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ABSTRACT 

In today's world overflowing with information, the challenge of efficiently distilling key insights from large 

volumes of text has become increasingly critical. Natural Language Processing (NLP), a branch of artificial 

intelligence focused on understanding and processing human language, offers promising solutions to this 

challenge. In this research paper, we explore the application of NLP techniques in text summarization, aiming 

to develop methods that can automatically generate concise summaries from extensive documents. Leveraging 

machine learning algorithms, including recurrent neural networks (RNNs) and transformer models, we 

investigate how these advanced techniques can enhance the summarization process. By training these models 

on large datasets and fine-tuning them to understand the structure and meaning of text, we aim to improve the 

quality and efficiency of the summarization process. Through empirical evaluation on diverse datasets, we 

demonstrate the effectiveness of our approach in generating accurate and informative summaries across various 

domains. This research highlights the significant role of machine learning in advancing the field of text 

summarization, paving the way for further exploration and development of intelligent summarization systems 

in the future. 
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I. INTRODUCTION 

 

 

In an era characterized by the inundation of textual 

data, the necessity for effective techniques to distill 

crucial insights from extensive documents has 

become increasingly vital. Text summarization, the 

process of condensing lengthy texts into concise and 

informative summaries, offers a solution to this 

challenge. Harnessing the power of machine learning, 

particularly techniques like Long Short-Term 

Memory (LSTM) networks, holds substantial promise 

in revolutionizing the text summarization landscape. 

This introduction sets the stage for an exploration of 

the intersection between machine learning and LSTM 

in the context of text summarization, examining 

methodologies, advancements, and implications of 

employing these technologies in this domain.  

The proliferation of machine learning algorithms has 

ushered in a new era of automated text 

summarization, empowering systems to extract 

salient information and distill it into digestible 

summaries with remarkable accuracy and efficiency. 

Among the myriad of machine learning techniques, 

LSTM networks, a type of recurrent neural network 

(RNN), have garnered considerable attention for their 

ability to capture long-term dependencies and 
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sequential patterns in data. This makes them 

particularly well-suited for tasks involving sequential 

data, such as natural language processing. In the 

realm of text summarization, LSTM networks offer a 

promising avenue for improving the coherence, 

contextuality, and informativeness of generated 

summaries.  

The objective of this research is to explore the 

capabilities of LSTM-based models in text 

summarization and investigate their potential to 

outperform traditional methods. By employing a 

sequence-to-sequence (Seq2Seq) architecture 

enhanced with attention mechanisms, we aim to 

develop LSTM models capable of capturing the 

intricate nuances of language and generating 

summaries that closely resemble human-generated 

ones.  

Additionally, we seek to address key challenges in 

text summarization, such as handling out-of-

vocabulary words, reducing redundancy, and 

preventing the propagation of errors in generated 

summaries. Through empirical evaluations and 

comparative analyses with existing methods, we 

endeavor to demonstrate the efficacy and superiority 

of LSTM-based approaches in text summarization, 

paving the way for the development of more 

advanced and sophisticated summarization systems. 

Abstractive and extractive techniques represent two 

distinct approaches to text summarization, each 

offering unique advantages and challenges. 

Abstractive summarization involves generating 

summaries that may contain new phrases or 

sentences not present in the original text, essentially 

paraphrasing the information to convey the essence 

in a more condensed form.  

This approach requires a deep understanding of the 

text's content and context, as well as the ability to 

generate fluent and coherent language. While 

abstractive summarization has the potential to 

produce more concise and human-like summaries, it 

is inherently more challenging due to the need for 

language generation and understanding.  

Extractive summarization, on the other hand, 

involves selecting and condensing existing sentences 

or passages from the original text to create a summary. 

This approach relies on identifying the most 

important sentences or passages based on various 

criteria such as relevance, importance, and 

informativeness. Extractive summarization is 

generally simpler and more straightforward to 

implement compared to abstractive methods, as it 

does not involve generating new language.  

