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Abstract

In the field of Natural Language Processing (NLP), the task of text summariza-
tion holds great importance due to its ability to comprehend textual content and
generate concise summaries. Text summarization can be either extractive or ab-
stractive in nature. However, the domain of abstractive summarization for the
Urdu language remains largely unexplored. This study specifically focuses on
designing and implementing an abstractive text summarization model for Urdu
that effectively captures the semantic meanings of the original text. The primary
objective of this research is to increase the readability and understanding of the
original content by producing a concise and thorough overview of the Urdu lan-
guage that includes new words and expressions. The proposed approach generates
abstractive summaries by utilizing a multi-layer encoder architecture along with a
pre-trained multilingual mBART model. The paper shows positive outcomes for
abstractive text summarization in Urdu, achieving a BERTScore of 90%, a BLEU
score of 43%, and ROUGE scores of 80.3% for ROUGE-1, 74.3% for ROUGE-2,
and 80.3% for ROUGE-L. The study demonstrates the use of a robust multi-layer
encoder-decoder architecture to produce concise, coherent summaries in the Urdu
language, enhancing readability and comprehension and improving overall sum-

marization quality.
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Chapter 1

Introduction

1.1 Introduction

The ability of machines to carry out operations that normally require human intel-
ligence, such as learning, reasoning, problem solving, and language comprehension,
is known as artificial intelligence (AI) [1]. The ability of machines to comprehend
and communicate with human language is known as natural language process-
ing (NLP); machine learning (ML), which includes supervised, unsupervised, and
reinforcement learning; and deep learning, a subset of ML that processes enor-
mous volumes of data using intricate neural networks [2]. Additionally, robotics
integrates Al into physical machines for autonomous or semi-autonomous oper-
ations, while expert systems use rules and a knowledge base to mimic human
decision-making [3]. Lastly, computer vision enables computers to decipher vi-
sual information, which makes it easier to use applications like autonomous car
obstacle detection and facial recognition. Collectively, these Al components are
revolutionizing industries, improving technological interfaces, and holding out the

promise of major breakthroughs in a number of fields [4].

Figure 1.1 illustrates the general phases of NLP by dividing the examination of an
input sentence into discrete linguistic processing phases; this figure illustrates the
Natural Language Understanding (NLU) process. It explains how meaning and

contextual relevance are extracted from raw linguistic data (an input sentence)
1
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through a series of analyses[5].The language processing pipeline begins with the
raw text, which is usually a single sentence like ” The cat is sitting on the mat.” The
analysis and comprehension of the root form, prefixes, suffixes, and grammatical
functions of individual words within a sentence constitute the process of morpho-
logical processing. Part-of-speech (POS) tagging, tokenization, and lemmatization
are used to break the input text up into words, change the words to their base

”»on

form, and determine grammatical categories. Words like "cat,” ”is,” ”sitting,”

2

on,” "the,” and "mat” are examples of output.

Syntax analysis, a phase in grammar processing, involves examining a sentence’s
grammatical structure to ensure compliance with syntax rules and identifying the
relationships between words. It includes dependency parsing to ascertain how
terms in the phrase, such as subjects, objects, and modifiers, rely on one another
and parsing a sentence to produce a syntactic tree. Building a parse tree serves
as an illustration of this. The process of semantic analysis assigns meaning to
words and determines their context by interpreting phrase meanings according to

semantic norms.

Word Sense Disambiguation (WSD) is used to assign roles such as actor, action,
and object, and semantic role labeling is used to ascertain the right meaning of
words having multiple senses. ”"Cat” is the agent, "sitting” is the action, and
"mat” is the object, for instance.Pragmatic analysis is the process of analyzing a
sentence’s meaning based on situational context and outside information, as well
as comprehending the sentence’s context and practical consequences. It entails
addressing ambiguities, evaluating implicit meaning, and resolving references. In
a tale, for instance, the system may decide that ”"the mat” denotes a certain spot
in the room and "the cat” is a pet.Machine translation, sentiment analysis, and
conversational Al applications can all benefit from the process’s output, which
is a sentence-structured representation that contains both explicit and implicit

meanings.

Virtual assistants such as Siri, Alexa, and Google Assistant are powered by NLP,
which enables users to manage devices, create reminders, and retrieve information

using voice requests. NLP is used to translate text between languages by services
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FIGURE 1.1: General Phases of Natural Language Processing.

like Google Translate, which facilitates interlanguage communication. NLP is a
tool used by businesses to examine comments from online forums, social media, and
reviews in order to determine how the public feels about certain events, companies,
or items [6]. News articles can be sorted by topic or spam in emails thanks to
NLP algorithms’ ability to categorize text. NLP is used in systems such as IBM
Watson to interpret context and retrieve pertinent information in order to offer
accurate replies to user inquiries [7]. Search engines use NLP to better comprehend
user queries and return pertinent documents or web pages based on semantic
meaning. GPT-3 and other NLP models may produce text that appears human for
a variety of uses, such as chatbots, automated news stories, and creative writing.
Applications like customer service, transcription services, and accessibility tools
are made possible by NLP, which allows systems to convert spoken language into
text [6]. In order to help readers efficiently assimilate information, NLP techniques
are utilized to produce succinct summaries of extensive public Chatbots powered
by NLP are used by businesses to improve customer engagement and provide

prompt answers to user questions [7].

NLP-driven chatbots are used by businesses for customer support, offering prompt
answers to user questions and enhancing user engagement [4]. For applications like
search engine autocomplete and messaging apps, NLP is crucial for anticipating
the next word or phrase in a conversation. Grammarly and other tools employ
NLP to check writing for grammatical errors, style changes, and readability is-
sues. NLP helps in information extraction and organization by recognizing and
categorizing textual items, such as names, organizations, and locations [5]. Based
on user input, NLP may generate dynamic plots and character interactions for
video games and other interactive applications [4]. NLP is used by businesses
to track trends and brand mentions on social media, enabling them to react in-

stantly to consumer input. By identifying similarities in texts, NLP techniques
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can help ensure academic integrity by spotting possible plagiarism [5]. Businesses
can design user-interest-based marketing strategies by using NLP to assess con-
sumer behavior and preferences [6]. By using NLP to evaluate applications and
cover letters, employers may find qualified applicants more quickly [6]. NLP helps
lawyers evaluate legal papers by highlighting important terms, summarizing cases,

and extracting pertinent data [6].

Machines are challenged by the diverse meanings and context-dependent features
of human language; also, obtaining high-quality labeled data for NLP models can
be difficult, and biases in training data may deliberately spread [7].

In NLP, text summarization is a difficult process [7]. To make reading and search-
ing information from multiple articles easier, it uses condensed versions without
compromising significance [8]. Due to the Internet’s fast expansion. For the past
two decades, the Internet has been a fantastic source for news, articles, and book
reviews, and this tendency is only going to get stronger [7]. Textual data is rapidly
growing as a result of the overwhelming amount of data. Internet users use search
queries to find information [8]. It is nevertheless time-consuming and demanding
for the user to visit several websites in order to find the information they require
[7]. In order to avoid this headache, manage this massive amount [8]. One tech-
nique developed to extract information from an article with the least amount of
data and in the shortest amount of time is text summarization [8]. A General

Text Summarizer model, as shown in Figure 1.2, is described [9].

A text summarizing workflow is depicted in figure 1.2, where text data is pro-
cessed to identify important sentences and provide a summary[10]. The term
"data source” describes the location of textual data, which may be databases,
file systems, or online resources such as research papers or news articles. Among
the methods are APIs, web scraping tools, and database queries. Based on input
queries or requirements, the document fetch method uses file I/O operations, API
calls for online or cloud-based retrieval, and document parsers for certain formats
to obtain pertinent documents from a data source. A technique called Tokenize
Sentence divides a text into separate sentences in order to get it ready for exam-

ination. It handles any misunderstandings brought on by acronyms and works
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FIGURE 1.2: A General Text Summarizer Model.

with multilingual content by segmenting the text using NLP libraries like NLTK
and SpaCy. Preprocessing ensures consistency and eliminates noise by cleaning
and normalizing text for analysis. Lowercasing, eliminating stop words, stem-
ming/lemmatization, eliminating special characters, and managing synonyms are
all part of it. Regular expressions are used to eliminate particular patterns, and
text preparation tools such as NLTK, SpaCy, or Stanford CoreNLP are employed.
This procedure aids in eliminating punctuation, numerals, symbols, context, and
grammatical structure. According to the frequency or significance of words, can-
didate sentences can be found using the Select Top Most (Frequent Sentences)
step. Among the methods are keyword extraction, TF-IDF, and term frequency
(TF). Key keywords are found using methods like RAKE or word embeddings,
whereas common words are given less weight. Sentences are given significance
scores by the Score Sentences method according to how pertinent they are to the
topic. Semantic similarity, position-based weighting, N-gram models, the Bag of
Words (BoW), the TextRank algorithm, and the PageRank algorithm are some of
the methods. While PageRank ranks sentences, semantic similarity gauges how
similar phrases are to one another, BoW is a frequency-based scoring system, and

TextRank generates a network of sentences.

The summary uses ranking algorithms to order the phrases according to their
ratings, diversity-based selection to guarantee that a wide range of subjects are
included in the summary, and redundancy elimination to avoid too many similar
lines. The technology ensures logical flow and accessible information by merg-
ing collected sentences to create a cohesive summary. Based on subjects, user
preferences, or relevance, it provides customization choices and modifies the com-

pression ratio to maintain the desired summary length. Among the tools are



Introduction 6

post-processing methods for grammar or style enhancement and basic sentence
concatenation. Text summarizing techniques can be categorized into abstractive
and extractive approaches based on the type of summary that is generated [11].
A general text approach, as shown in Figure 1.3, is described [12]. The input
layer, the output layer, and the summarization’s goal are the three primary crite-
ria used in this figure to categorize text summarizing approaches. The input layer
is used to categorize summarization techniques. News pieces, scholarly papers,
and online pages can all benefit from a single document summary, which reduces
text while maintaining key concepts. Multi-document summarization handles re-
dundant, conflicting, and complimentary information from different sources while
synthesizing information from numerous documents. This method is employed
in a corporate context to summarize several reports or to produce relevant news
pieces. Avoiding redundancy, maintaining coherence, and combining data from

several sources are challenges.

Abstractive and extractive summarization are the two categories of summarizing
that are distinguished by the output layer. Similar to a human summary, abstrac-
tive summarization entails crafting new phrases that capture the essence of the
source material. Among the methods are transformer models, neural networks,
and Seq2Seq models. This is helpful for writing natural and concise summaries for
articles, tales, or reports. With extractive summary, the most significant sentences
or phrases are chosen from the source material without creating new material.
Among the methods are sentence scoring, clustering, TextRank and PageRank
algorithms, and TF-IDF. This is helpful for technical reports or legal papers when
maintaining the original language is essential. Summarization is carried out for
certain objectives. Answering research inquiries or summarizing papers for certain
keywords are examples of how query-based summarization is designed to address
particular queries or concentrate on particular subjects within a text. Domain-
Specific Summarization is tailored to a particular subject or sector, such as science,
medicine, law, or finance. Specialized processing and topic expertise are frequently
needed for this kind of summary. A medical summarizing tool, for instance, might
distill a research paper into conclusions that are applicable to clinical practice.

Generating overviews of books or essays or summarizing broad news stories are
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FIGURE 1.3: Text Summarization Approaches.

examples of generic summarization, which offers a general summary without con-
centrating on any particular subject or question. This kind of synopsis emphasizes

the incident, its importance, and its conclusion.

Instead of generating new terms or rephrasing content, extractive summarization
focuses on identifying and highlighting the most important sentences or phrases
directly from the original text. This approach utilizes various linguistic or statisti-
cal criteria to determine the significance of individual components within the text.
Extractive summarization essentially selects key sentences that represent the main
ideas, without altering the original wording or structure [13]. In contrast to ab-
stractive summarization, which creates summaries using newly generated phrases
or sentences, extractive summarization is concerned with the careful extraction of
relevant content from the source material. A typical architecture of an extractive
text summarization system, as illustrated in Figure 1.4, involves several stages,
such as text preprocessing, feature extraction, sentence ranking, and selection, to

ensure that the most representative and meaningful sentences are retained [14].

The phases and components of extractive text summarization are depicted in figure
1.4. Key sentences or phrases are extracted from the input content, which might
be a long document, article, or body of text.Preprocessing is an essential stage in
summarization, which entails dividing the input text into smaller chunks, such as

words or sentences, eliminating stop words, and standardizing it using techniques
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like lemmatization, stemming, or lowercasing to reduce words to their most basic

forms.

After preprocessing, the algorithm identifies sentence properties such as location,
length, and phrase frequency before extracting features from the text. Because
sentences can serve as indicators of the start or finish of a text and their weight,
these characteristics aid in determining the significance of sentences. Using algo-
rithms like TF-IDF, sentence scoring determines a word’s significance in a text
by allocating a score based on attributes that have been retrieved. Significant
words with high TF-IDF scores have greater relevance. Similarity between words
is represented by edges in graph-based algorithms such as TextRank, which regard

sentences as nodes in a graph.

The phrases that receive the highest ratings in extractive summary are the most
significant and pertinent to the main concepts of the text. The last stage in
the summary generating process is to concatenate the top-ranked sentences in a
logical manner while preserving the primary ideas of the original text. Readers
may immediately understand the major elements of the content without changing
its language because to the output summary’s conciseness and emphasis on main-
taining the original phrase. Applications in extractive summarization include legal
research, public opinion analysis, search engine optimization, meeting summaries,

online course material reduction, patient data analysis, and financial news and
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trends are included in this summary [15]. Search engine optimization, social me-
dia analysis, and document summarization for improved comprehension and recall
are also covered [16]. When extractive summarizing algorithms encounter diffi-
culties with informal vocabulary, idioms, or intricate sentence patterns, the result
may be summaries that are inconsistent or fail to capture the nuances of the source
material [17]. Algorithms may unintentionally introduce bias by overemphasizing
some parts of the text while disregarding others since they may constantly favor
particular phrase types. This may distort the synopsis and present the original
information incorrectly [18]. Long texts with primary points dispersed throughout
multiple sections can be difficult for extractive summarization to efficiently sum-
marize without leaving out important elements. Repetitive use of similar sentences
frequently results in redundancy, which can lengthen the summary and obscure
its meaning [18]. Extractive algorithms may fail to recognize important but small
differences when summarizing domain-specific materials, such as legal or medical

records, if they do not possess unique contextual knowledge [19].

