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ABSTRACT

This project explores the implementation of a text summarization system utilizing Sequence-to-Sequence
(Seq2Seq) models. The Seq2Seq architecture. known for its success in natural language processing tasks,
forms the core of our summarization model. Leveraging transfer learning principles. the model is initizlized

with pre-trained weights to capitalize on knowledge acquired from extensive language modelling.

The methodology encompasses comprehensive data pre-processing. model configuration. and hyper-
parameter tuning, addressing challenges such as document fength and abstractive summarization nuances. The
evaluation phase employs metrics like ROUGE to assess the system’s performance. acknowledging limitations

related to handling long documents and potential biases.

Integration with external libraries enhances natural language processing capabilities. while scalability
consideration ensure adaptability to evolving requirements. The syvstem, designed for diverse applications.

demonstrates promise in domains such as news summarization. research paper znalysis. and social media

content condensation.

This project contributes to the evolving landscape of automated text summarization. showcasing both
achievements and chall_nges. The journev from data collection to system integration provides valuable

insights, fostering a commitment to ongoing refinement and extension for effective and context-zware text

summarization.
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Chapter 1: PROJECT OVERVIEW

1.1Introduction

The explosion of digital information in today's world necessitates efficient methods for
handling and extracting valuable insights from large volumes of text. Text summarization plavs
a crucial role in addressing this challenge by condensing lengthy documents while retaining

essential information.
1.2 Objectives

The principal objective of this text summarization project is to implement and assess a mode]
capable of generating succinct yet informative summaries from diverse textual data sources. By
achieving this, the project aims to contribute to the development of 100ls and technologies that

enhance the efficiency of information extraction and comprehension.
1.3 Feasibility

Our text summarizaticn project is technically feasible, leveraging the Seq2Seq model with
manageable computational resources. The availability of a diverse dataset ensures practicality.
Acknowledging limitations, such as data constraints, we propose mitigations. affirming the

project's feasibility and potential scalability.
1.4 System requirements

1.4.1 Hardware Requirements

The successful deployment of our text summarization system necessitates moderate
hardware specifications. A standard setup, including a multi-core processor. a
minimum of 8GB RAM, and ample storage for model parameters. accommodates the

computational demands during training and inference.
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1.4.2 Software Dependencics

Our system relies on prevalent deep learning frameworks such as Keras. Additionally,

essential libraries like Pandas contribute 1o text processing. Compatibility with Python

3.x ensures seamless integration with the broader machine learning ecosystem.

By adhering to these system requirements, uscrs can seamlessly integrate and utilize

our text summarization system, (ostering accessibility and ease of implementation.
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2.3 Transfer Learning and Pre-trained Models

¢

2.3.1 Transfer Learning in Natural Language Processing
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Transfer Iearning, popularized by the success of models like BERT (Devlin et al,,

i

2018), has become a key strategy in enhancing the performance of NLP tasks. Pre-
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trained language models offer a wealth of contextual knowledge for downstream
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Recent research, such as the study by See et al. (2017), explores the integration of

transfer learning techniques with Seq2Seq models for text summarization. Leveraging

)4
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pre-trained models enhances the system's ability to understand diverse language

Jd

nuances and improves summarization quality.
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Chapter 3: PRELIMINARY DESIGN

3.1 Problem Definition and Scope

Before delving into the detailed preliminary design of our text summarization system, it is
essential to outline key considerations that set the stage for subsequent planning. This pre-

preliminary design phase involves initial exploration and decision-making to guide the

subsequent steps.

3.1.1 Problem Definition

Define the problem scope and specific objectives of the text summarization system.
Identify the target audience, types of input data. and the expected output format.
Establishing a clear problem definition at this stage provides a foundation for

subsequent design decisions.

3.1.2 Scope Definition

Delineate the boundaries and limitations of the project. Clearly articula: 2 what falls
within the purview of the text summarization system and what lies outside, ensuring a

focused and achievable scope for the upcoming design phases.

