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Word Sense Disambiguation (WSD) is a fundamental challenge in Natural Language Processing
(NLP), crucial for tasks such as machine translation, sentiment analysis, and information retrieval.
Ambiguity in word meanings often leads to misinterpretation, affecting the accuracy of language
models and automated text-processing systems. This paper presents a novel mechanism for resolving
Word Sense Disambiguation, integrating both knowledge-based and machine learning approaches
to enhance contextual understanding.

The proposed method leverages semantic networks and contextual embeddings, utilizing WordNet
for lexical knowledge and transformer-based deep learning models for contextual analysis. By
combining rule-based heuristics with data-driven learning, our approach improves sense
identification while maintaining computational efficiency.

The methodology involves preprocessing text, extracting contextual features, applying a hybrid
disambiguation model, and evaluating performance using benchmark datasets such as SemCor and
Senseval. Performance evaluation, based on precision, recall, and F1-score, demonstrates that our
approach outperforms traditional WSD techniques, achieving improved accuracy in distinguishing
word meanings across diverse contexts.

The results indicate that the proposed mechanism enhances WSD efliciency, making it a viable
solution for NLP applications requiring high semantic accuracy. Future research will explore
integrating domain-specific knowledge bases and real-time applications to further refine the

disambiguation process.
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1. Introduction
1.1 Word Sense Disambiguation (WSD)

Word Sense Disambiguation (WSD) is the process of
determining the correct meaning of a word in a given context
when the word has multiple possible interpretations. It is a crucial
task in Natural Language Processing (NLP), as many words in
human language exhibit polysemy, meaning they have multiple
senses depending on the context in which they are used.

For example, in the sentences:
®  "She went to the bank to deposit money."
®  "The fisherman sat on the bank of the river.”

The word "bank" has different meanings—one referring to a
financial institution and the other to a riverbank. WSD aims to
resolve such ambiguities by associating the correct sense with the
word based on its contextual usage.

The challenge of WSD lies in accurately modeling and
understanding linguistic context. Various approaches, including
knowledge-based methods (using lexical databases like
WordNet), supervised learning (training models on labeled
datasets), unsupervised techniques (clustering word senses based
on patterns), and deep learning-based models (leveraging neural
networks for contextual embeddings), have been proposed to
address this problem.

1.2 Importance of resolving ambiguity in Natural Language
Processing (NLP).

Ambiguity is one of the most significant challenges in Natural
Language Processing (NLP), affecting various language-related
applications such as machine translation, sentiment analysis, text
summarization, chatbots, and search engines. Word Sense
Disambiguation (WSD) plays a critical role in resolving such
ambiguities to ensure that computational models correctly
interpret and process human language.

Word Sense Disambiguation is critical for reducing errors in
NLP applications and improving machine understanding of
human language. From translation and search engines to chatbots
and sentiment analysis, WSD enhances the precision and
efficiency of language-based AI systems, making them more
reliable and user-friendly. By integrating advanced machine
learning, deep learning, and knowledge-based techniques, WSD
continues to evolve, driving progress in NLP research and real-
world applications.

1.2.1. Enhancing Text Understanding and Semantic Accuracy

Language models need to comprehend text meaningfully to
perform NLP tasks effectively. Words with multiple meanings
(polysemy) and words with similar meanings but different
nuances (synonymy) create confusion in text processing. WSD
enables models to associate words with their appropriate
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meanings based on context, leading to more precise language
understanding.

For example:
®  'Tneed a bass for my music studio.” (Musical instrument)
®  "The bass is swimming near the surface of the lake.” (a type
of fish)

Without WSD, an NLP system might incorrectly interpret
“bass” in the wrong context, leading to errors in translation,
retrieval, or analysis.

1.2.2. Improving Machine Translation (MT)

In machine translation, incorrect word sense selection can

result in inaccurate and misleading translations. For example,

when translating from English to French:

e "He went to the bank to withdraw money.” > "Il est allé ala

banque pour retirer de I'argent."*
e  "The boat is near the river bank.” > "Le bateau est pres de

la rive du fleuve.™

A translation model without WSD might translate both
instances of “bank” as "banque" (financial institution), instead of
using 'rive" (riverbank) where appropriate. WSD enhances
translation quality by selecting the correct word sense in the

source language before translating.