Abstractive summarizing is defined as a concise and logical summary that may in-
clude material that has been condensed or altered but was not included in the orig-
inal text [20]. This method goes beyond simply selecting and extracting sentences
from the source text to produce fresh, human-like summaries by understanding
and interpreting it [21]. Abstractive summary techniques, as opposed to extrac-
tive methods, often employ deep learning models and natural language processing
to generate summaries that more imaginatively and flexibly capture the essence
of the given content [22]. Nonetheless, problems with abstractive summarizing
methods are still common and include maintaining coherence, factual accuracy,

and controlling out-of-domain information [23].

Figure 1.5 illustrates the general architecture of abstractive text summarization,
[24]. The goal of abstractive summary, as opposed to extractive summarization, is
to produce new phrases that express the same meaning. The input material can
be any long document, article, or body of text. Preprocessing is the process of
dividing the input text into smaller units for analysis, such words or sentences, and

then compiling the text into a standard format for analysis, like lemmatization,
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stemming, or lowercasing. A dense vector representation is produced by prepro-
cessing the text and then running it through an encoder. Using methods like
Word2Vec, GloVe, or contextual embeddings from models like BERT or mBART,
word embeddings turn each word into a vector. A contextual representation then
interprets the full input sequence to determine the meaning of the text.When cre-
ating a summary, an attention technique is employed to concentrate on various
sections of the supplied text. For every word in the output summary, this aids in
identifying the most pertinent words or phrases. The summary is produced by the
decoder utilizing output tokens and context to forecast the subsequent word. The
output is subjected to a softmax function, which generates a probability distribu-
tion over the vocabulary, enabling the model to choose the most likely subsequent

word.

Abstractive summarization is a method that generates new phrases that capture
the essence of the original text, rather than extracting sentences directly from
the source text. This approach involves paraphrasing, restructuring sentences,
and sometimes introducing novel words and expressions while preserving the in-
tended meaning. The core of abstractive summarization is a sequence-to-sequence
(Seq2Seq) model, typically incorporating an encoder-decoder architecture. The
decoder learns to rephrase information from the input text, and the model is
optimized to reduce discrepancies between generated and high-quality reference
summaries. This optimization is driven by loss functions like cross-entropy loss,
which penalizes incorrect predictions and enhances the model’s ability to generate

fluent, accurate summaries over time.

Training on a sizable and varied dataset greatly improves the model’s capacity
to retain contextual relevance, grammatical accuracy, and logical coherence while
capturing key concepts. As the model is exposed to a wide range of topics, writing
styles, and textual structures, it develops the ability to provide summaries that
are not only fluid but also relevant and appropriate for the context. Because of
its lengthy training, the model is better able to generalize across diverse domains
and adapt to new kinds of material. In order to evaluate abstractive summariza-

tion models, researchers use well-known evaluation metrics as BERTScore, BLEU
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(Bilingual Evaluation Understudy), and ROUGE (Recall-Oriented Understudy for

Gisting Evaluation).

ROUGE provides information on recall and accuracy by calculating the word and
phrase overlap between the generated summary and reference summaries. With
n-gram precision, BLEU, which was first created for machine translation, assesses
how similar the output text is to reference texts. By evaluating the semantic
similarity between the generated and reference summaries using contextual em-
beddings from pre-trained language models such as BERT, BERTScore provides

a more sophisticated understanding of the quality of the material.

Researchers and practitioners may assess the coherence, conciseness, and contex-
tual correctness of abstractive summarization models in a systematic manner by
combining various evaluation techniques. This guarantees that the summaries pro-
duced successfully convey the major ideas of the source material while preserving
readability and linguistic quality. Through ongoing training and assessment, these
models are able to provide summaries that are not only technically correct but also

believable and interesting to readers.

Applications of Abstractive summarization includes news articles, papers, emails,
chatbot transcripts, posts on social networks, and meeting minutes. This is called
abstractive summarization [25]. It extracts important information from lengthy
articles, making it easier to read and comprehend the major concepts without
having to read the entire text [26], and facilitates the browsing and understanding
of social networking sites such as Facebook and Twitter [27]. A thorough com-

prehension of the context in which the information is provided is necessary for
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Abstractive summarization. Without this, it’s easy to misunderstand subtleties
or underlying meanings, which might result in summaries that are inaccurate or
incomplete. There are ambiguous words or ideas in many writings that might be
interpreted in several ways [28]. To effectively summarize such material, one must
be able to determine the most pertinent interpretation given the context. When a
document covers a variety of subjects or viewpoints, a good summary must logi-
cally incorporate all of this material. It might be difficult to maintain the author’s
intended message while balancing opposing points of view. It’s crucial to maintain

the author’s original tone and approach when summarizing [29].

Trying to make technical information more approachable without compromising
the original voice presents a unique challenge. It requires striking a delicate balance
between being concise and providing sufficient detail to effectively convey the
core ideas [28]. A well-crafted summary must be both informative and efficient,
avoiding unnecessary verbosity while ensuring that critical information remains
intact. Achieving this balance involves careful consideration of what aspects of
the content are essential to preserve the intended message. Summarization is
not merely a matter of condensing text—it often involves a transformation of
knowledge. In this process, the meaning and structure of the original content must
be faithfully retained, a task that becomes particularly difficult when dealing with
specialized subjects that utilize complex terminology or discipline-specific jargon

[29].

These fields often contain nuances that are crucial for accurate interpretation,
and any misrepresentation or omission can lead to misunderstandings. Another
significant challenge in summarization is managing cognitive load. When dealing
with dense or highly technical material, readers may struggle to process informa-
tion efficiently. A well-designed summary should mitigate this issue by distilling
the most important points while presenting them in a way that is easier to grasp
[30]. However, simplifying content without losing essential meaning is not always
straightforward, as oversimplification can strip away necessary context or depth.
Additionally, summarizing content that touches on cultural, historical, or domain-

specific perspectives requires careful attention. There is a risk that crucial cultural
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nuances may be lost or misrepresented, leading to distorted viewpoints or misun-
derstandings. This challenge is particularly relevant when summarizing materials

that contain implicit cultural references or localized knowledge [31].

Finally, assessing the quality of a summary is inherently subjective. Determining
what constitutes a "good” summary can be difficult, especially since different
audiences have varying needs and expectations. A summary that is effective for
an expert audience may not be as useful for a general reader, making it essential
to tailor summaries to their intended audience while maintaining fidelity to the
source material. Establishing clear evaluation criteria is therefore a critical step

in ensuring that summaries fulfill their intended purpose effectively.

Abstractive summarization is an advanced natural language processing (NLP) task
[31] that aims to generate a concise and coherent summary by interpreting and
paraphrasing the core ideas and concepts within a document, rather than simply
extracting key sentences or phrases [32]. This approach requires a deeper under-
standing of the text, allowing the model to rephrase or generate new sentences
that preserve the original meaning in a more compact form. However, applying
abstractive summarization to languages like Arabic and Urdu presents particular

challenges due to several factors.

Both languages have highly complex and rich morphological structures, which
means that words can take many forms depending on tense, number, gender, and
case. Additionally, the diversity of dialects within Arabic and Urdu further com-
plicates the task, as models must be able to handle a wide range of linguistic
variations. Another significant challenge is the relative scarcity of digitalized lin-
guistic resources in these languages when compared to English, which limits the
availability of large-scale datasets, pre-trained models, and tools required for ef-
fective summarization. Despite these challenges, a general architecture for Arabic
and Urdu text summarization systems has been proposed, as shown in Figure 1.6,
which outlines the components and workflow necessary to handle these languages

effectively [32].
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FIGURE 1.6: General Architecture of Arabic and Urdu Text Summarization
System.

Figure 1.6 describes a whole pipeline for modeling, processing, and assessing a
dataset, most likely for an NLP task. Raw data is imported for additional pro-
cessing at the Dataset step. After that, the raw data passes through preprocessing,
which entails a number of cleaning procedures, such as eliminating duplicates and
rows with null values, filtering out undesirable characters, and deleting stop words
to eliminate common but meaningless phrases. In order to make the data more
consistent for analysis, it also goes through tokenization, which divides the text
into discrete tokens, stemming, and lemmatization, which reduces words to their
most basic forms [33]. Data representation stages are used to transform the pre-
processed data into an appropriate format. In order to achieve consistency in
model input, this entails constructing word embedding vectors that turn words

into dense numerical representations, transforming sentences to integer sequences,
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and padding these sentences to guarantee consistent length [32]. The fully repre-
sented data is divided into three distinct subsets: the training set, the validation
set, and the testing set. The training set is used to train the model, providing the
data from which the model learns patterns, relationships, and features relevant to
the task at hand. During the training process, the validation set plays a crucial
role in optimizing the model’s performance. It is used to tune hyperparameters,
adjust settings, and evaluate how well the model generalizes, helping to prevent
overfitting and ensuring that the model’s learned patterns are not specific only to

the training data [33].

Finally, the testing set is used to provide an objective and realistic assessment of
the model’s performance. It consists of data that the model has not encountered
during the training or validation phases, allowing for a true evaluation of how
well the model performs on unseen data. This rigorous separation into training,
validation, and testing subsets ensures that the model’s performance is accurately

measured and capable of generalizing to real-world scenarios.

To ensure consistent data formatting throughout, the representation procedure
is applied to each data subset. Following training, the model moves on to the
inference model stage, where it uses the test data to provide predictions [34].
The evaluation phase of the pipeline, which utilizes metrics like F-measure (to
evaluate classification accuracy), ROUGE (to quantify overlap in tasks like sum-
marization), and BLEU (to evaluate machine translation quality by comparing
produced output to reference translations), comes at the end of the pipeline [35].
The model is trained on well-preprocessed data due to this organized pipeline, and

its performance is reliably assessed using a variety of parameters [36].

Abstractive summarization in languages like Arabic and Urdu presents significant
challenges, primarily due to their inherent morphological complexity. Both lan-
guages feature rich inflectional and derivational morphology, which increases the
difficulty of accurately capturing meaning during the summarization process. Ad-
ditionally, the scarcity of available resources—such as large, high-quality parallel
corpora and pre-trained models—further complicates the development of effective

summarization models.
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Dialectal variations within these languages also add another layer of complexity,
as models need to handle diverse linguistic forms and vocabulary. Orthographic
complexities, including issues related to script variations and word segmentation,
pose additional obstacles to accurate text processing. Compared to widely studied
languages like English, where well-established evaluation metrics such as ROUGE,
BLEU, and METEOR are frequently employed to assess text generation quality,
Arabic and Urdu lack dedicated benchmarks that comprehensively capture their
unique linguistic characteristics. The morphological richness, complex syntactic
structures, and contextual dependencies of these languages make it particularly
challenging to evaluate the quality of automatically generated summaries with

existing metrics.

A significant challenge lies in the absence of standardized and language-specific
evaluation frameworks tailored to Arabic and Urdu. Unlike English, where exten-
sive research has led to the refinement of various assessment tools, these languages
require specialized approaches that can account for aspects such as inflectional di-
versity, word order variations, and semantic nuances. The lack of such dedicated
metrics not only hampers the development of high-quality summarization models
but also makes it difficult to compare the effectiveness of different approaches in

a consistent and reliable manner.

Developing robust evaluation criteria for Arabic and Urdu summarization re-
mains an open research problem. Addressing this gap would require the creation
of language-specific metrics that integrate advanced natural language processing
techniques, including semantic similarity assessments, morphological analysis, and
discourse coherence evaluation. Such advancements would enable more accurate
and meaningful assessments of summarization performance in these linguistically

rich and diverse languages.

Table 1.1 provides a summary of several text summarization studies, including
information on their methodology, datasets, assessment measures, and advantages
and disadvantages. In terms of text summary, the table lists a number of difficul-
ties unique to Arabic and Urdu languages. The impact of each difficulty on the

summarizing process is explained.
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TABLE 1.1: Comparison of Summarizing Texts in Arabic and Urdu

Challenges

Arabic

Urdu

Complex Morphology

Dialectal Variations

Data Scarcity

Ambiguity

Semantic Understanding

Resource Restrictions

Named Entity Recogni-
tion (NER)

Complex morphological struc-
ture [32].

Root and inflection-based word
building [32].

Arabic dialects that differ from
Modern Standard Arabic (MSA)
[32].

Difficult to create models [32].

Lacks extensive, high-quality an-
notated datasets [32].
Challenges for training and as-
sessing abstractive summariza-
tion algorithms [32].

Ambiguities that complicate
summarization algorithms [32].
Difficult for algorithms to gen-
erate accurate and meaningful
summaries [32].

Complicated syntax and diverse
dialects necessitate sophisticated
NLP algorithms [37].

Difficult to achieve semantic un-
derstanding [37].

Shortage of Arabic-specific lin-
guistic resources, tools, and pre-
trained models [32].

Lack of resources [32].

Exhibits spelling variances [32].
Complicates the process of iden-
tifying named entities [32].

Difficult to provide accurate
summaries [37].
Urdu’s complex morphology [37].

Regional variances and dialects
[38].

Due to these dialects, difficult to
develop a model that is applica-
ble to everyone [38].

Large, high-quality annotated
datasets are scarce [37].
Challenges for training and eval-
uating abstractive summariza-
tion models [37].

Complicated by ambiguity in dis-
course [37].

Multiple interpretations of the
same text [37].

Complexity of accurately col-
lecting and interpreting textual
meaning [38].

Difficulty of achieving semantic
comprehension [38].

Limited number of linguistic re-
sources, tools, and pre-trained
models [38].

Accurately capture the nuances
of the Urdu language [38].

Lack of standardization [37].
Uncertain word boundaries [37].
Lack of annotated data [37].
Interference from multiple lan-
guages [37].

Due to the complex morphologies of Arabic and Urdu, exact word creation and

grammatical frameworks are necessary. Arabic’s structure, which is built on roots

and inflection, makes it difficult for summarization algorithms to correctly con-

vey word meaning. Accurate summaries are also made more difficult by Urdu’s

grammatical patterns and word creation.