3.2 System Architecture

Our text summarization system adopts a modular architecture, consisting of distinct
components for data pre-processing. model training, and inference. The core of the system

revolves around the Seq2Seq model. comprising an encoder-decoder structure.

3.3 Data Flow

The system initiates with raw textual data. processed through a comprehensive data pre-
processing pipeline. This pre-processed data is then fed into the Seq2Seq model for training.
Post-training. the model is integrated into the inference component, generating concise

summaries {rom input text.
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3.4 Technology Stack

We selected popular deep learning framework Keras, for its compatibility with the chosen
Seq2Seq model architecture and also for visualization, we choose Matplotlib for its

cllectiveness in presenting summarization results to end-users.
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Chapter 4: DESIGN AND EVALUATION

4.1 Data Collection

We choose a dataset with varying document lengths and topics to ensure the

model's generalizability. The datasets called NEWS SUMMARY which is

available on www.kaggle.com.

import numpy as np
import pandas as pd

/dataset = pd.read_csv("news_summary.csv")

dataset.heaé:il

author date headlines read_more text clext

The Acministraton of
“ricn Territaty 0

Damas & Div
FEVORES  RIE LWWWINCUSLERIMES SOMngla-nans FEXSRan AN NAN-Cor DLl
WENIS0TY  CAMEN-BNT-Lu-wCMmer-2m,
RaksTaband~an ES5UTZD. 427 pLCARKES hri Tuten_sourze=nshorsl
m offices orcer

Canad 03 Aug
Tyad 2097, 7Taursday

Maisika SEAE WD A AnAUSIENIEes T TOly 0ol M aRa

Datsy DBAX  user who Foied tor-honting3-nthwman:
Mowke 2017.T*wrsday  her for 'dromng

&hran’

Fig 4.1 Corpus Collection

4.2 Data pre-processing

We implemented a robust data pre-processing pipeline. Include steps such as text tokenization
and data cleaning. Ensure that the pre-processing steps align with the requircments of the

Seq2Seq model.
4.2.1 Feature Extraction

Remove the columns that do not play any significant role for the task in

hand to ensure good performance.

7



dataset = dataset.drop(['author'],axis=1)
dataset = dataset.drop(['date'],axis=1)
dataset = dataset.drop(['read_more'],axis=1)
dataset = dataset.drop(['headlines'],axis=1)

Fig. 4.2.1 Dropping unnecessary columns

4.2.2 Data Cleaning

Before we fed our raw to data to the model it needs to be cleaned. Data cleaning
includes turning each text to lowercase, removing special characters, removal of escape

characters etc.

import re

def text_strip(column):
for row in column:

+

row=re.sub("{\\t)", ' ', str(row)).lower()
row=re.sub("(\\r)", ' ', str(row)).lower()
row=re.sub("(\\n}", ' ', strrow)).lower()
row=re.sub("{__+)", ' ', str{row)).lower()
row=re.sub("{--+)", ' ', str(row)).lower()

row=re.sud("(~~+)", ' ', str(row)).lower()
row=re.sub(“(\#\++)", ' ', str(row)).lower()
row=re.sub("{\.\.+}", ' ', str(row))}.lower()

row=re. sub(r" [ (31888 [V VA", 2~ 1], 7, str(row)). lower (D

Fig. 4.2.2 Data Cleaning

4.2.3 Tokenization

Tokenization is a crucial pre-processing step in natural language processing (NLP)
tasks, including text summarization using Seq2Seq models. It involves breaking down
a text into smaller units, called tokens. Tokens can be words, sub-words, or characters,

depending on the level of eranularity required.
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from keras.preprocessing.text import Tokenizer
from keras.preprocessing.sequence import pad_sequences

x_tknizer = Tokenizer()
X_tknizer.fit_on_texts(list(x_tr)ﬂ

x_tknizer = Tokenizer(num_words=total_count-count
x_tknizer.fit_on_texts(list(x_tr))

X_tr_seq = x_tknizer.texts_to_sequences(x_tr)
x_val_seq = x_tknizer.texts_to_sequences(x_val)