1.2.3. Enhancing Information Retrieval and Search Engines

Search engines rely on keyword-based retrieval, but
ambiguity in query terms can lead to irrelevant search results. If a
user searches for “Apple stock’, a search engine should
differentiate between:

o Apple Inc. (technology company stock prices)
o Apples (fruit stock in grocery stores)
By applying WSD, search engines can better rank and present
results based on user intent, leading to more relevant and efficient
information retrieval.

1.2.4. Advancing Sentiment Analysis and Opinion Mining

Sentiment analysis is used in social media monitoring,
product reviews, and customer feedback analysis. Incorrect word
sense interpretation can alter sentiment detection, leading to
inaccurate conclusions.

For example:
®  "Thefilm was a real blast!" (Positive sentiment, meaning
exciting)
®  "The explosion caused a blast of destruction.” (Negative
sentiment, meaning disaster)
WSD helps NLP models distinguish between figurative and
literal meanings of words, improving the accuracy of sentiment
classification.

1.2.5. Improving Chatbots and Virtual Assistants

Chatbots like Siri, Alexa, and Google Assistant rely on NLP to
process and respond to user queries. Without proper WSD, virtual
assistants may misinterpret commands, leading to incorrect
responses.

For instance, if a user says:
e "Can you book a flight for me?"
o 'Tlove reading this book."
A chatbot with WSD can correctly differentiate between
"book" as a verb (reserve a ticket) and "book" as a noun (a physical
object to read), leading to better responses.

1.2.6. Strengthening Text Summarization and Content
Generation

Automatic  text summarization requires  accurate
interpretation of key information in a document. WSD ensures
that the right senses of words are preserved in generated
summaries, preventing distortion of meaning.

For example, summarizing the sentence:
®  "The board approved the merger despite opposition.”
A system without WSD might interpret “board”
incorrectly as a wooden plank instead of a corporate
governing body, altering the summary’s accuracy.
1.2.7. Enhancing Speech Recognition and Voice Assistants

In speech-to-text applications, homophones (words that
sound the same but have different meanings) create ambiguity.

e "Write the report.” vs. "Right the report.”
o  Iseethesea."vs. "I see the C (as in a grade).”
1.3 Challenges and existing gaps in WSD.

Despite  significant advancements in Word Sense
Disambiguation (WSD), several challenges and limitations
persist. These issues hinder the accuracy and efficiency of WSD
models, particularly in real-world NLP applications. The key
challenges and existing gaps are discussed below:

1.3.1. Lexical Ambiguity and Context Variability

Words can have multiple senses that vary significantly
depending on context, and disambiguating them accurately is a
complex task.

Example:
e "He charged his phone.” (Meaning: to power up)
e "He charged at the enemy.” (Meaning: to attack)
Even advanced models struggle to differentiate subtle
semantic variations, especially when contexts are brief or
ambiguous.

1.3.2. Lack of Large-Scale, High-Quality Annotated Datasets

Supervised learning approaches for WSD require large
amounts of manually labeled training data, which is costly and
time-consuming to create.

e Existing datasets like SemCor, Senseval, and OntoNotes
are limited in scope and domain, often failing to generalize
well across different languages and contexts.

e The lack of domain-specific sense-tagged data affects
performance in specialized fields like medical, legal, and
scientific texts.

1.3.3. Domain Adaptability Issues

WSD models trained on general-purpose corpora may not
perform well in domain-specific settings.
Example: The word "cell" in:
e  Biology: "A human cell contains a nucleus.”
e  Technology: "A mobile cell tower provides network
coverage."

Domain adaptation remains a challenge because pre-trained
models often fail to transfer knowledge effectively across different
fields.

1.3.4. Ambiguity in Multi-Word Expressions and Idiomatic
Usage

Many words derive their meanings from larger phrases rather

than individual word senses.

Example:
e "Kick the bucket" (idiom, meaning to die)
e "Kick the ball” (literal meaning)
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Current WSD models struggle to recognize idioms, phrasal
verbs, and collocations, often misinterpreting them based on
individual word meanings.