The distinct variances and geographical variations of Arabic and Urdu languages
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provide difficulties for summarization models. A one-size-fits-all paradigm is chal-
lenging to develop since Urdu includes regional dialects and Arabic has several
dialects. Arabic and Urdu suffer from a lack of huge, high-quality datasets that
make it difficult to train efficient models, as well as a lack of comprehensive,
high-quality annotated datasets that make it difficult to train and evaluate sum-

marization methods.

The summary process can be hampered by ambiguity in Arabic and Urdu texts
because algorithms may find it difficult to provide precise and insightful summaries
because of the various ways that the same text can be interpreted, which might
alter the intended meaning. Due to their intricate syntax and variety of dialects,
Arabic and Urdu need sophisticated NLP algorithms for semantic interpretation.
This is essential for efficient summarization and overcoming the difficulties pre-

sented by their different languages.

The efficacy of summarization systems is limited in Arabic and Urdu due to re-
source constraints. These include a lack of Arabic-specific linguistic resources,
tools, and pre-trained models, as well as a lack of methods for precisely capturing
linguistic subtleties. Arabic and Urdu have different Named Entity Recognition
(NER) challenges: Arabic spelling variances make it more difficult to identify
named things, while Urdu’s lack of standardization makes it difficult to extract
significant entities from text. Overall, these studies highlight the need for efficient
methods that can handle a variety of material and linguistic complications, re-
flecting both notable developments and continuing difficulties in the field of text

summarizing.



Chapter 2

Literature Review

2.1 Introduction

This chapter will offer a thorough and in-depth examination of the most recent and
cutting-edge research, including theoretical, experimental, and empirical investiga-
tions. The main conclusions, approaches, and ramifications of recent research will
be examined, and their importance and applicability will be critically assessed.
Furthermore, the chapter will examine the contributions of prominent research
papers on efficient administration and evaluate their influence on the state of the
field. We will focus on how these basic and developing research support or contra-
dict current beliefs and practices. To further emphasize their impact on the area,
a detailed discussion of recent developments in administration, such as creative
methods, developing frameworks, and real-world implementations, will be made.
The objective of this chapter is to present a comprehensive grasp of the topic and
its wider implications for future research and practice by combining these findings.
The design and development of abstractive text summarization will be thoroughly
examined, with a focus on languages like Urdu that have intricate scripts. A
number of important areas that are essential to the development of summariza-
tion approaches will be covered in this study, including machine learning (ML),
deep learning (DL), and extreme learning machines (ELMs). An examination of

earlier strategies and technological advancements in the field will also be part of
19
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the assessment, offering insights into their advantages and disadvantages as well
as the development of strategies to deal with the particular difficulties presented

by script languages that resemble Urdu.

A strong basis for comprehending current trends and pinpointing opportunities for
additional development and innovation in abstractive summarization systems will
be established by this thorough investigation. Abstractive text summarization will
be achieved by reviewing several machine learning and deep learning technologies
and methodologies, especially in Urdu-like script languages, such as text parsing

and segmentation [39].

In [40], Awais & Nawab (2023) introduce the UATS-23 dataset and evaluate sev-
eral techniques to address the challenges of developing models for the low-resource
Urdu language. The study aims to enhance Urdu summarization tools without
proposing a new model but highlights the effectiveness of the GRU with Attention
model in improving the quality of Urdu text summarization. Attention-based GRU
models perform well for abstractive summarization in Urdu, with the GRU with At-
tention model achieving the highest ROUGE scores (ROUGE-1 = 46.7, ROUGE-2
= 24.1, and ROUGE-L = 48.7). Conversely, transformer models like BART and
GPT-3.5 faced issues with Urdu morphological compatibility and data scarcity.
The paper addresses these challenges by providing a large Urdu dataset, establish-
ing performance baselines, and offering insights into model selection and training
for Urdu summarization.Future studies should focus on expanding dataset sizes,
developing pre-trained models specifically for Urdu, exploring domain-specific and
hybrid summarization strategies, and improving evaluation methods using seman-

tic metrics and human assessments.

In [41], Raza & Shahzad (2024) research highlights the major obstacles to abstrac-
tive Urdu text summarization, including the lack of large-scale labeled datasets,
linguistic complexity, and the complex syntactic structure of the Urdu language.
To overcome these obstacles, the researchers use a labeled dataset of 19,615 doc-
uments and suggest a transformer-based framework for creating summaries, in-
corporating an encoder-decoder architecture for abstractive summarization and

RoBERTa for contextual embeddings to improve the model’s comprehension of
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textual subtleties. The findings show that this method outperforms conventional
extractive summarization methods in generating more accurate, coherent, and flu-

ent summaries, with ROUGE-1 scores of 25.18, 12.5, and 23.27.

Despite these improvements, the study also addresses the ongoing drawbacks of ex-
isting Urdu abstractive summarization models, such as their comparatively poorer
performance when compared to their English counterparts and their reliance on

translated datasets, which can lead to inconsistencies.

To overcome these problems and increase the efficacy of Urdu text summarization,
the study recommends the creation of high-quality, comprehensive datasets, the
improvement of contextual embeddings, the use of diacritical markings to maintain

meaning, and the introduction of datasets tailored to the length of the output.

In [42], Ali Raza & Hadia Sultan (2023) introduced an LSTM-based encoder-
decoder model that was implemented in Python and TensorFlow for abstractive
summarization of Urdu text. ROUGE-1, ROUGE-2, and ROUGE-L all had av-
erage F1 scores of 0.43, 0.25, and 0.23, respectively. However, the study has
drawbacks, including its dependence on a particular news collection, the subjec-
tivity of summaries created by humans, and difficulties in handling the subtleties
of Urdu grammar. Moreover, it is not scalable and overfits, suggesting that fur-
ther study is required. Future research ought to expand datasets, integrate a range
of metrics, improve preprocessing techniques, look into complex models, address
language-specific problems, take user input into account, become multilingual, and

employ knowledge graphs.

In [43], Asif Raza (2024) presents a hybrid method for generating abstractive
summaries of Urdu text, combining extractive summarization techniques with the
BERT model. The study uses a small dataset of 50 articles from sources like
BBC Urdu and Jang News, covering topics like health, news, sports, and technol-
ogy. The study achieved varying compression rates, with extractive summaries at
38-41%, hybrid summaries at 33%, and abstractive summaries at 25%. Expert
evaluation emphasized the importance of human assessment over automated met-

rics, resulting in fluent and meaningful summaries. However, the study has several
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limitations, including a small dataset, variable summary quality, pre-training con-
straints, computational resource challenges, subjectivity, and the neglect of dialect
variations and scalability. Future research should focus on expanding datasets, de-
veloping multidocument summarization techniques, incorporating user feedback,
and enhancing performance and accessibility by leveraging transfer learning and

integrating linguistic features.

In [44], M. Asif & S. A. Raza (2022) address the inherent complexity of the Urdu
language, a research team created a sophisticated natural language processing
(NLP) model that makes use of bidirectional encoding and a semantic extractor.
To improve fluency, coherence, and semantic correctness, the model was especially
created in light of Urdu’s complex morphology, flexible word order, and contextual
dependencies. With an emphasis on tackling language issues including grammat-
ical errors, missing diacritical marks, and contextual ambiguity, the method was
evaluated on a carefully selected dataset of Urdu news articles and blogs. The bidi-
rectional encoder-decoder system at the heart of this technology efficiently extracts
contextual information from both previous and subsequent text segments, allow-
ing for a more complex and semantically rich comprehension of the language. The
summarization method is further improved by adding a semantic extractor, which

finds important terms and guarantees that important information is retained.

The bidirectional technique significantly outperformed conventional rule-based and
statistical summarizing approaches, according to performance evaluations utilizing
popular NLP metrics including recall, accuracy, F1 scores, and ROUGE scores.
These findings highlight how sophisticated methods such as bidirectional encoding
might enhance the caliber of summaries that are produced. The report does, how-
ever, also recognize a number of shortcomings that need to be fixed in order to go
forward. The robustness of the preprocessing stages is a significant difficulty since
precise text normalization, tokenization, and diacritical restoration are critical to

the overall efficacy of the model.

The performance of the model may be adversely affected by any flaws in these
preprocessing steps, especially in languages like Urdu that have intricate script

systems. The study’s very short dataset size is another significant drawback that



Literature Review 23

limits the model’s capacity to generalize well to other Urdu text domains. The
model’s resilience and adaptability to various situations may be improved by en-
larging the dataset to incorporate a greater range of text sources. Furthermore,
the model’s performance has not yet been evaluated in a wider, more varied lan-
guage context due to the absence of multilingual and cross-lingual evaluations,

which restricts the model’s use in international contexts.

Multilingual characteristics would also enable more efficient usage in multilingual
voice recognition systems and assist the model manage code-mixed text, which
is when different languages are utilized in the same sentence or document. An
further disadvantage that has been noted is the computational burden of the bidi-
rectional encoding process, which may make it difficult to scale the model to big
datasets or real-time applications. Practical implementation will require optimiz-
ing the model to increase its effectiveness and lower its computing burden. A
more thorough human review procedure that would evaluate the summaries’ qual-
itative qualities, such coherence, readability, and relevance, is also required, the
research stresses. The report offers many ideas for future research areas to get
over these restrictions. Key areas for development include adding more varied
text sources to the dataset, improving pretreatment procedures to increase the
resilience of preprocessing, and implementing reinforcement learning strategies to
improve summarization quality repeatedly. Additionally, adding multilingual and
cross-lingual characteristics might greatly boost the model’s versatility and allow it
to function well in a larger variety of languages, including ones with speech-based
input and mixed linguistic content. In [45], Nida Shafiq & Isma Hamid (2023)
propose a method for abstract text summarization in low-resource languages like
Urdu using self-attentive transformer-based models. They use a custom Urdu news
article summary dataset of 76,500 article summary pairs to demonstrate compa-
rable performance to high-resource languages. The urT5 model, developed using
multilingual transformer models, outperforms high-resource language models like
PEGASUS and BART on the dataset. Despite its small size, the model outper-
forms high-resource language models like PEGASUS and BART. However, the
urTH model has limitations, including a small dataset, potential biases, and lim-

ited applicability across low-resource languages. Future research should expand



Literature Review 24

the Urdu dataset, improve model scalability, apply the urT5 model to low-resource

languages, and address biases in pre-trained models for improved performance.

In [46], Ali Faheem & Faizad Ullah (2024) discuss the challenges in multimodal
summarization for low-resource languages like Urdu, recommending the develop-
ment of diverse, high-quality datasets like UrduMASD. The UrduMASD dataset
uses pre-trained multilingual models to improve performance in low-resource lan-
guages like Urdu, improving ROUGE scores by 2.6%. The paper explores multi-
modal abstractive summarization using the UrduMASD dataset, comparing text-

only models, text and visual data models, and multimodal fusion models.

The study demonstrates that incorporating visual data into multimodal summa-
rization improves ROUGE scores by 2.6%, outperforming existing datasets in
terms of abstractivity, compression, and coherence. However, the study identifies
several limitations, including limited diversity in the dataset, transcription errors,
challenges related to code-switching, and potential pretraining requirements. Fu-
ture research should focus on expanding datasets, enhancing automatic speech

recognition systems, optimizing models, and exploring real-world applications.

2.2 Comparative Analysis and Survey of Exist-

ing Techniques

A comprehensive comparison will be conducted between the proposed summary
technique and existing Urdu abstractive text summarization systems documented
in the literature. This analysis aims to highlight the unique strengths, potential
limitations, and distinguishing features of the proposed approach in contrast to

current methodologies.

The comparative study will focus on multiple critical dimensions, including the
underlying summarization techniques, the diversity and size of training and eval-
uation datasets, and key linguistic factors that influence summary quality. Specif-

ically, it will examine challenges unique to the Urdu language, such as its complex
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TABLE 2.1: Comparison between different Techniques for Abstractive Urdu
Summarization (Part 1)

Authors & Methodology Dataset Evaluation  Merits & Demerits

Year & Technique Metrics

Kuan-Yu RNN Language CNN/Daily ROUGE met- Not statistically sig-

Chen, 2024 model Mail, DUC, ric nificant.

[47] TAC (news Performs better than
articles) existing methods.

Ramesh Nal- Attention CNN/Daily ROUGE met- Produces consistent

lapati, 2019 mechanisms, Mail, Gigaword, ric results.

[48] Sequence-to- DUC  (various Offers comprehensive

sequence domains) techniques.

Peter J. Liu, Pointer gener- CNN/Daily Mail ROUGE-1, Repetition was pre-

2022 [[49]] ator, Conven- (news articles)  ROUGE-2, vented.

tional attention- ROUGE-L, Restrictions were im-
based seq2seq BLEU posed on coining new
phrases.

Sebastian Content selector CNN/Daily ROUGE, Enhances text com-

Gehrmann, Mail, Gigaword, F-measure pression.

2023 [50] XSum, PubMed Selects essential
(research pa- phrases for extractive
pers) summary.

Optimizes content se-
lection for abstractive
summarization.

Rishabh Latent Semantic DUC, CNN/- Precision, Uses feature-based ap-

Katna, 2023 Analysis (LSA), Daily Mail, Recall, F- proaches.

[51] Feature-based Gigaword, measure Targets specific audi-

approach PubMed ence.

Chenguang Hierarchical AMI Corpus, ROUGE met- Rewritten text shows

Zhu, 2023 Network, Cross- ICSI  Meeting ric better results than

[52] Domain Pre- Recorder, MMD earlier methods.

training Corpus, Dy- Document  contains
GIE++ Corpus multiple transcripts,
(meeting  tran- one for each speaker.
scripts)

Jinge  Yao, Joint summary Multi-News, ROUGE met- Complicated morphol-

2023 [53] generation TAC Multi- ric ogy of the Urdu lan-
lingual Sum- guage.
marization, Scarce resources avail-
XSum, Wiki, able for the language.
Multilingual-LS

Ammar Mo- Statistical- TAC Arabic Precision, Complex task due to

hammed, Based methods, Summarization  Recall, F- the language’s com-

2023 [54] Using machine Corpus measure plexity and unique lin-

learning guistic components.
Understanding Arabic
text summarizing ap-
proaches is crucial for
effective research.

Aziz K-Medoid clus- AMDS (domain- ROUGE met- Improves productivity

Qaroush, tering specific corpus)  ric and effectiveness in

2023 [55] text summarization.

