologies, delve into innovative approaches, and tackle real-world
applications. These efforts will foster innovation and make a tangible impact in

the field of Word Sense Disambiguation.
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