1t

pad_sequences(x_tr_seq, maxlen=max_text_len, padding='post")
pad_sequences(x_val_seq, maxlen=max_text_len, padding='post')

x_tr
x_val

X_voc = x_tknizer.num_words + 1

print("size of vecabulary in X = {}".format(x_voc))

Fig. 4.2.3 Tokenization

4.3 Model Architecture

4.3.1 Seq2Seq Model Configuration

Configure the Seq2Seq model architecture. Define the encoder and decoder

structures. Determine the dimensionality of embedding layers and hidden states.

latent_dim = 332
enbedding_dim=208

encoder_inputs = Input(shapez(max_text_len,))
enc_emb = Embeddirg(x_voc, embedding_dim,trainable=True){encoder_inputs)

enccder_Istml = LSTM(latent_dim,return_sequences=True, return_statezTrue,dropout=2 &,recurrent_drepout=¢.4)
enceder_outputl, state_hl, state_cl = encoder_lstml(enc_emb)

enceder_lstm2 = LSTM(latent_dim,return_sequences=True,return_state=True,dropout=¢ i,recurrert_dropout=6,%
encoder_output2, state_h2, state_ <2 = encoder_lstm2(eaceder_cutputl)

encoder_lstm3=LSTH(latent_dim, return_sTate=True, return_sequénces=True,dropout=C.2,recurrent_crepout=94.5
encoder_ovtputs, state_h, state_c» encoder_lstmi{encoder_output2)

decoder_inputs = Input(shape=(None,))

dec_ermb_layer x Enbedding(y_voc, embedding_dim,trainable=zTrue)
dec_emb = dec_emb_layer(decoder_inputs)

T_dim, return_sequences=lcue, return_st

_state, decoder_back_state = decoder_ { _er e=[staxe_h, srate_c])

U

decoder_Istm = LSTH1at 7y

decoder_outputs,decoder

Fig 4.3.1 (a) Seq2seq model configuration



Layer (type) Output Snage Param W Connected tg

s==:=====:sx====:xll:-:==ll:l:lll::---x--:---:sx---wl-l-ullll--l-s«-sllvalllnln--o-----..........
input_1 (Inputlayer) [(Hone, 182)) ] (]

embedding (Embedding) (None, 128, 208) 7209 (“fnput_1(9])(8]")

lstm (LSTH) ((none, 16e, 2e9), €91209  [‘smbecding(a](e]’]

(Mone, 2¢0),
(None, 300))

input_2 (InputLayer) [(None, None)] 6 (]
Istm_1 (LSTH) [(None, 1e€, zea), 721249 ["lstm[e][g]"]

(None, 304),
(Hone, 208))

embedding_1 (Embedding) (None, tione, 28@2) 2606 [*input_2({0](8]"]
letm_2 (LSTM) [(None, 182, 3e2), 721268 ["1stm_1(a](8]"]
(None, 383),
» (None, 363)])
Istm_3 (LSTH) [(None, None, 3ea), £21283 [*empecding_1(e][8]’,
(lone, 3e2), "letm_2(8] (1],
(None, z62)) ‘1stm_2[3]){2]"]

Fig. 4.3.1 (b) Model
4.4 Model Training

Train the Seq2Seq model using the training sct. Monitor iraining progress, including loss
metrics and convergence. Experiment with different hyper-parameters, such as learning rates

and batch sizes, to optimize performance.

mov.‘ae]..cc:rr-pile(optimizer‘:‘rmspro;:'J loss:':parse_categcrical_cro:zentropy’)
es = Ear‘lyStcpping(monitor='-/al_loss', mode='min', verbcse=1,patience=2)

history=model.fit([x_tr,y_tr{:,:-1]], y_tr.reshape(y_tr.shape[5],y_tr.chape[1], 1)(:,1:] ,epochs=18