Evaluation metrics

play a crucial role.
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TABLE 2.2: Comparison between different Techniques for Abstractive Urdu

Summarization (Part 2)

Authors & Methodology Dataset Evaluation = Merits & Demerits
Year & Technique Metrics
Asmaa  El- Transformer DUC, CNN/- ROUGE-1, Using modern deep
said, 2024 encoder-decoder Daily Mail, ROUGE-2, learning  algorithms
[56] network Gigaword, ROUGE-L, demands  significant
PubMed BLEU memory  processing
capacity.
Large-scale or
resource-constrained
projects are challeng-
ing to complete.
Hassan Raza, Neural network DUC, CNN/- ROUGE met- Lack of information on
2023 [57] architecture, Daily Mail ric the dataset.
Attention mech- Needs better evalua-
anisms tion measures for sum-
maries.
Muhammad  Transformer- DUC, CNN/- ROUGE-], Model’s effective-
Awais, 2023 based encoder- Daily Mail ROUGE-2, ness depends on the
[58] decoder model ROUGE-L, dataset’s size and
BLEU variety.
Encoder-decoder
method is suitable for
Abstractive summa-
rization.
Raghav Jain, Reward  func- SEPS, SEPS-AS ROUGE met- Method outperforms
2023 [59] tion, Word ric existing approaches in
Mover Distance biomedical text sum-
(WMD), WMD- marizing.
based reward Limited applicability
function to other domains or
languages.
Dawood Bio-semantic PubMed, PMC- ROUGE met- Improves biomedical
Ashraf Khan, models OAS ric text  summarization
2022 [60] by maintaining text

semantics.

Not transferable to
other domains outside
the biomedical sector.

syntactic structures, rich morphological variations, and the presence of multiple

dialects, all of which can significantly impact the performance of abstractive sum-

marization models.

In order to assess the effectiveness of the proposed approach, the study will employ

standard performance evaluation metrics, including ROUGE scores, BLEU scores,

and other relevant assessment measures. These metrics will provide a quantitative
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basis for determining the quality of the generated summaries relative to state-of-

the-art summarization techniques.

By systematically comparing the performance of the proposed method with cutting-
edge approaches, the study will offer valuable insights into areas where the system
excels as well as aspects that may require further refinement. This rigorous evalua-
tion will contribute to a deeper understanding of the advantages and shortcomings
of the proposed methodology, facilitating future enhancements that could optimize

its applicability for real-world Urdu text summarization tasks.

Table 2.1 provides a summary of several text summarization studies, including
information on their methodology, datasets, assessment measures, and advantages
and disadvantages. Among the methodologies are neural networks (RNNs, trans-

formers), attention mechanisms, and statistical techniques.

The datasets range from Gigaword and CNN /Daily Mail to specialized collections
like the Arabic Summarization Corpus and PubMed. In addition to precision,
recall, and F-measure, the majority of research use ROUGE metrics. While the
drawbacks include high computational requirements, a lack of dataset informa-
tion, and difficulties applying the model across various languages and domains,
the advantages are enhanced performance over current approaches, consistency,
and handling of complex languages or specialized domains. Overall, these stud-
ies highlight the need for efficient methods that can handle a variety of material
and linguistic complications, reflecting both notable developments and continuing

difficulties in the field of text summarizing.

2.3 Identified Research Gaps

Although the Abstractive Urdu text summary approach rephrases content logically
to extract important information from the original source [61], it is vital to address
ignored semantic concerns in the base paper [12]. The suggested model has yielded

better and more advantageous outcomes by resolving these problems.
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The study’s main goal is to use an Abstractive text summarizing model with
a semantic extractor to enhance the readability and general comprehension of
summaries written for the Urdu language. In addition to improving readability,

this will extract the semantic meaning of the text.

2.4 Problem Statement

Previous studies on Urdu abstractive text summarization have made significant
progress towards producing concise and coherent summaries [47]. However, there
is a significant gap in capturing and maintaining the semantics of the original
text [51]. The underlying semantics of Urdu text were not successfully extracted
and reflected by previously suggested methodologies. It produces inconsistent,

ambiguous statements that lack sufficient accuracy as well as clarity.

2.5 Research Questions

By implementing the proposed system, the following queries will be answered:
1. Can semantic extraction improve performance of abstractive urdu text sum-
marization?

2. How can the design of the encoder-decoder architecture be optimized to

improve the performance of abstractive text summarization in Urdu?

3. How does the integration of semantic extractors within the model pipeline

enhance the quality of the generated summaries?

2.6 Objectives of the Research

The first suggestion for abstracting English text summarization using deep learning

techniques was made in 2015 [62]. The main goal of this study is:
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e Explore the algorithms (e.g. neural networks, attention mechanisms, etc.)
that are used by the model to capture semantic information and their effec-

tiveness in producing meaningful summaries.

e Optimize the encoder-decoder architecture for Abstractive text summariza-
tion in Urdu by implementing attention mechanisms or pretrained language

models.

e Evaluate the overall impact of integrating semantic extractors on the result-

ing summaries in terms of coherence, and relevance.



Chapter 3

Research Methodology

3.1 Introduction

In NLP, automated text summarizing has become more popular as a way to distill
long texts into brief summaries [1]. By combining and summarizing information,
abstractive processes provide flexibility in contrast to traditional methods, which
are mostly extractive [52]. However, these methods are not often applied to lan-
guages like Urdu that have complicated morphology and semantics [62]. This
paper presents a novel approach to Abstractive text summarization in Urdu using

several encoders, a semantic extractor in deep learning, and a single decoder.

3.2 Proposed Research Methodology

A multi-step research strategy was used in order to thoroughly explore the study
subject and offer answers to the research questions listed in Section 2.5. In order
to guarantee comprehensive investigation and analysis, this method was created
to methodically address every facet of the study. Figure 3.1 shows the research
approach’s systematic growth, highlighting the connections between each step,
which begins with the literature review and progresses through data collection,

model creation, experimentation, and validation. Every stage builds on the one
30
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FiGure 3.1: Research Methodology

before it, guaranteeing a coherent and rational flow that directly tackles the study
topic and the particular issues brought up in the research questions. The key
actions and techniques required in carrying out the research are highlighted in the
following descriptions of the several stages that make up the architecture of the

research methodology.

Figure 3.1 illustrates the architecture of research methodology. The Introduction
and Background section provides a brief overview of the topic’s history, discusses
the idea of text summarization, and distinguishes between expressive and abstrac-
tive forms. They also outline the investigation’s scope and goal. The section on
"Problem Statement” highlights the primary issues and challenges with the text
outlining strategies already in use, emphasizing their flaws and gaps in perfor-
mance, accuracy, and efficiency, and illustrating the necessity of finding solutions.
Objectives With a focus on enhancing text summarizing models, boosting the
coherence and accuracy of summarized texts, contrasting with existing methods,
and validating with pertinent metrics, the objectives are clearly articulated.The

section on literature reviews earlier research and text summarizing techniques.

To set the stage for the development of new models, it highlights the benefits
and drawbacks of various algorithms and approaches, reviews significant papers,
and discusses them. In order to ensure accurate model evaluation, preprocessing
methods, source identification, dataset splitting, and other steps involved in gath-
ering and getting ready data for training and testing the summarization models

are described. The methodologies and approaches for developing and evaluating
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text summarizing models are described, providing a comprehensive basis for the
study. These include model selection, training, assessment metrics, and baseline
comparison. The findings of many models and analyses are presented in the results
and experiments section, along with experimental configurations and settings. It
uses statistical tools to compare outcomes with baseline models in order to verify
significance. Discussions of the results and consequences focus on their relevance,
comparisons with other research, advantages and disadvantages of the suggested

models, and recommendations for improvement.

In conclusion Outlining key findings, highlighting contributions to the field, and
offering ideas for future research areas, an overview of the study’s findings and
contributions is given.A comprehensive list of all the sources utilized in the research
is put together using a standard citation format. Books, journals, research papers,

and other relevant resources are included in this list.

The proposed architecture is composed of multiple components.The entire sum-
mary process is built around the input text, which consists of Urdu papers or
articles. A critical stage in text analysis is preprocessing, which includes man-
aging punctuation, normalization, and tokenization. Normalization standardizes
format, tokenization divides text into manageable chunks, and punctuation man-
agement adds readability and clarity to sentences. This procedure makes sure
that the material is legible and easily understood. Feature extraction, which may
include sentence scoring and key phrase extraction, is the process of removing im-
portant words or phrases from a text. Assigning weights to sentences according
to their significance and identifying the substance of the text depend heavily on

these procedures.

The most important lines from the feature extraction stage are chosen as a first
step in the extractive summary creation process, which is before the final abstrac-
tive summary is created. The suggested approach employs a multi-layer encoder-
decoder paradigm to generate abstractive summaries. While the decoder creates
the summary, the encoder interprets the incoming text. While the decoder para-

phrases the original information, the encoder records the semantic meaning. To



Research Methodology 33

- Add Punctuation -
s + '§ TF-IDF Post-Processing
Input —_— § Sentence Tokenization > ‘o v
Urdu g 3 § Sentence | > Extractive —> Add Punctuation
o
L & £ selection Summary
& Punctuation Removal H
fr
Final Extractive
Summary
0 l
2z Punctuation Removal —— ey
— Decoder
Training Set ——>| § ']’ Training Model
e Word Tokenization Model
: |
-
Abstractive
Summary
Evaluation

FI1GURE 3.2: Proposed Architecture for Abstractive Urdu text summarization
methodology.

guarantee coherence and relevance in the output, an attention mechanism is used

to concentrate on pertinent portions of the input text.

In order to effectively paraphrase the information while maintaining its meaning,
the framework creates an abstractive summary, which is a condensed version of the
original text that may contain new words and sentences. In order to compare the
quality and relevance of the summary to reference summaries, the model’s perfor-
mance is evaluated using metrics such as ROUGE, BLEU, and BERTScore.The
framework could have a feedback loop where assessment findings inform model
improvements, encouraging an iterative process of ongoing summarization quality

improvement.The suggested methodology’s framework is shown in Figure 3.2.

3.2.1 Pre-Processing

Any NLP task usually starts with text preprocessing [63]. Many open-source
programs are available for the English language [64]. When it comes to Pashto,
Persian, Arabic, and other closely related languages like Urdu, it is still exceedingly

difficult [65]. For the Urdu language, there are a number of e-libraries available,
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but preprocessing still needs a lot of effort because of their poor accuracy [66].
Punctuation marks clarify sentence meanings, enhancing readability and under-
standing [67]. In Urdu text, absence of punctuation can cause ambiguity. Proper
punctuation improves readability for humans and machines [68] , as shown in Fig-
ure 4.3. The function of punctuation in Urdu phrases and its importance in relation
to text summarization and Natural Language Processing (NLP) are the subjects
of Figure 4.3. In Urdu texts, punctuation is essential for readability, clarity, and
meaning. It aids in defining the structure of sentences by highlighting pauses and
connections. Sentences that are punctuated correctly may be interpreted differ-
ently. Readability is also improved by proper punctuation, which enables readers
to assimilate information more quickly. Because readability influences how well
NLP models perform on tasks like sentiment analysis, translation, and summariza-
tion, it is very important. For feature extraction, sentence boundary recognition,
and text structure understanding, punctuation is crucial in machine learning and
natural language processing (NLP). Tokenization, text segmentation into words or
phrases, and the creation of logical summaries all depend on proper punctuation.
Significant preprocessing difficulties exist, particularly for tasks like tokenization
and in languages like Urdu. In languages with extensive morphology and syntax,
such as Urdu, punctuation greatly minimizes ambiguity in unpunctuated writ-
ing. The way a comma is placed can drastically alter how a statement is under-
stood. Particularly for low-resource languages like Urdu, punctuation improves
readability, clarity, and the efficiency of machine learning models in processing

and comprehending text.

Tokenization is one of the most important phases in the prior treatment [69].
Tokenization is the process of dividing a text, whether it be a sentence, phrase,
paragraph, or the entire document, into distinct or unique terms [70], as shown
in Figure 3.4. A critical stage in text summarization and NLP activities is the
tokenization of Urdu sentences, as shown in Figure 4.4. In the field of Urdu NLP,
tokenization is an essential procedure. It entails breaking a text up into separate
parts, such words and phrases, in order to determine its start and finish. Because of
Urdu’s intricate script and morphology, which may make it challenging to recognize

word boundaries without obvious marks, this is particularly crucial. In addition
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FIGURE 3.4: Tokenization of Urdu Sentence.

to making text processing easier, tokenization improves the effectiveness of NLP
models’ text analysis. Through the division of the text into uniform pieces, it aids

in standardizing spelling, dialects, and informal use variances in Urdu.

Tokenization plays a crucial role in the interpretation and understanding of text by
preserving the word order, which is vital for grasping its underlying structure and
semantics [71]. Proper tokenization is an essential preprocessing step in natural
language processing (NLP), as it divides raw text into smaller, meaningful units
that can be more easily analyzed and processed by computational models. The

tokenization process generally unfolds in two main stages.

In the first stage, lengthy and complex utterances are broken down into smaller,

more manageable units, such as individual sentences and words [72]. This step
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is crucial for ensuring that the text is segmented in a way that aligns with the
natural linguistic structure, making it easier for subsequent stages of processing

to operate effectively.

The second stage of tokenization focuses on breaking down phrases into discrete el-
ements by identifying specific linguistic markers, such as sentence and word bound-
aries, punctuation marks, and other delimiters [73]. These markers serve to clearly
define the boundaries between words and phrases, ensuring that the text is seg-
mented in a way that retains its intended meaning, structure, and coherence. This
segmentation is fundamental for downstream tasks like parsing, part-of-speech
tagging, and machine translation, where understanding the relationship between

individual tokens is critical for accurate analysis and interpretation.

The beginning and ending points of words are determined based on these word
boundaries, which are established through the tokenization process [93]. Addi-
tionally, punctuation marks, such as question marks (?), exclamation points (!),
and full stops (./-), serve as paragraph separators, further aiding in segmenting
the text into logical and meaningful units [74]. These tokenization steps are es-
sential for preprocessing text, enabling accurate parsing and analysis for further

computational tasks.