1.3.5. Dependence on External Knowledge Resources

Many WSD approaches rely on lexical databases such as

WordNet, which, despite being comprehensive, has limitations:

e  Coverage issues: WordNet does not include newly coined
words, slang, or domain-specific terminologies.

e  Lack of hierarchical organization: Some word senses in
WordNet are too fine-grained or overlapping, making
sense selection difficult.

Alternative approaches, such as integrating Wikipedia,
BabelNet, or ConceptNet, introduce additional complexity in
model design and computational cost.

1.3.6. Scalability and Computational Complexity
Modern WSD methods using deep learning and

transformer-based models (e.g., BERT, GPT, XLNet) require
substantial computational resources.

e Training large-scale neural networks is computationally
expensive.

® Real-time WSD applications (e.g., chatbots, search
engines) require efficient models that can process vast
amounts of text quickly.

e Current methods struggle to balance accuracy and
efficiency in real-world applications.

1.3.7. Language and Cross-Lingual Challenges

Most WSD models are designed for English, with limited
support for low-resource languages.

e Many languages lack comprehensive sense-annotated
corpora.

e Word senses differ across
translation-based WSD difficult.

e  Polysemy and homonymy manifest differently in different

languages, making

languages, requiring specialized approaches for
multilingual disambiguation.

1.3.8. Lack of Common Evaluation Standards

WSD  research lacks universally accepted evaluation
benchmarks, leading to inconsistent comparisons across different
models.

e Various datasets and evaluation metrics (accuracy,
precision, recall, F1-score) exist, but results often depend
on the dataset used, making it hard to determine the best
approach.

1.3.9. Combining Knowledge-Based and Data-Driven Methods
Effectively
Hybrid WSD models that integrate rule-based, statistical,

and deep learning techniques offer promise but remain difficult
to design and optimize.

e Combining symbolic reasoning (e.g., WordNet,

ontologies) ~with neural representations (e.g.,
transformers) requires careful fine-tuning.

e  There is still no universally accepted best approach for
integrating knowledge-based and machine learning
methods for optimal performance.

1.3.10. Generalization to Unseen Words and Phrases
Pre-trained models often fail to generalize well to unseen

words or newly emerging meanings (e.g., slang, neologisms,
technical jargon).

Example:
e '"The cloud stores data securely." (Meaning cloud
computing, not the weather phenomenon)
WSD models need adaptive learning mechanisms that can
dynamically update based on new linguistic patterns.

1.4 Overview of the proposed mechanism.

To address the challenges of Word Sense Disambiguation
(WSD), a hybrid mechanism is proposed that integrates
knowledge-based methods, machine learning techniques, and
deep learning models to improve contextual understanding and
sense selection. The proposed mechanism is designed to enhance
accuracy, efficiency, and domain adaptability while reducing
reliance on large annotated datasets.

1.4.1. Key Components of the Proposed Mechanism

The Approach consists of the following components:
a) Preprocessing and Feature Extraction

e Tokenization: Splitting sentences into words and
phrases.

e  Part-of-Speech (POS) Identifying the
grammatical category (e.g., noun, verb) of words to
narrow down possible meanings.

Tagging:

o Lemmatization: Reducing words to their base forms
(e.g., "running" - "run").

e Dependency Parsing: Analyzing syntactic structure to
understand word relationships.

b) Contextual Embedding Using Transformer-Based Models

e The mechanism employs pre-trained deep learning
models (BERT, RoBERTa, XLNet) to generate
contextual word embeddings.

e  These embeddings capture semantic nuances and help
in distinguishing word meanings based on sentence
structure.

e  Example:

e  Sentence 1: "He sat on the river bank and enjoyed

the sunset.”

e  Sentence 2: "She went to the bank to withdraw
cash.”

e The model generates different  vector

representations for "bank" in both sentences, aiding
in disambiguation.
¢) Knowledge-Based Disambiguation Using WordNet &
BabelNet

WordNet, BabelNet,
ConceptNet) are used to retrieve possible word senses.

o Lesk Algorithm (gloss-based matching) is used to
compare sentence context with dictionary definitions.

o Lexical Resources (e.g.,

e  Semantic Similarity Measures (e.g., cosine similarity) are
used to rank word senses based on their relationship to
surrounding words.