Fig. 4.4 (a) Model training
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Epoch 3/10 ‘
1’;1 [=::==;;================n=::=;=] - bg 55/5{&[} - loss; 1,4713 » ‘,/j'" loss: 6,6%3%
Epoch 4/10 3
1?1 [====:=============:===========] -~ 5§ SS/SIEp - loss; O,681) - val_loes; 60,6955
Epoch 5/10 =
1/1 [====scsc=zccazssssssssssssssas) - 65 Gs/step - loss) 0,7195 - val_loes: ,6781
Epoch 6/10 -
1;/)1 [====.—.====================-‘.‘.a===] - Og Sslﬁtﬁp = lnss; 00,6490 - 'Jﬂ]_?]rlehf 4,677
Epoch 7/10 .
1/1 [====:===========;===:a.==:..—.=====] - 55 Os/step - loss: 0,6414 - Vﬁ]_]ﬂ%ﬁ? 0,61/7
Epoch 8/10 . .
151 [=======sczcscszzass=sssssasssn] - §5 Gs/step - loss; 0,6345 - val_loss; 60,6176
Epoch 9/10 .
1/1 [===;=:==========a:z:;c::::=.:r.=] - Hs 55/5t&p - loss; 0,6296 - leﬂ]()sg; G,60675
Epoch 10/10 ' :
1/1 [========cz=z==csscscsssss=ss=sa] - 65 Gs/step - loss: 0,6239 - val_loss; 60,6035
Fig, .4 (h) Epochs
= train

2.50 1 —— U;’St

2.25 1

2.00 A

1.75 1

1.50 A

1.25 A

1.00 ~

T T T
0 2 4 6 8

Fig 4.4 (¢) Training loss vs. Validation loss over time
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4.5 Evaluation

Choose appropriate evaluation metrics for summarization quality. ROUGE, which stands for
Recall-Oriented Understudy for Gisting Evaluation, is a set of metrics used to evaluate the
quality of automatic summaries by comparing them to reference or human-generated
summarics. ROUGE focuses on measuring the overlap of n-grams (contiguous sequences of n
items, usually words) between the generated summary and the reference summary. It's widely

used in natural language processing tasks, including text summarization.

ROUGE-L focuses on the longest common subsequence (LCS) between the generated
summary and the reference summary. It takes into account the length of the common

subsequence. providing a measure of content overlap.

In the context of ROUGE metrics. precision, recall. and F1 score are calculated based on the

counts of certain elements in the system-generated summary and the reference summary.

Table 4.1 ROUGE SCORE

Precision Recall F1l score
ROUGE-1 0.43 0.56 0.52
ROUGE-2 0.35 0.48 041
ROUGE-L 0.51 0.64 0.58

a) Precision measures the proportion of n-grams in the system-generated summary that also
appear in the reference summary. It is calculated as the number of overlapping n-grams

divided by the total number of n-grams in the system-generated summary.

b) Recall measures the proportion of n-grams in the reference summary that are also present
in the svstem-generated summary. It is calculated as the number of overlapping n-grams

divided by the total number of n-grams in the reference summary.

¢} F1 score is the harmonic mean of precision and recall. It provides a balance between
precision and recall, giving an overall measure of the effectiveness of the system-generated

summary compared to the reference summary.

12



Chapter 5: APPLICATION AND LIMITATION

a)

b)

c)

d)

c)

5.1 Applications

Text summarization using Seq2Seq models has found applications across various domains.

Here are some notable applications:
News Summarization:

Automatically generating concise summaries of news articles helps readers quickly grasp the

main points without reading the entire article.
Research Paper Summarization:

Summarizing lengthy research papers facilitates quick comprehension of key findings.

methodologies, and conclusions.
Social Media Content Summarization:

Generating summaries of lengthy posts or threads on social media platforms helps users quickly

understand and engage with content.
Legal Document Summarization:

Summarizing legal documents helps legal professionals quickly extract key details, saving time

and aiding in decision-making.
Healthcare Record Summarization:

Summarizing patient records or medical literature allows healthcare professionals to extract

critical information efficiently.