These tokenized sentences serve as the foundational units for subsequent text
processing steps, one of the most important of which is punctuation removal.
Punctuation marks, while important for human comprehension, often introduce
unnecessary complexity for computational models, which can distract from the
core content of the text. By eliminating punctuation, the focus shifts entirely to the
primary linguistic elements, allowing language models to more effectively capture
word semantics and underlying linguistic patterns [75]. This normalization step
ensures that the text is represented in a more uniform way, reducing the variability
caused by different punctuation marks and allowing the model to prioritize the

meaningful syntactic and semantic relationships between words and phrases.

Furthermore, punctuation removal contributes to improving the consistency of

textual representation, creating a cleaner input for models to process. This step
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is especially important in tasks such as machine translation, text generation, and
sentiment analysis, where clarity in word relationships is crucial for accurate pre-
dictions. Additionally, removing punctuation can also enhance the overall read-
ability of the text. By streamlining the content, it allows both human readers
and computational models to focus on the most relevant information, reducing
distractions caused by non-essential marks and improving the ease with which the

text is interpreted [76].

3.2.2 Extractive Summary

Once the pre-initialization procedure is completed, the relevant properties of the
text are extracted. Extractive summarization is the technique of selecting key
words, sentences, or phrases from the original text based on a predefined criterion
or standard. This method involves identifying the most informative portions of
the text that accurately capture its essence. The result is a concise summary that
preserves the original meaning, while omitting less significant details, ensuring
that the core ideas are effectively conveyed [77]. By focusing on crucial elements,
extractive summarization aids in creating summaries that are both comprehensive

and faithful to the original content.

3.2.2.1 Sentence Weight Algorithm

After preprocessing, the text is prepared for the next critical step in the summa-
rization process: feature extraction. In extractive summarization, relevant phrases
and sentences are selected based on a range of feature sets designed to capture the
essential ideas and meaning of the original content [78]. This stage involves care-
fully identifying key sentences and phrases that best represent the core message of
the document, ensuring that the generated summary reflects the most important

information without introducing redundancy.

Each source phrase is assigned a weight, which indicates its significance within

the context of the document. The weight is determined by various factors such as
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keyword frequency, sentence position, syntactic structure, and semantic relevance.
Sentences containing phrases with higher weights are ranked more highly in the
summary generation process [79]. This weighted ranking ensures that the most
important and informative parts of the text are prioritized in the final extractive
summary, helping to produce a concise yet comprehensive representation of the

original content.

The weight assignment is typically determined using sentence weight algorithms,
which are statistical methods designed to evaluate the relevance of individual
phrases and sentences in relation to the overall document. These algorithms as-
sess the significance of each sentence based on various factors, such as frequency
of important keywords, sentence position, and syntactic structure. One common
approach to sentence weighting is to measure the proportion of substantive (mean-
ingful) words to the total number of words in the sentence. Sentences that contain
a higher percentage of substantive words—such as nouns, verbs, and adjectives
that carry more meaning—are given higher weights, indicating their importance
for inclusion in the final summary [80]. This method ensures that the extrac-
tive summary remains concise while retaining the most relevant and informative

content.

According to Eq. (1), let W = L1, L2, L3,... LN represent the given Urdu source
text, where n stands for the total number of sentences and Li for a single phrase
[81]. A token is created for each word, as seen in figure 4.5. The weight w of each

phrase Li is computed using the following formula [82]:

_ Number of Filtered Words in L;
‘" Total Number of Words in L;

(3.1)

3.2.2.2 Word Frequency Algorithm

An other popular statistical method for assessing a term’s significance inside a
text is Term Frequency-Inverse text Frequency (TF-IDF), which offers important

information about which phrases are most pertinent. The method determines each
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FIGURE 3.5: Sentence Scoring.

term’s weight by taking into account two factors: the term’s frequency inside a
particular document (Term Frequency, or TF) and its inverse frequency, or Inverse
Document Frequency, or IDF, across all documents in the corpus [83]. More
attention is given to terms that appear often in one document but infrequently in
others since a term’s weight rises with its frequency in the document and falls if

it appears frequently in multiple papers.

This guarantees that terms that are more distinctive and document-specific are
given greater weight. The study of token occurrences in the text [84] is visualized
in Figure 3.6, which helps to highlight the most unique phrases by differentiating
between those that are less prevalent in the larger corpus and those that occur

often inside the document.

Suppose w to be wordl, word2,... wordn. The total number of words in the

document is Wn, and according to Eq. (2), this is the total number of words.

TF = (3.2)

W
W,

Compute the total number of credentials Dn by the document frequency Df to get
the IDF [85], as shown by Equations (3) and (4).

TF = log @_Z) (3.3)
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FIGURE 3.6: Selected Sentences.
TF-IDF = TF x IDF (3.4)

The Term Frequency-Inverse text Frequency (TF-IDF) value of each token may be
used to analyze the relevance of a word inside a text. By taking into account how
frequently a word occurs inside a document in comparison to how often it occurs
throughout the whole dataset, this statistical measure aids in identifying the most
significant terms in a text. Sentences are arranged according to their values in
ascending order following the computation of the TF-IDF scores. Choosing phrases
with high TF-IDF scores is essential for producing an extensive and educational
summary [86], as shown in Figure 3.7, since higher TF-IDF values signal more

relevance.

The most pertinent and distinctive information from the original text is preserved
in the extracted material thanks to this method. In order for the model to produce
an abstractive summary, it must first go through a training phase in which it learns
to produce meaningful and cogent summaries instead of just extracting important
sentences. Figure 3.8 shows the full training and assessment procedure, showing
how the transformer-based model is trained on a structured dataset and then
evaluated using test data that has not been seen to ascertain its generalization

capabilities.

Figure 3.8 illustrates the workflow of a summarization model. A collection of
documents and their accompanying summaries are displayed in the "DATASET”
part of the Dataset Preparation section. The model will use this dataset to identify

patterns for summarization since it offers the source texts together with the desired
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FIGURE 3.7: Extractive Summary
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FI1GURE 3.8: Process of Training and Evaluation.

summaries. Train Data and Test Data are the two sections of the dataset. The
model is trained using training data. The transformer model will learn from these
texts and their summaries. The purpose of test data is to assess the model’s
performance following training. The model’s ability to produce correct summaries
from unseen documents is tested using the test data’s summaries.In the training
phase, the arrow from ”Train Data” to ” Transformers” is used. In this phase, the

transformer model examines patterns in the training data to learn how to map
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documents to summaries. This entails fine-tuning the internal parameters of the
model to provide summaries that closely match those seen in the training dataset.
In the evaluation phase, the arrow from ”Test Data” to ” Transformers” illustrates
how the model’s performance is assessed using unseen test data after it has been
trained. Once the model has undergone the training process, it is tested on new,
previously unseen data to determine its ability to generalize and generate accurate,
relevant summaries. The purpose is for the model to perform well on unfamiliar
texts, demonstrating its robustness and adaptability to diverse input data. The
output produced from the ” Transformers” block is referred to as "SUMMARIES,”

which represents the model’s final generated text after processing the input data.

These ?SUMMARIES” are evaluated to determine how effectively the transformer-
based model has learned from the training data. The effectiveness of the model
is assessed by examining the quality, coherence, and relevance of the generated
summaries, focusing on whether the summaries faithfully capture the main points

and essential information of the original text.

In this context, the "TRANSFORMERS” block refers to a transformer-based
model, such as BERT, GPT, T5, or similar architectures, which are central com-
ponents in the summarization process. Transformers are a class of powerful neural
network architectures that have revolutionized various natural language process-
ing (NLP) tasks, including text summarization. Their ability to capture intricate
linguistic patterns, semantic meanings, and contextual relationships within the
text makes them highly suitable for generating coherent and contextually rele-
vant summaries. As a result, transformer models are widely used in NLP tasks,
where understanding the subtleties of language is crucial to producing high-quality

outputs.

3.2.3 Abstractive Summary

In this study, we employ an encoder-decoder architectural structure for abstractive
text summarization. Unlike conventional approaches that rely on a single-layer en-

coder, the proposed technique utilizes a multi-layer encoder to enhance the model’s



Research Methodology 43

ability to capture complex linguistic patterns and contextual dependencies. In or-
der to provide a consistent representation of words throughout the summarization
process, the embedding layer is present in both the encoder and the decoder. For-
mally speaking, let w stand for a word (or token), E(w) for its matching embedding
vector, and d for the size of the embedding space [87]. The decoder uses the con-
textualized representation of the input text that the encoder created using these
embeddings to create an abstractive summary that is well-structured. In order
to improve the model’s ability to manage intricate sentence patterns, long-range
relationships, and linguistic variances in Urdu text summarization, a multi-layer

encoder is incorporated into the suggested method.

E(w) € R? (3.5)

In the model, the encoder is composed of multiple transformer layers, while the
decoder utilizes a single transformer layer. The encoder consists of a stack of sev-
eral transformer layers, typically ranging from 6 to 12 layers, depending on the
complexity and scale of the model [88]. Each of these layers performs specific func-
tions and contributes to the overall ability of the model to process and represent

the input sequence.

These stacked transformer layers are responsible for processing the input data
using self-attention mechanisms, which are central to the transformer’s ability
to capture complex relationships, patterns, and dependencies within the input
sequence. The self-attention mechanism is what allows the model to weigh the
importance of each word in the sequence relative to all other words, enabling it to
dynamically adjust the focus of attention as it processes the sequence. This means
that each word can "attend” to every other word, regardless of their distance
from each other in the sequence. This is in contrast to traditional models like
recurrent neural networks (RNNs), which process the sequence word by word and

can struggle to capture long-range dependencies.

By leveraging self-attention, the model can understand the context and semantic

meaning of each word in relation to the entire sentence. It can recognize subtle
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nuances in meaning that depend on the surrounding words, allowing it to grasp
the full meaning of the sentence or document. This contextual understanding
is preserved even when the words are far apart in the sentence, making trans-
formers particularly powerful for tasks that require deep comprehension, such as
text summarization, machine translation, and question answering. The flexibility
of self-attention also allows the model to process words in parallel, significantly

improving efficiency and enabling the handling of long sequences of text.

The vertical stacking depicted in Figure 3.9 illustrates the presence of multiple hid-
den levels within the encoder, with each level corresponding to a distinct trans-
former layer. In this architecture, each transformer layer operates sequentially,
processing the input data in a hierarchical manner. After a layer processes its
input, the output is passed on to the layer above it. This allows each subsequent
layer to refine and enhance the model’s understanding of the input by building

upon the representations generated by the previous layer.

To capture complex language patterns and nuanced connections within the input
sequence, hierarchical data processing is essential. The input data is gradually
transformed and refined by each encoder layer, enabling the model to create more
complex and abstract representations of the underlying text. The model learns
to identify not only the explicit meanings of individual words or tokens but also
the intricate relationships and contextual interactions that occur between them as
the data moves through many levels. Each word or token has been transformed
into a highly sophisticated, contextually aware representation by the time the data

reaches the encoder’s last layer.

The model is able to identify meanings that go beyond superficial interpreta-
tions because of this high-level transformation, which captures the text’s syntactic
and semantic subtleties. The model achieves a richer understanding of language
through this multi-layered approach, which enables it to digest complex phrase
patterns, clear up ambiguities, and more accurately infer contextual linkages. In
the end, this hierarchical encoding technique enables the model to comprehend
not just discrete language components but also their more comprehensive mean-

ing within a phrase, paragraph, or article.
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The successive layers help the model gradually build a more comprehensive un-
derstanding of the sentence, allowing it to capture long-range dependencies and
subtle semantic relationships. This deep, layered understanding is essential for
tasks like text summarization or machine translation, where the overall meaning
of the input needs to be preserved in the output. Once the final transformer layer
in the encoder has processed the data, the refined representation is passed on
to the next stage of processing, which may involve a decoder for generating the

output, such as in tasks like sequence generation or translation.

For a given input x, a single multi-head attention layer computes the following: Q,
K, and V are linear transformations of the input x, and d k is the dimensionality

of the key vectors [89)].

Attention(Q, K, V) ft (QKT) V (3.6)
ention(Q), K, V) = softmax .
Vg

FFN(z) = max(0, zW; + b)) W5 + by (3.7)

The input from the embedding layer is processed by a single transformer layer in
the decoder, which then produces the output sequence [90]. Additionally, a hidden
multi-head attention mechanism built into the decoder guarantees that predictions
for a given token rely completely on the tokens that have come before it,as shown

in figure 3.9.

The attention mechanism plays a key role in determining which hidden states, or
more specifically, which segments of the encoder’s output, the decoder should fo-
cus on in order to generate each word in the output sequence [91]. This allows the
model to dynamically allocate attention to different parts of the input sequence
based on their relevance to the current output word being generated. Rather than
processing the entire input sequence equally, the attention mechanism enables the
model to focus more on the parts of the input that are most important for pro-
ducing the next word in the output [92]. The dot product provides a measure

of similarity between the encoder’s hidden states and the decoder’s current state,
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FI1GURE 3.9: Multilayer Encoder Abstractive Urdu Text Summarization.

with higher values indicating a stronger relationship between the two. These at-
tention scores are then normalized, typically using a softmax function, to produce
attention weights that sum to 1, representing the relative importance of each en-

coder hidden state for generating the current output word.

ap = SOftmaX(h?eCOder . hencoder) (38)

By leveraging the attention mechanism, the decoder is able to selectively attend
to different parts of the input, enabling it to generate more accurate and contex-
tually relevant output, especially in tasks like machine translation, text summa-
rization, or sequence generation. The encoder’s hidden states are added together

and weighted to determine the context vector [93].

= Z Oéthencoder (39)
t

In the suggested model, the next word in the summary is predicted using a soft-
max function based on the context vector and hidden state of the decoder [94].
By calculating the probability distribution throughout the vocabulary, the soft-

max layer makes sure that the most pertinent word is chosen at every stage of the
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decoding process. This approach dynamically modifies word selection depending
on previously generated tokens, enabling the model to provide summaries that
are both fluent and contextually relevant. The proposed method ensures that
Natural Language Processing (NLP) analysts and specialists get useful informa-
tion when working on different sequence-to-sequence (seq2seq) tasks, including
question-answering systems, machine translation, and text summarization [95].
The increased vocabulary distribution layer is an essential part of abstractive
summarization models since it increases the resulting text’s correctness, coher-
ence, and relevance. A multilingual variant of the BART (Bidirectional and Auto-
Regressive Transformers) model is called the mBART model [96]. It combines
the benefits of pre-trained sequence-to-sequence models with the ability to handle
many languages [97], making it helpful for tasks like translation, summarization,

and paraphrase in a multilingual setting.