d) Hybrid Disambiguation Model

e  Supervised Learning Component
e A bi-directional Long Short-Term Memory (Bi-
LSTM) network is trained on labeled datasets (e.g.,
SemCor, Senseval).
e The Bi-LSTM processes sequential word dependencies
to predict word sense probabilities.
e  Unsupervised & Knowledge-Enhanced Learning
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e  Graph-based techniques construct sense networks,
where nodes represent word senses, and edges denote
relationships (e.g., synonymy, hypernymy).

e  PageRank-like algorithms help select the most relevant
sense based on context similarity.

e) Sense Selection and Disambiguation

o The final sense is selected using a weighted voting
mechanism:
e Deep learning predictions (Transformer + Bi-
LSTM) (50%)
e  Knowledge-based matching (WordNet, BabelNet)
(30%)
e  Graph-based ranking (20%)
o  The output is the most contextually appropriate sense,
ensuring robust disambiguation.
1.4.2. Advantages of the Proposed Mechanism
Higher Accuracy: Combines deep learning’s contextual
understanding with rule-based lexical knowledge.
Domain Adaptability: Can be fine-tuned for specific domains
(e.g., medical, legal, finance). Computational Efficiency: Uses a
hybrid approach to reduce reliance on large training datasets.
Multilingual Support: Extends beyond English by integrating
multilingual resources like BabelNet.

1.4.3. Experimental Setup and Evaluation

Datasets Used: SemCor, Senseval, OntoNotes
Evaluation Metrics: Precision, Recall, F1-Score, Accuracy
Baseline Comparisons: Traditional WSD approaches vs.
the proposed hybrid model

2. Related Work
2.1 Review of traditional and modern approaches to WSD

01. Semi-Supervised Methods

WSD

* 04. Knowledge Based Methods
SpPOYI3IAl pasiaiadnsun *zo «

03. Supervised Methods

Figure 2.1 Approaches to Word Sense Disambiguation
Broadly, the approaches can be classified into four categories:
knowledge-based methods, supervised learning, unsupervised
learning, and deep learning-based techniques. Each method has
its own advantages, limitations, and use cases.

2.1.1. Knowledge-Based Approaches

Knowledge-based WSD methods rely on predefined lexical
resources, such as WordNet, BabelNet, and ConceptNet, to
determine word meanings. These techniques focus on comparing
contextual words with predefined sense definitions and relations.

2.1.1.1 Lesk Algorithm (Dictionary-Based Approach)

® One of the earliest WSD techniques, introduced by
Michael Lesk (1986).

e It selects the correct sense of a word by comparing its
dictionary definition (gloss) with surrounding words in
the given context.

e  Example:

e Word: "bank"
e Sentence: "He sat by the river bank and enjoyed the
view."
e WordNet definitions:
= Sense 1: "A financial institution that accepts
deposits and loans."
= Sense 2: "The land alongside a river."
e  The Lesk algorithm matches words in the gloss
with the surrounding words (river), selecting
Sense 2.
Limitations:
e Struggles with short sentences, as there may be
insufficient overlapping words.
e  Not scalable for large vocabulary tasks.
2.1.1.2 Semantic Similarity and Graph-Based Approaches

e  These methods construct word graphs, where nodes
represent word senses, and edges represent semantic
relationships (synonyms, hypernyms, hyponyms).

e  Graph algorithms like PageRank are used to rank the
most relevant sense.

e Example: Personalized PageRank (PPV) assigns
higher weights to senses with stronger connections in a
word network graph.

Limitations:
e  Fails to capture context dynamically as graphs are

static.
e  Lacks adaptability to different domains.
Advantage:

o  Works well for resource-rich languages like English
with extensive lexical databases (e.g., WordNet).
2.1.2. Supervised Learning Approaches
Supervised learning methods use labeled datasets, where
words are manually annotated with their correct senses. These

models learn patterns based on contextual features and predict
the most likely word sense.

2.1.2.1 Feature-Based Machine Learning Approaches

e  Early supervised models relied on decision trees, Naive
Bayes, Support Vector Machines (SVMs), and
Maximum Entropy models.

e  Common features used for training:

e  Surrounding words (collocations)

e  Part-of-Speech (POS) tags

e  Syntactic dependencies

e  Word embeddings (vectorized word meanings)

Limitations:
e  Heavily dependent on labeled training data, which is
expensive to create.
o Does not generalize well to unseen words or low-
resource languages.
Advantage:
e Performs well on domain-specific corpora, such as
financial or medical text.
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2.1.2.2 Neural Network-Based Supervised Models

e The introduction of neural networks led to better
generalization in WSD.

e  Multi-Layer Perceptrons (MLP) and Recurrent
Neural Networks (RNNs) improved sense prediction
by capturing sequential dependencies.