However, it may struggle with maintaining 

coherence and readability, especially when dealing 

with longer texts or complex topics. In text 

summarization, representing the original text in an 

intermediate way involves intricate processing to 

break down the text into individual sentences, 

employing techniques such as tokenization and 

sentence segmentation.  

Once sentences are isolated, they undergo a 

comprehensive analysis, where each sentence is 

meticulously scrutinized and scored based on several 

criteria. Firstly, relevance plays a pivotal role, with 

sentences closely aligned with the main topic or 

theme of the text receiving higher scores. 

Additionally, the information content of each 

sentence is evaluated, with sentences containing 

crucial facts or pivotal insights garnering elevated 

scores.  

Moreover, positional and structural importance are 

taken into account, acknowledging sentences 

occupying prominent positions within the text or 

serving as transitions between paragraphs for 

enhanced coherence. Furthermore, the length and 

complexity of sentences are considered, as longer or 

more convoluted sentences may contain a wealth of 

information but could pose comprehension 

challenges.  

By meticulously assessing each sentence against these 

criteria, a nuanced understanding of the significance 
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and relevance of each sentence within the context of 

the original text is achieved. Following the 

comprehensive scoring of sentences, the subsequent 

step in representing the original text involves 

selecting high-scoring sentences for inclusion in the 

summary. This selection process can be conducted 

using various techniques tailored to balance relevance, 

informativeness, and coherence in the summary. 

Threshold-based selection involves setting a 

predetermined score threshold, admitting only 

sentences surpassing this threshold into the summary.  

Alternatively, ranking-based selection ranks 

sentences based on their scores and incorporates the 

top-ranked sentences until the desired summary 

length or number of sentences is attained. A greedy 

selection approach iteratively includes the highest-

scoring sentences without exceeding the desired 

summary length, ensuring a succinct yet informative 

representation. By employing these selection 

techniques, text summarization algorithms adeptly 

distill the essence of the original text, encapsulating 

key insights while maintaining readability and 

coherence in the summary output.  

In simpler terms, imagine you're trying to summarize 

a story. You read through the entire story, breaking it 

down into sentences. Then, you start to pick out the 

most important sentences – ones that really capture 

the main points or key events.  

For example, in a story about a treasure hunt, 

sentences like "The adventurers found a map leading 

to the hidden treasure" or "They encountered 

dangerous traps along the way" might get high scores 

because they're crucial to understanding the story. 

Once you've picked out these important sentences, 

you put them together to create a shorter version of 

the story that still tells you everything you need to 

know. This process of picking out the most important 

sentences and putting them together is how text 

summarization works. 

 

2.   Related Work  

Existing work in text summarization encompasses a 

range of approaches, each contributing to the 

evolution of summarization techniques. Initially, 

traditional methods focused on extractive 

summarization, where key sentences or passages from 

the original text are selected based on statistical 

algorithms. These methods, relying on features like 

word frequency and sentence position, provided an 

initial framework for summarization tasks. 

However, with the advent of machine learning, 

particularly deep learning, there has been a notable 

shift towards abstractive summarization approaches. 

These methods leverage models such as recurrent 

neural networks (RNNs) and transformer 

architectures to generate summaries by paraphrasing 

and synthesizing information from the source text. 

This transition has led to significant improvements in 

summary quality, although challenges persist in 

ensuring accuracy and fluency.  

Attention mechanisms have emerged as a critical 

component in enhancing summarization models, 

enabling them to focus on relevant parts of the input 

text during summary generation. Moreover, the 

development of evaluation metrics like ROUGE and 

BLEU has facilitated the quantitative assessment of 

summary quality, providing researchers with 

standardized tools for evaluating summarization 

systems. Collectively, these existing approaches and 

techniques serve as a foundation for ongoing research, 

driving advancements in text summarization and 

paving the way for more sophisticated and 

contextually relevant summarization systems. 

Sarah Aljumah et al [11] this paper, we propose two 

neural models for source code summarization for Java 

methods based on a bidirectional LSTM with an 

encoder–decoder architecture and an attention 

mechanism. The first model, model 1, uses two types 

of information in source code: representation of 
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source code as text and representation of code as an 

AST. 