Figure 3.13 illustrates the working of the mBART architecture [12], where tokens
are smaller units derived from the input text. Tokenizers, most frequently subword
tokenizers like Byte Pair Encoding (BPE) or WordPiece, are used for this purpose.
Tokenization breaks up text into smaller, more manageable chunks, allowing the
model to process and understand a broader range of languages and uncommon

words, as shown in Figure 3.10.

After tokenization, a dense vector representation (embedding) is assigned to each
token ID. Using token embeddings, each token is converted into a numerical repre-
sentation. The token embedding for each token is shown in Figure 3.11. Using the
BART (Bidirectional and Auto-Regressive Transformers) architecture for abstrac-
tive text summarization, Figure 4.11 illustrates the token embedding procedure.
This figure is crucial in understanding how individual tokens from the input text
are transformed into numerical representations that the model can process. The
process begins with individual words or subwords from the source text, which serve
as input tokens. Before the text can be processed, it must first be tokenized. Each
input token is mapped to a high-dimensional space by the token embedding layer,
transforming it into a dense vector representation. This transformation enables

the model to understand context by capturing word relationships and semantic
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meanings. The embedding layer utilizes an embedding matrix, also known as a
learned parameter matrix, to represent vocabulary tokens. The size of this ma-
trix is determined by the vocabulary size and the embedding dimension. While
higher-dimensional embeddings can capture more intricate relationships between
tokens, they require increased computational resources. Therefore, selecting an

appropriate dimensionality is a trade-off between efficiency and performance.

Positional encoding is frequently added to token embeddings in transformer-based
models to offer information about each token’s location within the sequence. The
idea of word placement is not fundamental in transformers, in contrast to classic
recurrent models that record word order. When it comes to tasks like text summa-
rization, where the sequence of information can greatly affect meaning, positional

encoding makes sure the model can preserve the text’s sequential structure.

The embedding layer of the BART (Bidirectional and Auto-Regressive Trans-
formers) model creates the final token representations, which are dense vectors
enhanced with positional and semantic information. The model can better com-
prehend contextual links, preserve coherence, and provide fluid summaries by using
these enhanced token representations, which are subsequently forwarded to other
layers for additional processing. By using positional encoding, the model improves
its capacity to discern between identical words that appear at various locations and
successfully captures long-range relationships in the text, resulting in summaries

that are more precise, contextually aware, and insightful.

A key component of the BART model’s design, Figure 3.11, focuses on the token
embedding procedure. It illustrates the process of transforming input tokens into
numerical vectors, which is an essential stage in jobs involving natural language
processing. The image highlights how embeddings are crucial for capturing the
semantic links between words, which are necessary for producing summaries that
are both coherent and pertinent to the context. As input to the encoder and de-
coder layers, the token embeddings serve as the cornerstone of the overall BART
design. For natural language processing researchers and practitioners, compre-
hending this process is essential, particularly when working on tasks involving

text summarization and other language creation applications.
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Token Token ID Embedding Vector

(128-dimensional)
STy E[0] [0.1,02,...08]
24 E[1] [03,04,..09]
LU E[2] [0.3,046,...01]
= E[3] 02,04, ..03]
el E[4] [0.7,08,...05]
! E[3] (04,03, ..09]
- E[14] [0.6,03, .. 08]

FiGUurE 3.10: Token Embedding.

Positional embeddings are added to the token embeddings to indicate each to-
ken’s position in the sequence. Positional embeddings provide the essential details
on the sequence’s structure, since transformers lack a core comprehension of to-
ken order [98]. The model adds positional embeddings to maintain token order,
as shown in Table 3.1. Suppose we have a positional embedding matrix P of
shape (max_seq_len, embedding dim), where the maximum sequence length is rep-
resented by max_seq_len. The Positional Embedding Vectors utilized in the BART
(Bidirectional and Auto-Regressive Transformers) model for abstractive text sum-
marization are shown in Table 3.1. In transformer architectures, positional em-
beddings are vital because they tell us where each token is in the input sequence,

which is necessary to keep the words in a sentence in the correct order.

Transformer models utilize positional embeddings to encode information about
the positions of tokens within a sequence. Since transformers do not have an
inherent sense of order, unlike recurrent neural networks (RNNs) or convolutional
neural networks (CNNs), positional embeddings are crucial for helping the model
understand the relative position of each token in the sequence and, therefore, the
contextual relationships between them. By incorporating positional embeddings,
transformers are able to process the entire sequence of tokens simultaneously, while

still retaining the ability to recognize word order and dependencies.

For example, in a sequence of six tokens, the positions will be labeled from 0
to 5, with each position corresponding to a specific token in the sequence. The

Positional Embedding Vector column contains the positional embedding vectors
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associated with each position. These vectors are learned during training and are
added to the token embeddings to provide the model with information about the
token’s position in the sequence. The positional embedding vector for each position
is designed to represent the specific location of the token within the sequence,
allowing the model to distinguish between different positions and understand the

relationships between tokens in context.

By combining both the token embeddings and the positional embedding vectors,
transformer models are able to process the sequence holistically while still pre-
serving the important information regarding token order and positioning. Using
techniques like the sine and cosine functions, these vectors are fixed-dimensional
representations of real numbers. Position 0 (0, 0.2,..., 0.8), Position 1 (0, 0.3,
0.4,..., 0.9), and Position 2 (0, 0.5, 0.6,..., 0.1) are examples of numeric values that
may be shown in the table for each positional embedding vector. The dimensional-
ity of these vectors is important since it increases the computing strain but enables
more sophisticated representations and greater learning. The design of the model

and the needs of the job are frequently the basis for the dimensionality selection.

Table 3.1, which focuses on the positional embedding vectors, is an essential com-
ponent of the design of the BART model. The model’s encoding of positional
information is clearly depicted, which is essential for comprehending transformer
systems. Additionally, the chart highlights how crucial it is to preserve the token
order in the input sequence, which is crucial for activities like text summarization.
In order to ensure that their models adequately represent the sequential nature of
input data, researchers and practitioners can use it as a guide when implementing
positional embeddings. Particularly for tasks like text summarization and other
language creation applications, this knowledge is essential for natural language

processing researchers and practitioners.

As shown in Figure 3.12, the final input embeddings are derived from the combina-
tion of both token embeddings and positional embeddings. The final embeddings
for each token are computed by adding the token embeddings and positional em-
beddings together, allowing the model to capture both the semantic meaning of the

token and its relative position within the sequence [75]. This approach enables the
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Position Positional Embedding Vector
(128-dimensional)

0 [0.1,02, ..., 08]
1 03,04, ..., 0.9
2 0.5, 0.6, ..., 0.1]
3 (02,04, ..., 0.3]
4 (07,08, ..., 0.5]
5 (0.4,0.3, ..., 0.9]
14 [0.6,0.5, ..., 0.8]

TABLE 3.1: Positional Embedding Vectors

transformer model to effectively process input sequences while considering both

the content and order of the tokens.

Token embeddings are dense vector representations of input tokens, where each
token in the sequence is translated into a high-dimensional vector that encapsu-
lates its semantic meaning. These embeddings help the model understand the
underlying concepts and relationships between tokens in the text. As described
in Figure 3.12, the process begins by using an embedding matrix, where each row
corresponds to a unique language item (token). This matrix is learned during
training, and the embeddings capture rich linguistic features that represent the

meaning of each token in the context of the sentence or document.

However, transformers are inherently unaware of the order of tokens, as they pro-
cess the entire sequence in parallel rather than sequentially. To address this lim-
itation, positional embeddings are introduced. These embeddings provide infor-
mation about the relative position of each token in the input sequence. By adding
the positional embeddings to the token embeddings, the model is able to distin-
guish tokens not only by their semantic meaning but also by their position in the
sequence. This positional information is essential for the transformer model to
understand the contextual relationships between words, especially when the order

of tokens impacts the overall meaning of the sentence or document.

Together, token and positional embeddings enable the model to process the text
holistically, retaining both semantic meaning and the important contextual order
of the tokens within the sequence. By combining token and positional embeddings

by element-wise addition, as shown in Figure 3.12, each token’s final resultant
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vector will contain both its semantic meaning and its position in the sequence,
and by combining this positional information with the token’s intrinsic meaning,
the model will have a more comprehensive understanding of the context in which
each token appears. To make processing easier in later layers of the model, the
final embedding will have the same dimensionality as the individual token and
positional embeddings.The final embedding is then fed into the transformer lay-
ers of the BART model, which helps the model better capture the relationships
between tokens and the larger context of the text, improving its ability to pro-
duce coherent and contextually relevant summaries. By combining positional and
token embeddings in this way, the model guarantees that the embeddings can be
processed efficiently in subsequent layers, resulting in more accurate and meaning-
ful outputs. Figure 3.12, which shows how input tokens are converted into final
embeddings, is an essential component of the BART model’s design. For tasks
such as summarization, it highlights the need of capturing positional context and
semantic meaning. Since it is the input to the encoder and decoder layers, the
Final Embedding forms the basis of the whole transformer implementation. To

understand how the model works overall, one must understand this process.

For the model to handle text effectively, a complete representation of input tokens
is created by combining positional and token embeddings, as shown in the image.
Natural language processing academics and practitioners need to have this knowl-
edge, particularly when working on problems requiring text summarization and

other language creation applications.

Final Embedding = Token Embedding + Positional Embedding (3.10)

The encoder processes input sequences through multiple stacked transformer lay-
ers [99]. The Self-Attention Mechanism enables the model to focus on different
input parts simultaneously, capturing contextual relationships crucial for summa-
rization. Following self-attention, Feedforward Neural Networks (FFNNs) apply
non-linearity to refine the output, enhancing representation learning [100]. This
combination of transformer layers, self-attention, and FFNNs ensures the model

effectively understands context, improving summarization accuracy and coherence.
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Token Position Final Embedding

(128-dimensional)
S 0 02,04, .. 146]
a4 1 (06,048, ... 18]
TN 2 [10,12,..02]
= 3 04,08, ... 06]
il 4 [14.16, .. 10]
= 5 [0.8.046,... 18]
- 14 [12.1.0,.. 16]

FiGurE 3.11: Final Embedding.

Based on the output of the encoder and the tokens created previously, the decoder
creates the output sequence [101]. By utilizing masked self-attention, the decoder
makes sure it only depends on earlier tokens and generates tokens in a sequential
fashion. While creating each token, it uses cross-attention to concentrate on per-
tinent encoder outputs. The decoder is first set up with a sequence length of one

and a start token [102].

The decoder layers create the summary sequence in an autoregressive fashion, one
token at a time, using the encoder’s output and the previously generated token as
input at each decoding step. The decoder then uses this information to create a
probability distribution over the entire vocabulary, predicting the most likely next
token in the sequence [12]. This process is repeated iteratively, adding each new
token to the growing summary until the model reaches a stopping criterion, like
the end-of-sequence token. The autoregressive nature of this process keeps the
model coherent and guarantees that each token in the summary is contextually
appropriate based on the input text and the sequence of previously generated

tokens.

Figure 3.11 illustrates the workings of Bart architecture. Two primary sentences
comprise the input document’s tokens: Sentence 1,CLS sent one SEP Sentence
2,CLS sent two SEP. A separation token (SEP, indicates the end of a sentence,
and a classification token (CLS, indicates the beginning of a sentence. A numeri-

cal representation is incorporated with each token.To represent input tokens, the
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FIGURE 3.12: Bart Architecture.

model employs three different kinds of embeddings. Token, position, and interval
segment embeddings are examples. Every token in the input document is trans-
formed into a distinct vector that serves as a representation of its identity. The
input’s sentences and segments are each given interval segment embeddings, which
are repeated for every token in each segment. The segmentation aids the model in
differentiating between sentences or portions. Position embeddings use positional
information to determine the sequence’s token order. In addition to the matching
token and segment embeddings, each token position is represented by a position
embedding. Token embedding, interval segment embedding, and position embed-
ding work together to provide a composite embedding vector that contains details
about the token, its phrase or segment, and its position within the sequence. This

vector is then utilized in the mBART model.

The Multilingual BART (mBART) model, a transformer-based model for sequence-
to-sequence tasks like text synthesis and machine translation, receives the com-
bined embeddings for each token. Tasks needing cross-lingual comprehension can
benefit from mBART’s ability to handle multilingual inputs. mBART processes
the embeddings through a series of Transformer layers that use feed-forward oper-
ations and self-attention to record intricate linkages and dependencies in the token

sequence. These layers take into account the input document’s whole context to
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improve each token’s representation. The tokens (7}, 73,75, ...) for each point in
the sequence represent the output from the transformer layer. Here, each token
is a modified variant of the matching input token that has been enhanced with
context from the full sequence. Finally, an output prediction is mapped to each
changed token in the sequence (73,715, T5,...) (Y1,Ys,Y3,...). Words in a trans-
lated sentence, labels in a classification task, or any other output pertinent to the

particular application could be represented by these.

In order to comprehend the BART model architecture and how it is used in the
suggested abstractive text summarization approach for Urdu, Figure 3.13 is an
essential visual help. It shows the architecture of the model graphically, empha-
sizing important elements like output creation and tokenization. Additionally, the
graphic demonstrates the usage of transformer architecture, which captures con-
textual relationships within the text using self-attention techniques. For natural
language processing academics and practitioners to produce high-quality sum-
maries, especially in low-resource languages like Urdu, this knowledge is crucial.
In general, Figure 3.13 is crucial for natural language processing practitioners and

academics.



Chapter 4

Experiment and Results

4.1 Introduction

In this section, a series of tests is used to assess the efficacy of the suggested
summarizing technique. In Section A, data sets are described. Section B provides
an explanation of the evaluation measures. The setup of the experiments is covered
in Section C. In section D, the experiments, findings, and discussion are presented.

Section E concludes with a comparison with other comparable systems.

4.1.1 Dataset

Sports, Science, Technology, Business, Economics, and Entertainment are the four
categories into which the 1,000 news data sets used for this study are divided. It
consists of long news stories and their abridged summaries. The model was trained
using 80% of the data, with the remaining 20% being utilized for testing. It is an
enormous Urdu dataset accessible for solving natural language processing-related

challenges. Table 4.1 displays the information gathered from multiple sources.