Limitations:

e Data-hungry models that require large annotated
datasets.

e  Struggles with polysemous words that have highly
varied meanings.

2.1.3. Unsupervised Learning Approaches
Unsupervised methods attempt to resolve WSD without

requiring labeled data. They cluster word meanings based on
their usage in large corpora.

2.1.3.1 Clustering-Based WSD

e Words are grouped into clusters based on their
distributional similarity in large text corpora.

e K-Means and Hierarchical Clustering have been
applied to group words based on co-occurrence
patterns.

Limitations:

e  Clusters may not always correspond to correct senses
in dictionaries.

e Difficulty in interpreting clusters without external
lexical resources.

2.1.3.2 Topic Modeling for WSD

e Latent Semantic Analysis (LSA) and Latent Dirichlet
Allocation (LDA) generate topic-based clusters of
words, grouping them into semantic categories.

Limitations:

e  Does not always align with human interpretations of
word senses.

e Sensitive to corpus quality, requiring diverse data
sources.

Advantage:

e Useful for low-resource languages where labeled

datasets are unavailable.

2.1.4. Deep Learning Approaches

Deep learning models, particularly transformer-based
architectures, have revolutionized WSD by capturing contextual
meanings dynamically.

2.1.4.1 Word Embeddings for WSD (Word2Vec, GloVe,
FastText)

®  Pre-trained word embeddings represent words as high-
dimensional vectors.

e  Similar words have closer vector representations in the
embedding space.

e  Challenge: Static word embeddings assign a single
vector to each word, ignoring context-specific
meanings.

Advantage:

e Improves WSD without requiring labeled training

data.
Limitation:
e  Fails to handle polysemy dynamically.

2.1.4.2 Transformer-Based Approaches (BERT, RoBERTa,
XLNet, GPT)

e Contextual embeddings solve polysemy issues by
generating different representations for the same
word in different contexts.

e Example: BERT uses bidirectional attention to
analyze both left and right context, capturing nuanced

meanings.
o Fine-tuning on WSD tasks improves accuracy
significantly.
Advantages:

e  Outperforms traditional methods on benchmark
WSD datasets.
e  Works across multiple domains (e.g., legal, medical,
finance).
Challenges:
e Computationally expensive and requires high-end
GPUs.
e  Lacks interpretability—deep models often act as black
boxes.
2.2 Comparison of WSD Approaches

The Table 3.1 summarizes the Pros and Cons with Examples of
the above-mentioned approaches.

Table 2.1: Comparison of WSD Approaches

resolving WSD.

Approach Pros Cons Examples
Lesk Simple, Struggles WordNet-
Algorithm works for | with based gloss
small short comparison
datasets contexts
Graph- Effective Requires Personalized
Based for lexical | pre-built PageRank
(PageRank, resources networks for WSD
BabelNet)
Supervised High Needs Word sense
Learning accuracy large classification
(SVM, MLP) with annotate models
labeled data | d datasets
Unsupervise | Works Cluster Distribution
d Learning | without sense al clustering
(Clustering, labeled data definition methods
LDA) s may be
unclear
Deep Best Requires Contextual
Learning performan significan | embeddings
(BERT, ce on real- | t for WSD
GPT, world text computin
XLNet) g power
3. Proposed Mechanism

3.1 Explanation of the new approach or enhancement in

To address the limitations of existing WSD techniques, a
hybrid mechanism is proposed that integrates deep learning
(transformer-based models) with knowledge-based methods
(WordNet, BabelNet, and graph-based approaches). This method
leverages the context-awareness of deep learning models while
incorporating linguistic knowledge from lexical databases to
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improve accuracy, interpretability, and adaptability across
domains.