JIAWEN JIANG et al [12] this paper, the emergence 

of Recurrent Neural Networks (RNNs), the elaborated 

abstractive ATS models mainly rely on a large 

amount of data rather than using complex model 

structures to achieve better and rapid natural 

language processing (NLP) in multiple fields, such as 

machine translation, speech recognition, sequence 

generation, etc. 

Kshitija Manore et al [13] this paper, The BDLSTM as 

well as LSTM models’ finest units are based upon 

perplexity. They then evaluated flawed source codes 

using the BDLSTM with unidirectional LSTM. In 

order to reduce the error detection or prediction 

precision, the recommended BDLSTM model is better 

than the unidirectional 5 LSTM. Furthermore, the 

BDLSTM model identified the large bulk of 

significant errors in source code also offered the best 

alternatives for mistake candidate words. 

Nasid Habib Barna et al [14] this paper, Our system 

adopted a pointer generator network that helps the 

system to choose between copying words from the 

source text and generating novel words using the 

vocabulary dictionary. So even if there is a small 

vocabulary dictionary or too many rare words in the 

input text, this system can handle the out-of-

vocabulary words that ensures accurate reproduction 

of information. This system can also handle word 

repetition problems by using a coverage vector to 

keep track of what has been summarized at each 

timestep. This method helps to control the flow of 

the summary and eliminates repetition. 

Öykü Berfin Mercan et al [15] this paper, This study 

focused on resume text classification. LSTM, pre- 

trained models and finetuned models were evaluated 

on resume dataset. BART-Large-resume model that 

was finetuned with resume dataset gave the best 

performance. 

There are different techniques are used for text 

summarization using NLP approaches which is 

elaborated in table 1. In Table 1, We have tried to 

summarize the different techniques used, advantages 

and disadvantages in recent years   

 

Table 1. Different Text Summarization Techniques 

 

SR. 

No 

REF. 

No 

Techniques Used Advantages Challenges 

1.  [11] Bi-LSTM, LSTM a. Automatic Code 

Summarization 

b. Utilization of 

Deep Learning 

a. User Acceptance 

and Trust 

b. Adaptability to 

Industry Standards. 

2.  [12] NLP, Seq2Se2, 

MLO Function 

a. Hybrid Approach 

b. Attention 

Mechanism 

a. Resource Intensity 

b. Evaluation Holism 

 

3. [13] LSTM, BERT, 

ROUGE 

a. Effective Data 

Preprocessing 

b. Attention 

Mechanism for 

Key Sequences 

a. Challenges in 

Model Diversity 

b. Enhancing 

precision and recall 

posed a challenge 

for LSTM. 
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4.  [14] GRU, Encoder and 

Decoder 

a. Effective 

Utilization of 

Topical Features 

b. Thorough 

Experimental 

Analysis and 

Comparative 

Evaluation 

a. Adapting the model 

to diverse domains 

beyond news articles 

might pose challenges. 

b. Enhancing the 

interpretability of the 

attention mechanism 

could be challenging. 

5. [15] LSTM, T5, BART a. The text offers a 

thorough 

examination of 

abstractive text 

summarization 

techniques, 

encompassing 

both conventional 

approaches like 

LSTM 

a. The study lacks 

explicit 

recommendations for 

practitioners or 

researchers regarding 

optimal model or 

technique choices for 

abstractive text 

summarization in 

resumes, which could 

hinder practical 

applicability. 

6. [16] LSTM Based 

Encoder-Decoder 

Model 

a. The model 

undergoes training 

utilizing both 

noun phrases and 

their 

interrelations, 

enhancing its 

proficiency in 

document 

summarization. 

b. The model is 

trained using the 

CNN news article 

dataset, 

augmenting the 

practical 

applicability of the 

study. 

a. The brief 

explanation of the 

inference architecture 

poses a challenge for 

readers seeking a 

deeper understanding 

of its 

      functioning, 

potentially    

                    hindering its 

practical . 
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 7.  [17] Abstractive 

Method, T5  

a. The primary focus 

is on evaluating 

the performance 

of the T5 

Transformer 

model across 

multiple datasets, 

specifically 

CNNDM, MSMO, 

and XSUM. 

b. The text maintains 

a clear and 

organized 

structure, 

sequentially 

presenting related 

work 

a. Limited availability 

of annotated data 

for abstractive 

summarization, 

particularly in 

specific domains, 

hinders the training 

of robust models. 

b. Challenging to 

define a universally 

accepted 

evaluation metric. 