The study’s data sources for creating the abstractive text summarization model
in Urdu are listed in Table 5.1. Understanding the size and variety of the datasets

used is essential, since this table can have a big influence on the summarization
56
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TABLE 4.1: Data Collections from Various Sources.

S.No Source Total Sentences
1 Chetor 166312
2 Wikipedia 1878008
3 Digikala 177357
4 BigBang Pag 3017
5 Books 25335

model’s performance and generalization. The S.No (Serial Number) column in Ta-
ble 5.1 provides a sequential number for each data source, which helps to organize
the information and provides convenient access. The names of the data sources
from which the text data was gathered—such as news articles, blogs, or other writ-
ten materials pertaining to the Urdu language—are included in the source column.
A more robust dataset is indicated by a higher number of sentences in the To-
tal Sentences’ column, which shows the total number of sentences in each data
source. This information is essential for evaluating the amount of data available

for summary model training and testing.

A content source, a Wikipedia source, a Digikala source, a Big Bang Pag source,
and a book source provide the dataset for a model based on Urdu content. The
content source most likely alludes to a particular website or platform that offers
166,312 sentences of Urdu material. The 1,878,008 sentences in the Wikipedia
source demonstrate a wide variety of subjects and writing styles. The dataset’s
richness is enhanced by the 177,357 phrases found on the Iranian e-commerce
portal Digikala. Despite having just 3,017 phrases, the smaller site Big Bang Pag
could nevertheless offer original material. The books category contains 25,335
sentences of diverse Urdu literary or educational resources. By combining formal

and organized writing styles, the books category deepens the dataset.

The variety of datasets employed, the amount of data available for training, and
the model’s contextual relevance are all highlighted in Table 4.1, which is essential
for building a strong summarization model. A diverse dataset aids in the model’s
ability to efficiently summarize various kinds of material. Each source’s total

amount of words offers insight into the data that is accessible, and including sources
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such as Wikipedia and e-commerce platforms improves the model’s capacity to

produce pertinent summaries in a variety of scenarios.

4.1.2 Evaluation Measures

The ROUGE (Recall-Oriented Understudy for Gisting Evaluation) measure is used
in the quantitative evaluation in addition to the metrics recommended in this study
[103]. It comprises a set of measures for automatic assessment of text summariza-
tion. The results show that dual and multiple encoder models outperform single
encoder models in terms of performance. ROUGE1, ROUGE2, ROUGE-L, and
BLEU score measures are used to assess the final summary [104]. These metrics

are calculated using the following formulae [70].

ROUGE-1

Number of Overlapping Unigrams

Precisi P) = 4.1
recision (P) Total words in Automatic Summary (4.1)
Number of Overlapping Unigrams
Recall (R) = 4.2
ccall (R) Total words in Reference Summary (42)
2(P x R)
Fl=——+ 4.3
P+R (43)
ROUGE-2

Precision (P) Number of.OVerlapping Bigrams (4.4)

Total words in Automatic Summary
Recall (R) Number of Overlapping Bigrams (4.5)

~ Total words in Reference Summary
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F1 = 2<PPTX]§> (4.6)
ROUGE-L
LCS = max{si, s, 83, ..., 5n} (4.7)
Precision (P) = Total words in liliinatic Summary (48)
Recall (R) = Total words inlégfience Summary (4.9)
F1 = 2(PPTX}§) (4.10)

Using the BLEU score (BiLingual Evaluation Understudy), the model’s perfor-
mance is further assessed [68].The ROUGE score is mirrored in the BLEU score.
Its main application is in machine translation jobs, while summarization tasks
have also been found to be evaluated with it [71]. To get the BLEU score, one
needs to calculate the number of n-grams in the candidate sentence that match
the reference phrase.The following equation represents the shortness penalty (BP),

n-gram precisions (pn), n-gram length (N), and positive weights (wn) [72].

N
BLEU = BP - exp (Z w, log pn> (4.11)

n=1

As an evaluation measure, we employ the BERTScore [69], since the ROUGE
and BLEU scores are primarily applied to extractive text summarization and do
not take implicit semantics the use of different words for the same meaning into

consideration [104]. BERTScore is dependent on the use of BERT contextual
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embeddings. Instead of calculating the matching between the candidate and ref-
erence sentences, the BERTScore determines the level of token similarity [69]. As
the BERTScore is similar to assessments made by humans, it is a good score for
our assignment. This formula can be seen below. For the BERTScore, FBERT
stands for the F-measure, RBERT for recall, and PBERT for accuracy [74].

2 - (Pgerr X RpErr)

Pggrr + Rerr

FBERT = (412)

4.1.3 Experiments setup and Tools

For the purpose of implementing various tasks, including sentence representation
and feature extraction, we mostly utilized Java. Because the tools we chose are
Java-based and are published as JAR files, we also utilized Java to integrate the
tools. Table 4.2 provides an overview of the strategies, resources, and constraints

used in the recommended approach.

4.1.4 Obtained Results

As an illustration, the appropriate range for the summary extent ratio is 33—
40%; yet, some summaries have a size ratio of as much as 80% of the provided
information. Approximately thirty items are categorized into several sections, as
depicted in Figure 5.1. It is never easy to get a computer to match human language,

natural language processing skills, and lexicon perfectly.

There were 10-21 lines of Urdu text in the evaluation paper. Figure 4.2 shows
how the five lines, or about half of the entire article, that make up the sentence
weight technique used to generate the summary. Sentence weight and the TF-
IDF approach were used to group and categorize the most significant sentences.
Consequently, the resulting summary preserved the main points of the original
text, consisting of 5-6 lines, or approximately 51% of the original document seen
in Figure 4.3. A combination of meaningful and arbitrary sentences were seen

in the produced summary. Selected the longest, most wordy sentences. After
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then, this summary is used to construct the abstractive summary, which makes
up half of the extractive summary. It is necessary for the encoder-decoder model
to employ the pre-trained model mBART in order to generate the abstractive
summary. Table 4.2 describes the parameters that are employed in our system

and the execution time of each step is illustrated in Table 4.3.

TABLE 4.2: Variable Parameters in Our System

Tasks/Tools Our Usage

Preprocessing tools Pandas: Data loading and saving.
Regex: Tokenization, punctuation removal, and formatting.

Scikit-learn (TfidfVectorizer): Text feature extraction to compute
TF-IDF scores.

NumPy: Numerical operations for scoring sentences.
NLTK: BLEU score calculation for evaluation.

Transformers (mBART): Tokenization and abstractive summa-
rization generation.

Key-Phrase extraction TF-IDF for scoring sentence importance.
Sentence representation Bag-of-words model with TF-IDF scores.

ROUGE tool ROUGE for evaluation metrics (precision, recall, F1-score) of gen-
erated summaries against original text.

The variable parameters utilized in the suggested abstractive text summarizing
system are summarized in Table 4.2. This table is crucial for comprehending
the instruments, methods, and setups that affect the model’s functionality. Each
stage in the model’s workflow corresponds to a particular job or tool used in
the summarization process. The use part of the suggested system describes how
each activity or tool is implemented and offers insights into the technology and
approaches employed to meet the summary goals. Pandas is a data manipulation

Python package that is used to import and store structured data.

Tokenization, punctuation removal, and formatting are all done via regular ex-
pressions. Text features are extracted and TF-IDF scores are computed using
Scikit-learn (TfidfVectorizer). For scientific computing, NumPy is a Python mod-
ule that supports huge, multi-dimensional arrays and matrices. To assess the
quality of machine-translated text, NLTK is utilized to compute the BLEU score

for evaluation. These technologies are necessary for jobs involving text processing,
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as well as for recognizing and working with certain textual patterns.By compar-
ing the frequency of important terms across documents, the TF-IDF approach is
utilized to detect them. Frequently utilized in text categorization and summa-
rizing applications, the Bag-of~-Words Model with TF-IDF Scores captures word
frequency without disregarding word order. Focusing on the overlap of n-grams
between the generated and reference summaries, the ROUGE Tool compares the
precision, recall, and F1l-score of created summaries to the source text. Table 4.2
is essential because it provides performance insights, repeatability, and technique
clarity. It helps readers comprehend the technical underpinnings of the suggested
model by offering a thorough explanation of the instruments and methods em-
ployed in the summarizing process. The table also demonstrates the thorough
strategy used in the study, integrating many methods to improve the quality of

the summaries.

The abstractive summary showcases the capability of the proposed system to gen-
erate translations that incorporate a rich and varied vocabulary when processing
Urdu phrases. This approach demonstrates an advanced level of linguistic flexibil-
ity, allowing the system to go beyond mere word-for-word translation and instead

produce coherent and contextually relevant summaries.

Unlike extractive summarization, which retains sentences or phrases directly from
the source text without altering their structure, the abstractive summarization
technique synthesizes new sentences that preserve the original meaning while en-
hancing readability and fluency. This process involves paraphrasing, restructur-
ing, and integrating alternative vocabulary choices, ensuring that the generated
summaries are not only concise and accurate but also linguistically diverse and

contextually appropriate.

Translation quality, accuracy, and contextual relevance are all improved by the sys-
tem’s careful design, which makes use of sophisticated natural language processing

(NLP) techniques.

This guarantees that the output is not only linguistically accurate but also fluid,

natural, and flexible enough to accommodate a variety of use cases. In addition
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to enhancing readability and coherence, the system skillfully rewords and restruc-
tures text while preserving the original idea. This feature is especially helpful in
situations when literal translations could miss the little details, cultural allusions,
and deeper meanings included in the source Urdu text. The inability of traditional
translation techniques to maintain idiomatic idioms, tone, and contextual mean-
ings might result in misunderstandings. The suggested approach cleverly fills this
gap by using context-aware summary techniques, which improve accessibility and
clarity while maintaining the translated summaries’ integrity to the original ma-
terial. The technique greatly improves comprehensibility and expressiveness using
this advanced method, making the condensed information more interesting, educa-
tional, and available to a wider range of users. This enhances the user experience
while also promoting more successful cross-cultural and multilingual communica-
tion. The generated abstractive summary is intentionally crafted to be concise and
compact, effectively retaining the essential information from the original document
while eliminating unnecessary redundancy. This summarization method focuses
on distilling the most critical points, ensuring that the resulting summary is both
informative and easy to digest. As shown in Figure 4.1, the summary constitutes
approximately 20% of the original test document, which showcases the system’s

impressive ability to compress the text without sacrificing key insights.

This level of compression highlights the efficiency of the abstractive summariza-
tion process, where the core ideas are maintained, and less relevant details are
discarded. The system’s effectiveness in distilling key points while minimizing

excess is a testament to its performance.

Additionally, Figure 4.4 provides a detailed comparative analysis between the num-
ber of lines in the original raw text and those in the generated summary. This
visual representation offers valuable insights into the system’s compression capa-
bilities, demonstrating how it reduces the length of the document while preserving
its core meaning. The analysis emphasizes the system’s ability to condense large
volumes of text into more manageable summaries, making it a powerful tool for
information extraction and communication. This approach ensures that the sum-

maries remain informative while significantly reducing the length of the original
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text, making it more accessible and easier to comprehend.
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FIGURE 4.1: Input Source Test Document.
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FIGURE 4.2: Extractive Summary from the Input Source Document.
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FIGURE 4.3: Abstractive Summary from Extractive Summary.

Figure 4.4 shows the comparison of the number of lines in the output summary
produced by the summarization model with the number of lines in the raw text.

To comprehend how well the summary method reduces long texts into digestible
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FIGURE 4.4: Analysis of the Raw Text’s Line Count and Comparison of that
Number to the Output Summary.

summaries, this graphic is essential. The summarizing model’s capacity to con-
dense text while maintaining important information is graphically demonstrated
in the figure, which also emphasizes the model’s capacity to extract important

elements and exclude unnecessary ones.

It is composed of up of two parts: the Output Summary Line Count, which shows
how much condensed text was included in the model’s summary, and the Raw
Text Line Count, which shows how many lines there were in the original document

overall.

Effective summarizing is demonstrated by the figure, which most likely has a bar
graph. It illustrates a notable decrease in the number of lines from raw text
to output summary. The model successfully condensed the material to its most
important components if the original text is 20 lines long and the summary is 5
lines long. According to the study, the summarizing approach improves readability
and comprehension for users who might not have the time to read the complete

article by efficiently identifying and retaining the major concepts while eliminating
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less important material. This implies that the summarizing method preserves the
integrity of the original material, guaranteeing that key points are communicated
without suffering a substantial loss of meaning. A key aspect in applications such
as news stories, reports, and academic papers that need fast information retrieval
is the summarizing model’s capacity to effectively condense long texts into brief

summaries, as seen in Figure 4.4, which visually confirms the model’s performance.

The typical execution time for each job in the suggested abstractive text sum-
marization model is shown in Table 4.3. Model complexity refers to the time
taken to initialize and use a model. It involves several steps, including tokenizer
initialization, model setup, generating summaries, and calculating BERTScore.
Tokenizer initialization takes 4.38 seconds, which is usually independent of input
size n. Model setup takes 0.7 seconds, which is also O(1). Generating summaries
takes 53.9 seconds, which is the most time-consuming step and directly scales with

input size n.

The complexity depends on the size of the input n and the internal architecture of
the model. For example, transformer-based models like BERT and GPT typically
have a complexity of O(n? - d) for self-attention, where d is the embedding di-
mension. For smaller models, this might reduce to O(n?) for per-token processing
cost. The dominant cost appears to be O(n) since the model complexity is fixed

for each token/sentence.

Calculating BERTScore takes 9.06 seconds, which involves comparing generated
summaries to reference texts using BERT embeddings. The summary generation
step is the most significant contributor to runtime in the model complexity cate-
gory, with a complexity of O(n) under typical use cases. If using a more complex

model architecture, this could increase to O(n?) for large inputs.

Tokenization is efficient since it only takes 0.02 seconds and stores processed
phrases for later use. Moreover, importing punctuation removal data is a step
in the process, which entails creating the rules required for text removal. Usually,
the procedure takes about 0.02 seconds to complete. Removing punctuation is an

essential preprocessing step that improves text analysis; it usually takes less than
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0.0 seconds. After that, phrases are cleaned and stored, which might take 0.03

seconds.