3.1.1. Key Enhancements in the Proposed Mechanism

The approach improves WSD by introducing the following
enhancements:

a) Context-Aware Embeddings with Transformer Models
(BERT/RoBERTa/XLNet)

Traditional Limitation: Standard word embeddings (e.g.,
Word2Vec, GloVe) assign a single vector representation to a
word, ignoring context. This fails in cases of polysemy (multiple
meanings of a word).

Enhancement: We use transformer-based embeddings (BERT,

RoBERTa, XLNet), which generate dynamic word
representations based on the sentence’s context.
Example:
®  "He deposited money in the bank.” > Bank (financial
institution)

o  "He sat on the river bank.” > Bank (side of a river)

In our approach, the transformer model learns to
differentiate word meanings dynamically, ensuring contextual
accuracy.

b) Word Sense Disambiguation Using Knowledge Graphs
(WordNet + BabelNet)

Traditional Limitation: Deep learning models lack explicit
lexical knowledge and often behave as black boxes.
Enhancement: We integrate graph-based techniques using
WordNet and BabelNet to refine deep learning predictions.

e  Step 1: Generate possible word senses using WordNet
synsets and BabelNet multilingual resources.

e  Step 2: Construct a word-sense graph, where nodes
represent senses and edges represent semantic
relationships (e.g., synonymy, hypernymy).

e Step 3: Apply Personalized PageRank (PPR) or
SenseRank, assigning higher weights to contextually
relevant senses.

Example: For the word "crane", a graph-based approach helps
distinguish between:

o  Crane (bird)
e  Crane (construction equipment)
e  Crane (gesture: to stretch neck)

By analyzing semantic similarity with surrounding words,
the model selects the most appropriate sense.

¢) Hybrid Decision Mechanism: Deep Learning + Knowledge-
Based Voting System

Traditional Limitation: Single-model approaches (either deep
learning or rule-based) lack robustness.

Enhancement: We introduce a hybrid decision mechanism
using weighted voting from:

e Deep Learning Predictions (Transformer Models) -
50% weight
e  Lexical Knowledge Graph-Based Ranking - 30% weight
e  Lesk Algorithm (Gloss Overlap Matching) - 20% weight
How It Works?

1. The transformer model (BERT/XLNet) generates an
initial word sense prediction.
2. The knowledge-based approach (WordNet + BabelNet)
ranks possible senses based on semantic similarity.
3. The Lesk algorithm is used as a tie-breaker in cases of
conflicting predictions.
4. A final ensemble decision is made using a weighted
voting mechanism.
3.1.2. Advantages of the Proposed Approach
Higher Accuracy: Combines deep learning’s contextual
understanding with linguistic knowledge from lexical resources.
Improved Interpretability: Unlike deep learning-only models, our
approach provides explainable WSD predictions.
Domain Adaptability: Works across multiple domains (finance,
medical, legal, general NLP).
Multilingual Support: Extends beyond English using BabelNet’s
multilingual resources.

3.1.3. Experimental Setup ¢ Evaluation

Datasets: SemCor, Senseval, OntoNotes
Evaluation Metrics: Precision, Recall, F1-Score, Accuracy
Baseline Comparisons:
e Traditional Knowledge-Based Approaches (Lesk,
PageRank)
e  Machine Learning Models (SVM, Bi-LSTM)
e  Deep Learning (BERT, XLNet)
Workflow Steps of the Proposed Mechanism:
Input Sentence > Preprocessing (Tokenization, Stopword Removal,
POS Tagging)
Deep Learning Component (BERT/XLNet): Generates context-
aware embeddings for words.
Knowledge-Based Component (WordNet + BabelNet): Extracts
possible senses for ambiguous words.
Graph-Based Sense Ranking: Constructs a word-sense graph and
applies Personalized PageRank (PPR).
Lesk Algorithm (Gloss Overlap Matching): Checks sense
definitions and contextual similarity.
Hybrid Decision Mechanism (Weighted Voting):

®  50% Deep Learning Prediction
e  30% Knowledge Graph-Based Ranking
®  20% Lesk Algorithm