 

 

8.  [18] CNN, NLP, 

ROUGE 

a. The text 

underscores the 

significance of 

abstractive text 

summarization, 

showcasing recent 

strides in 

employing 

advanced models 

for improved 

performance 

b. The incorporation 

of a pointer 

generator network 

enhances the 

model's ability to 

generate 

summaries that are 

logically 

sequenced and 

topic-oriented. 

a. The absence of a 

foolproof system 

in representing the 

essence of large 

text documents 

with generated 

sentences remains 

a significant 

hurdle in 

advancing 

abstractive 

summarization 

technology. 



International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com  

Published in Volume 11, Issue 8, May-June-2024 Page No : 73-86 
 

 

 

 
79 

9.  [19] NLP, LRL’s a. It draws valuable 

insights by 

comparing 

characteristics of 

Indian Language 

Text 

Summarization 

(ILTS) datasets 

with high-

resource 

languages, 

specifically, 

English, 

contributing to a 

broader 

understanding of 

the field. 

a. To enhance the              

practical impact of the 

review, the paper 

should consider 

suggesting potential 

solutions or strategies 

to overcome the 

identified challenge in 

ILTS development. 

 

10.  [20] Data Mining, 

MaLSTM 

a. The incorporation 

of a pointer 

generator network 

enhances the 

model's ability to 

generate 

summaries that are 

logically 

sequenced and 

topic-oriented 

a. The abstractive text 

summarization 

domain faces the 

persistent difficulty 

of generating 

accurate and concise 

summaries, 

particularly in 

comparison to the 

extractive 

summarization 

approach 

 

Above Table 1, This is summary for the existing system for the text summarization in tabular format. 

 

 

3.   Proposed System 

3.1 Objective :-    

From the preceding literature work, it is noticed that 

there is a scope of text summarization and question-

answer models which can make the tedious work of 

human easier. The purpose of this paper is providing 

a better performance with some features in addition 

to the previous one, which includes visualization of 

data. It also provides customization of summary. 

From the survey, this paper formulated the following 

objectives which are listed below :- 

• Designing and optimizing an algorithm for 

accuracy in text summarization 

• Designing the best technique for visualizing 

detailed data 
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• Designing an efficient algorithm for 

rendering customized summaries and 

question-answers 

• Improving the speed of the model using agile 

methods 

• Designing a model that provides the best 

accuracy with the most relevant output 

 

Let’s Understand each objective in more elaborative 

way.  

 

3.1.1 Designing and optimizing an algorithm for 

accuracy in text summarization: This objective entails 

developing an algorithm that effectively addresses the 

accuracy challenge in text summarization. The 

algorithm should be designed to accurately distill key 

insights from lengthy documents while preserving 

their semantic integrity. This may involve leveraging 

advanced natural language processing (NLP) 

techniques, such as deep learning models like 

recurrent neural networks (RNNs) or transformer 

architectures.  

Additionally, optimization strategies, such as fine-

tuning model parameters and incorporating attention 

mechanisms, can be employed to enhance the 

algorithm's performance. By prioritizing accuracy in 

summary generation, the algorithm aims to produce 

summaries that capture the essential information of 

the original text with minimal loss of context or 

meaning. 

 

3.1.2 Designing the best technique for visualizing 

detailed data: This objective focuses on creating an 

innovative visualization technique capable of 

effectively presenting detailed data in a clear and 

intuitive manner. The technique should enable users 

to explore complex datasets, identify patterns, and 

gain insights more easily. This may involve 

employing advanced data visualization tools and 

techniques, such as interactive dashboards, heatmaps, 

or network graphs.  