In order to determine the relevance of words in a text, the TF-IDF Vectorization
phase computes Term Frequency-Inverse Document Frequency (TF-IDF) scores
for tokens. This process saves scored phrases, which might take 0.03 seconds, and
usually takes 0.01 seconds. This phase usually has a short execution time. The
procedure consists of two stages: first, the Top N Sentences are chosen based on
prior score, which usually takes 0.05 seconds. Next, the final summary is gener-
ated using the sentences that were chosen, which usually takes 0.04 seconds to
complete. Compared to other processes, such loading sample text, which usually
executes in 0.01 seconds, tokenizer setup is a resource-intensive procedure that
might take longer. This suggests that the tokenizer’s setup requires additional
resources. Setting up the summarization model involves initializing and prepar-
ing it for execution, a process that typically takes 0.7 seconds. This setup phase
ensures that all necessary components, such as the model’s architecture, param-
eters, and dependencies, are correctly loaded before summarization begins.The
most computationally intensive stage is the summary generation process, which
requires substantial processing power. On average, this phase takes 53.9 seconds,
reflecting the complexity of abstractive summarization techniques that involve
deep learning models. These models analyze, understand, and rephrase content
to generate coherent and contextually accurate summaries, which accounts for the

significant processing time.

Once the summary is generated, the output is stored within 0.01 seconds, showcas-
ing the efficiency of the storage mechanism. Despite the high processing demands
of summary generation, the overall execution time remains relatively low, demon-
strating the model’s optimized performance. Additionally, the BERTScore metric,
which is used to evaluate the semantic similarity between the generated and ref-
erence summaries, can be computationally demanding. This evaluation method
leverages deep contextualized embeddings to assess meaning alignment, further
contributing to processing overhead. In total, the entire summarization workflow,

including setup, summary generation, storage, and evaluation, completes within
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59.31 seconds. This time frame highlights the overall efficiency of the system
while acknowledging the computational challenges associated with high-quality
abstractive summarization and evaluation. An extractive summary of the execu-
tion timings for the many activities included in the abstractive text summarization
model is given in Table 4.3. The table illustrates the model’s efficiency and indi-
cates the most computationally demanding jobs by segmenting the time required
for each step. The considerable amount of time required to compute BERTScore
and provide summaries indicates that these are important topics for improvement
in further research.

TABLE 4.3: Proposed Model Accuracy.

Metric Precision Recall F-Measure
ROUGE-1 98% 64% 78%
ROUGE-2 97% 55% 70%
ROUGE-L 98% 64% 78%

BERTScore 90% 90% 90%

The performance of the suggested abstractive text summarization model was as-
sessed using the measures listed in Table 4.4. A mix of conventional and contem-
porary criteria, such as BERTScore and ROUGE scores, are commonly used to
assess the caliber of the generated summaries. From superficial overlap to more
profound semantic comprehension, these metrics provide a thorough examination
of several facets of the summaries. ROUGE-1 measures the overlap of unigrams
(single words) between the generated summary and the reference summary, indi-
cating the content coverage; ROUGE-2 measures the overlap of bigrams (pairs of
words), evaluating the preservation of word combinations and contextual relation-
ships; ROUGE-L considers the longest common subsequence (LCS), reflecting the
alignment of sentence structure between the generated and reference summaries;
and BERTScore, a more recent and sophisticated metric, evaluates the semantic
similarity between the generated and reference summaries by leveraging contex-
tual embeddings from the BERT model, providing a more nuanced view of how
well the summaries capture the underlying meaning. When taken as a whole,
these metrics give a comprehensive picture of how well the model represents the

text’s surface-level and semantic elements, revealing information about its syntax
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and context comprehension. Lexical overlap and semantic similarity metrics are
used to provide a reliable assessment of the summarization quality. The scores for
each measure are shown in the precision column. High precision is indicated by
dividing the number of overlapping elements (bigrams, LCS, or unigrams) by the
total number of items in the summary. Recall scores for each metric are shown
in the column. These are determined by dividing the total number of reference

summary items by the number of overlapping elements.

A high recall rate means that the summary successfully conveys pertinent infor-
mation from the source material. A thorough understanding of the model’s per-
formance is provided by the F-measure column, which shows the harmonic mean
of accuracy and recall. Better overall summary generation that balances recall

and accuracy is indicated by a higher F-measure.

The remarkable accuracy and recall of the ROUGE-1 model, as evidenced by its
78% F-measure, raises the possibility that some crucial information from reference
summaries is absent. With a 70% F-measure, the ROUGE-2 model’s accuracy
and recall are somewhat worse, indicating that it is less successful at collecting

bigrams, which are essential for preserving contextual meaning in summaries.

Effective coherence is indicated by the excellent accuracy and recall of the ROUGE-
L model, which can replicate the ROUGE-1 scores. The model consistently main-
tains the structure and flow of the generated summaries. The model captures
lexical material and preserves semantic meaning, as evidenced by the BERTScore
performance, which may exhibit high accuracy, recall, and F-measure (e.g., 90%),

making the summaries more contextually relevant and human-like.

Table 4.4 provides a thorough and detailed summary of the evaluation metrics
used to assess the performance of the proposed abstractive text summarization
model. It includes an extensive set of key performance metrics, such as accuracy,
recall, and F-measure, which serve as critical indicators of the model’s overall
effectiveness. These metrics are evaluated across several important summary eval-
uation measures, including ROUGE-1, ROUGE-2, ROUGE-L, and BERTScore,

each contributing unique insights into different aspects of the model’s performance.
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The ROUGE metrics, which assess n-gram overlap (ROUGE-1 for unigrams, ROUGE-
2 for bigrams, and ROUGE-L for the longest common subsequence), allow for an
in-depth evaluation of how well the model maintains content accuracy and struc-
tural integrity in its generated summaries. BERTScore, on the other hand, evalu-
ates the semantic alignment between the generated summary and the original text
by leveraging contextualized BERT embeddings, offering a deeper understanding
of the model’s ability to preserve meaning. Together, these metrics provide a
holistic view of the model’s strengths and weaknesses, comparing the generated
summaries with reference summaries to reveal how closely they align in terms of

both lexical content and semantic accuracy.

The inclusion of ROUGE metrics, which assess the overlap of n-grams, word se-
quences, and word pairs, provides a valuable indication of how effectively the model
captures the surface-level lexical content of the original text. ROUGE-1 focuses
on unigram overlap, ROUGE-2 on bigram overlap, and ROUGE-L on the longest
common subsequence, each highlighting the model’s ability to preserve content co-
herence and integrity at different granular levels. Additionally, BERTScore, which
evaluates the semantic similarity between the generated summary and the original
text by utilizing BERT embeddings, further underscores the model’s proficiency
in producing summaries that are not only lexically rich but also semantically ac-

curate.

The results presented in Table 4.4 highlight the effectiveness of the proposed model
in the field of Urdu text summarization. The high scores achieved in both ROUGE
and BERT metrics demonstrate that the model excels at generating summaries
that are closely aligned with the original content, not only at a lexical level (by
capturing exact word overlaps) but also at a semantic level (by preserving the
overall meaning and context). These promising results emphasize the model’s
potential to produce high-quality summaries in Urdu, positioning it as a valuable

tool for real-world applications where both accuracy and coherence are crucial.

A visual comparison of the assessment findings for the suggested method of ab-
stractive text summarization, especially employing the ROUGE metrics (ROUGE-
1, ROUGE-2, and ROUGE-L), is shown in Figure 4.5. Three important ROUGE
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FIGURE 4.5: Proposed Approach Evaluation Results using Rouge-1, Rouge2
and Rouge L. Measures

metrics are covered in the figure: ROUGE-1, which assesses lexical similarity by
measuring the overlap of unigrams between generated and reference summaries;
ROUGE-2, which assesses the model’s ability to capture phrases and contextual
meaning; and ROUGE-L, which assesses the generated text’s fluency and coher-
ence by evaluating the longest common subsequence (LCS) between generated and

reference summaries.

The scores for each ROUGE indicator are shown graphically in the image, most
commonly using a bar graph style, making it simple to compare the performance of
the suggested approach to that of alternative approaches or baseline models. In or-
der to illustrate the efficacy of the suggested approach relative to alternative strate-
gies, the graphic may include bars that compare the performance of the suggested
method with that of the current summarizing techniques.The suggested approach
produces summaries that are lexically and structurally comparable to the refer-
ence summaries, as evidenced by its high scores on all three ROUGE measures. A

substantial percentage of the produced summary matches the reference summary;,
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as shown by a ROUGE-1 score of 80.3%. The proposed method outperforms many
existing methods, especially in ROUGE-1 and ROUGE-L scores, demonstrating
its ability to capture essential text content while maintaining coherence and flow
in the summary. Trends, such as the method’s consistency across measurements
or regions where it succeeds or struggles, may be quickly seen thanks to the visual
display of ROUGE ratings. High ROUGE scores, especially in ROUGE-1 and
ROUGE-L, show that the approach can generate high-quality summaries, which
are important in applications where it’s critical to comprehend the major concepts

and preserve the structure of the original text.

4.1.5 Comparing with other Related Works

Using quantitative evaluation metrics, Table 4.5 provides an objective compari-
son of our proposed approach against related methodologies across both datasets.
The table presents a detailed analysis of performance indicators, allowing for a
comprehensive assessment of the strengths and weaknesses of each approach. Ad-
ditionally, the table highlights the relative improvements achieved by our method,
showcasing enhancements in key performance metrics. By leveraging these rough
measures, we can effectively quantify the effectiveness of our strategy in contrast
to existing techniques, offering valuable insights into its advantages and potential

areas for further optimization.

Table 4.5 shows how well different authors’ approaches do when it comes to text
summarization utilizing rough metrics, such as rough-1, rough-2, and rough-L.
With scores of 80.3 for ROUGE-1, 74.3 for ROUGE-2, and 80.3 for ROUGE-L,
the suggested strategy performs well and outperforms other approaches by a wide
margin, resulting in an average of 78.3. Ramesh Nallapati (2019) and Peter J. Liu
(2022) both attain comparable scores with averages of about 28.7, whereas Kuan-
Yu Chen (2024) achieves 47.2 (ROUGE-1), 21.5 (ROUGE-2), and an average of
32.9. With averages of 32.6 and 36.5, respectively, Rishabh Katna (2023) and
Chenguang Zhu (2023) perform better than Sebastian Gehrmann (2023), who

performs marginally worse. The average score for Asmaa Elsaid (2024) is better
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TABLE 4.4: Comparison of the Suggested Method using the CNN/Daily Mail
Dataset with other Approaches.

Authors ROUGE-1 ROUGE-2 ROUGE-L
Proposed Method 80.3 74.3 80.3
Kuan-Yu Chen, 2024 [51] 47.2 21.5 30.1
Ramesh Nallapati, 2019 [52] 35.1 184 32.7
Peter J. Liu, 2022 [53] 35.1 18.4 37.2
Sebastian Gehrmann, 2023 [54] 35.1 18.1 32.8
Rishabh Katna, 2023 [55] 40.2 22.1 35.8
Chenguang Zhu, 2023 [56] 50.2 224 36.9
Jinge Yao, 2023 [57] 32.5 34.5 36.5
Asmaa Elsaid, 2024 [60] 45.7 35.6 40.6
Muhammad Aslam, 2023 [61] 87.2 82.1 85.2
Hassan Raza, 2023 [62] 35.2 20.5 30.5
Muhammad Awais, 2023 [63] 35.5 25.3 30.5

at 40.6, compared to 34.5 for Jinge Yao (2023). Muhammad Aslam (2023) has
the greatest scores on all metrics, averaging 84.8, 87.2 for rough-1, and 82.1 for
rough-2. On the other hand, Muhammad Awais (2023) and Hassan Raza (2023)
do worse, averaging 28.7 and 30.4, respectively. The suggested approach and
Muhammad Aslam’s approach show the best summarizing skills overall, pointing

out areas that require more study and development in this area.

The effectiveness of the abstractive text summarizing method suggested in contrast
to alternative strategies is summarized succinctly in Table 4.5. While comparable
scores from other research offer background and illustrate the progress made in the
field of Urdu text summary, the high ROUGE ratings attained by the suggested
technique show its efficacy in producing high-quality summaries. Understanding
the relative advantages and disadvantages of various summarizing strategies is

made easier with the help of this table.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

Using the mBART model with a multi-layer encoder-decoder architecture, the
study’s novel approach to abstractive text summarization for Urdu successfully
tackles a number of particular difficulties presented by the language, including its
intricate morphology, the extraction of semantic meanings, and dialectal varia-
tions that can highly impact summarization accuracy. As a result, the suggested
method produces succinct, coherent, and well-structured summaries that accu-
rately reflect the original content. Table 8 shows the performance of the model,
which is quite encouraging. With an impressive BERTScore of 90%, the model
demonstrated a high degree of semantic congruence between the reference texts
and the summaries it produced. Furthermore, it achieved a BLEU score of 43%,
indicating that the produced summaries and reference texts had a significant de-
gree of lexical similarity. With ROUGE-1, ROUGE-2, and ROUGE-L scores of
80.3%, 74.3%, and 80.3%, respectively, the ROUGE measures further demonstrate
the model’s efficacy. These ratings show that the generated summaries preserve
both surface-level information and underlying meaning by maintaining a fair mix
of syntactic structure, lexical overlap, and long-range connections. The graphs in
the findings section demonstrate how well-structured the produced summaries are,

how contextually aware they are, and how comparable their lexicon is.
74
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Despite these advancements, there are still issues to be resolved, especially con-
cerning ensuring factual correctness, managing intricate sentence patterns, and
the limitations imposed by the scarcity of high-quality Urdu datasets. This work
is significant as it makes a substantial contribution to the field of low-resource lan-
guage processing. By applying sophisticated summarization techniques to Urdu,
a language with limited resources in the field of natural language processing, the
method creates new opportunities for use in document summarization, news ag-
gregation, and social media monitoring. These challenges, once addressed, could

further increase the relevance and impact of this work in practical applications.

5.2 Future Work

Future studies should focus on growing the data set by including a wider variety
of Urdu texts from different domains in order to improve the model’s generaliza-
tion and accuracy. It would also be helpful to investigate strategies for handling
Urdu’s intricate morphology and dialectal variances more effectively. Extended
monitoring of model efficacy in several low-resource languages may provide addi-
tional confirmation of the suggested methodology. Furthermore, more thorough
evaluation criteria that take semantic comprehension and context retention into
consideration during Abstractive summarization should be the goal of future re-

search.
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