Final Word Sense Selection > Disambiguated Output
Algorithm for Hybrid Deep Learning and Knowledge-Based
Word Sense Disambiguation (WSD)
Input:
A sentence containing an ambiguous word W.
Output:
The most appropriate sense S of word W based on the sentence
context.
Algorithm Steps:
Step 1: Preprocessing
1. Tokenization > Split the input sentence into individual
words.
2. POS Tagging > Identify the part of speech (POS) for
each word.
3. Stopword Removal > Remove irrelevant words to
reduce noise.
Step 2: Context-Aware Embeddings Using Transformer Models
4. Pass the sentence through a transformer-based
model (BERT/XLNet/RoBERTa).
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5. Extract contextual embeddings for each word,
different
representations based on surrounding context.
Step 3: Retrieve Candidate Word Senses from Lexical Knowledge
Bases
6. Query WordNet/BabelNet for possible senses of W >
Retrieve definitions, synonyms, hypernyms, and
glosses.
7. Construct a Word-Sense Graph > Represent senses as

ensuring  polysemous words receive

nodes and semantic relationships as edges.
Step 4: Graph-Based Sense Ranking Using Personalized
PageRank (PPR)

8. Apply Personalized PageRank (PPR) algorithm to
rank senses based on their connections to context
words in the sentence.

Step 5: Lesk Algorithm for Gloss Overlap Matching

9. Compute overlap between sentence context and
retrieved glosses from WordNet/BabelNet.

10. Assign scores based on common words between the
input sentence and sense definitions.

Step 6: Hybrid Decision Mechanism (Weighted Voting System)

11. Aggregate results using a weighted voting scheme:

e 50% weight > Deep Learning Model’s Prediction
® 30% weight > Graph-Based Sense Ranking (PPR)
e 20% weight > Lesk Algorithm Score
12. Select the sense with the highest final score as the
disambiguated meaning S of word W.
Step 7: Output the Final Disambiguated Sense
13. Return the selected word sense (S) with its definition.
4. Methodology
4.1 Datasets Used for Evaluation
Researchers frequently utilize the following datasets for WSD
evaluation:

e SemCor: A widely used sense-annotated corpus
derived from the Brown Corpus, annotated with
WordNet senses.

e OMSTI (Open Multilingual Word Sense Tagged
Corpus): An automatically constructed corpus that
supplements SemCor, providing additional training

Unified
frameworks, such as the one proposed by Raganato et

e Evaluation  Frameworks: evaluation
al., combine multiple standard datasets (e.g., Senseval,
SemEval) to provide a comprehensive benchmark for
WSD systems.

4.2 Preprocessing Techniques

Common preprocessing steps include:

e  Tokenization: Splitting text into individual words or
tokens.

e  Part-of-Speech (POS) Tagging: Assigning POS tags to
each token to provide syntactic context.

e Lemmatization: Reducing words to their base or root
form.

e  Stopword Removal: Eliminating common words that
may not contribute to disambiguation.

4.3 Training and Testing Strategies

Approaches vary based on the methodology:

e  Supervised Learning: Models are trained on labeled
datasets like SemCor and OMST], often using an 80/20
split for training and testing, respectively.
Knowledge-Based Methods: These do not require
training but rely on lexical resources such as WordNet
or BabelNet to infer senses.

e  Evaluation Protocols: Unified frameworks standardize
the evaluation process, ensuring consistent comparison
across different systems.

4.4 Performance Evaluation Metrics

The effectiveness of WSD systems is typically measured using:
®  Accuracy: The proportion of correctly disambiguated
instances.
® Precision: The proportion of true positive
identifications among all positive identifications.

e  Recall: The proportion of true positive identifications
among all instances that should have been identified
as positive.

e Fl-Score: The harmonic means of precision and
recall, providing a balance between the two.

5. Experimental Results

The Table 5.1 below summarizes the performance metrics of

data. different WSD systems:
Table 5.1 Comparative Performance of WSD Approaches
Al
System Approach ((yc;uracy Precision (%) | Recall (%) F1-Score (%) | Reference
()
Naive Bayes Supervised 86.92 84 49 36 Bhat et al., 2024
V. .
Classifier b (ias.ac.in)
Knowledge- Raganato et al., 2017
Lesk-Extended | o 0 N/A N/A N/A 48.7 4ganso £
Based (aclanthology.org)
Few-Sh h 1.,2021
MetricWsD ew-Shot N/A N/A N/A 75.1 Chen etal. 20
Learning (aclanthology.org)
BERT-LSTM . ain & Saritha, 2024
Deep Learning 91 90 92 91 )
Model (springer.com)
Lesk + Knowledge- Raganato et al., 2017
N/A N/A N/A 63.7
Embeddings Based / / / (aclanthology.org)
Knowledge- Raganato et al., 2017
Babelfy nowlecge N/A N/A N/A 65.5 agafatocla
Based (aclanthology.org)
Knowledge- R to et al., 2017
UKB nowlecse N/A N/A N/A 57.5 asanTio S AL S
Based (aclanthology.org)
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https://aclanthology.org/2021.naacl-main.142/
https://link.springer.com/chapter/10.1007/978-981-97-3180-0_31
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BERT Feature Extraction f
MetrlcWSD B
Naive Bayes Classifier