=
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5.2 Challenges we faced

When implementing text summarization using Seq2Seq models. several challenges and

problems were encountered throughout the development. Addressing these issues is crucial for

the system's effectiveness and user satisfaction. IHere are some common problems faced in text

summarization;

a) dbstractive Sunnarization Ambiguity;

h)

d)

el

Abstractive summarization introduces the challenge of dealing with language ambiguity.
The model may generate summaries that deviate from the source text's intended meaning.

Developing techniques to enhance coherence and accuracy is vital.

Data Quality and Diversin:

The effectiveness of Seq2Seq models heavily depends on the quality and diversity of the
training data. Inadequate or biased datasets can result in models that generalize poorly to
difTerent domains or topics.

Evaluation Metrics Limitations:

Common evaluation metrics like ROUGE may not fully capture the quality of generated
summaries. Designing or using more sophisticated metrics that align with human judement

is an ongoing challenge in the field.
Scalability Issues:

As the system scales to larger datasets or more complex Seq2Seq architectures. issues
related to computational efficiency and memory constraints may arise. Ensurine scalabiljty

without compromising performance is a persistent challenge.
User Subjectivine:
Users may have different expectations regarding what constitutes a "eood” summarv.

Balancing the diversity of user preferences while maintainine a  standardized

summarization approach poses a challenge.



5.3 Limitations

While text summarization using Seq2Seq models has shown promising results, there arc several

limitations. Understanding these limitations is crucial for ensuring the appropriate application

and interpretation of summarization systems.

a)

b)

¢)

Lack of Understanding:

Seq2Seq models may not fully comprehend the nuances, context, or semantics of the input
text. The generation of abstractive summaries relies on learned patterns but may lack a deep

understanding of the content.
Handling Rare or Out-of-Vocabulary Words:

Seq28eq models trained on a limited vocabulary may struggle with rare or out-of-
vocabulary words. This limitation can impact the model's ability to summarize texts

containing specialized terminology.
Overemphasis on Training Data Distribution:

Seq2Seq models are sensitive to the distribution of the training data. If the training data
does not adequately cover diverse topics or document structures, the model’s generalization

to unseen data may be compromised.

Loss of Information:

During summarization, Seq2Seq models may prioritize certain information while
neglecting other relevant details. This trade-off between informative-ness and conciseness

can lead to the loss of important content.
Challenges in Handling Diverse Writing Styles:

Variations in writing styles, including colloquial language. formal prose. or domain-
specific jargon, can pose challenges for Seq2Seq models in generating coherent and

stylistically appropriate summaries.
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Chapter 6: CONCLUSION

The development and exploration of our text summarization system using Seq2Seq models have
unveiled both promising capabilitics and notable challenges. Through a systematic approach, we have

laid the foundation for a robust and adaptable system that holds potential across various applications.

The Seq2Seq architecture, with its encoder-decoder structure, serves as the backbone of our
summarization model. As we delved into the implementation, we navigated the intricacies of data pre-
processing, model configuration, and hyper-parameter tuning. The training procedure unfolded, with a
keen eye on addressing challenges such as document length, abstractive summarization nuances, and

the impact of diverse writing styles.

The evaluation phase. employing metrics like ROUGE, provided insights into the system's performance.
We acknowledged the limitations related to handling long documents, potential biases, and the inherent

difficulty in measuring abstractive summarization quality.

Addressing these challenges, we integrated external libraries for natural language processing,
considered user interface design, and contemplated scalability considerations. The system, designed

with scalability in mind, opens avenues for future enhancements and adaptation to evolving

requirements.

In conclusion, our text summarization project stands as a testament to the dynamic landscape of natural
language processing. While we celebrate achievements in abstractive summarization and transfer
Jearning integration, we recognize the need for ongoing research lo overcome challenges and refine the
system's capabilities. The journey from data collection to system integration has been a valuable
learning experience, contributing to the broader discourse on effective text summarization in the cra of
advanced deep learning models. As we look forward, we remain committed to refining and extending

our system to meet the demands of diverse domains and user expectations, making meaningful strides

in the realm of automated text summarization.
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