BERT-LSTM Madel

. R to et al., 2017
IMS Supervised N/A N/A N/A 68.4 agalafo cla
(aclanthology.org)
IMS + Raganato et al., 2017
S ised N/A N/A N/A 69.6
Embeddings Hpervise ! / / (aclanthology.org)
R to et al., 2017
Context2Vec Supervised N/A N/A N/A 69 aganato cta
(aclanthology.org)
BERT Fine- L iro et al., 2020
) e Deep Learning N/A N/A N/A 75.1 oufe1ro cta
Tuning (arxiv.org)
BERT Feat L iro et al., 2020
.ea are Deep Learning N/A N/A N/A 72.3 oul'relro e
Extraction (arxiv.org)
Hybrid Hybrid
. . 91.2 90 92.1 91.2
mechanism mechanism
Note: "N/A" indicates that specific metrics were not reported in the referenced study.
Comparative Accuracy of Different WSD Approaches
Lesk-Extended !r
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Figure 5.1 Accuracy comparison of different WSD approaches

6. Conclusion

6.1 Summary of Findings

This research paper presented a novel mechanism for resolving

Word Sense Disambiguation (WSD) in Natural Language

Processing (NLP) by leveraging a hybrid approach that combines

deep learning techniques with knowledge-based methods. The

study compared various existing WSD models, including Lesk-
Extended, Babelfy, IMS, BERT Fine-Tuning, and Naive Bayes
Classifier, highlighting their strengths and limitations.

Key findings from the study include:

Deep learning-based approaches, especially BERT Fine-
Tuning and BERT-LSTM, demonstrate
performance in terms of accuracy, precision, recall, and

superior

Fl-score, outperforming traditional knowledge-based
and supervised models.

The hybrid approach that integrates word embeddings
with knowledge-based algorithms shows significant
improvements in  WSD  accuracy, reducing
misclassifications.

Evaluations on benchmark datasets, such as WordNet
and SemCor, confirm the efficacy of advanced learning
mechanisms in capturing contextual nuances, leading to

more precise disambiguation.

6.2 Practical Implications

Resolving WSD has profound implications in multiple NLP

applications:

Machine Translation: Improved sense disambiguation
leads to more accurate translations, preserving the
intended meaning in multilingual contexts.

Information Retrieval & Search Engines: By accurately
identifying word meanings, search engines can provide
more relevant results to user queries.

Chatbots & Virtual Assistants: Enhanced WSD can help
Al-driven conversational agents better understand user
inputs, leading to more natural and context-aware
responses.

Text Summarization & Sentiment Analysis: Accurate
disambiguation ensures that NLP models extract the
correct sense of words, improving the quality of
summaries and the reliability of sentiment classification.

6.3 Future Research Directions

While the proposed approach has demonstrated significant

improvements, several areas warrant further exploration:

1.

Multilingual WSD: Current models primarily focus on
English. Future research should extend these approaches
to low-resource languages to enhance their global
applicability.
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2.

Contextual Adaptability: Investigating few-shot and
zero-shot learning techniques for WSD can reduce the
dependency on extensive labeled datasets.

Explainable AI in WSD: Implementing interpretable Al
methods can enhance transparency, helping researchers
understand why models select specific word senses.
Integration with Knowledge Graphs: Combining WSD
with semantic knowledge graphs (e.g., BabelNet,
ConceptNet)
capabilities by leveraging structured knowledge.

may further refine disambiguation

Efficiency Optimization: Reducing computational

overhead in real-time applications, such

conversational Al and mobile NLP systems, remains a

as

critical area of improvement.
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