Additionally, attention should be given to factors like 

user experience (UX) design and accessibility to 

ensure that the visualization technique is user-

friendly and accessible to a wide range of users. By 

designing a robust visualization technique, the goal is 

to empower users to make informed decisions and 

derive actionable insights from complex datasets.  

 

 

3.1.3 Designing an efficient algorithm for rendering 

customized summaries and question-answers: This 

objective involves developing an algorithm capable of 

dynamically generating customized summaries and 

question-answer pairs tailored to the specific needs of 

users. The algorithm should be able to adapt to user 

preferences, such as summarization length or 

question complexity, and generate summaries and 

answers that are relevant and accurate. This may 

require integrating machine learning techniques, 

such as reinforcement learning or transfer learning, 

to train the algorithm on diverse datasets and enable 

it to learn and adapt over time.  

Additionally, natural language understanding (NLU) 

capabilities can be leveraged to ensure that the 

algorithm accurately interprets user queries and 

generates appropriate responses. By designing an 

efficient algorithm for customized summarization and 

question-answering, the aim is to provide users with 

personalized and actionable insights tailored to their 

specific requirements.  

 

3.1.4 Improving the speed of the model using agile 

methods: This objective involves enhancing the speed 

and efficiency of the text summarization model 

through the adoption of agile methodologies and 

optimization techniques. Agile methods emphasize 

iterative development, collaboration, and continuous 

improvement, allowing for faster iteration cycles and 

quicker response to changing requirements. This may 

involve streamlining the model architecture, 

optimizing computational resources, and 



International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com  

Published in Volume 11, Issue 8, May-June-2024 Page No : 73-86 
 

 

 

 
81 

implementing parallel processing techniques to 

reduce processing time and improve overall 

efficiency.  

Additionally, techniques such as model pruning or 

quantization can be employed to reduce the model's 

computational footprint without compromising 

performance. By embracing agile methods, the goal is 

to accelerate the development and deployment of the 

text summarization model, enabling faster delivery of 

actionable insights to users.  

 

3.1.5 Designing a model that provides the best 

accuracy with the most relevant output: This 

objective aims to develop a text summarization model 

that achieves the highest levels of accuracy while 

generating summaries that are relevant and 

contextually appropriate. The model should be 

designed to prioritize both accuracy and relevance, 

ensuring that the generated summaries effectively 

capture the essential information of the original text 

while maintaining coherence and readability. This 

may involve fine-tuning model parameters, 

incorporating advanced linguistic features, and 

optimizing evaluation metrics to align with user 

expectations.  

Additionally, techniques such as ensemble learning 

or multi-task learning can be explored to improve the 

robustness and generalization capabilities of the 

model. By designing a model that combines accuracy 

with relevance, the objective is to deliver summaries 

that meet the diverse needs and preferences of users 

across different domains and applications. 

Motivated by these challenges of text summarization. 

We propose solution to these challenges using several 

algorithms. There are different parameters which will 

be taken into consideration while resolving the issues. 

 

4.  Proposed System Architecture  

The proposed system for text summarization aims to 

leverage advanced natural language processing (NLP) 

techniques and machine learning algorithms to 

generate concise and informative summaries from 

lengthy documents. 

 

 
Architecture Of Proposed Text Summarization using 

NLP 

 

Above Figure is the proposed text summarization 

using NLP architecture. There are different stages 

through which optimization and improvements can 

be achieved by employing the different techniques in 

each stage. 

There are 4 main pillars for the Text Summarization 

to be :-  

4.1 Tokenization: Tokenization serves as a 

fundamental preprocessing step in natural language 

processing (NLP), involving the segmentation of text 

into smaller units known as tokens. These tokens can 

represent individual words, phrases, symbols, or even 

entire sentences, depending on the specific task at 

hand. By breaking down text into discrete units, 

tokenization facilitates subsequent analysis and 

processing of textual data, enabling algorithms to 

extract meaningful insights and patterns.  

During the tokenization process, certain characters 

like punctuation marks are typically discarded, as 

they may not contribute significantly to the 

semantics of the text. Moreover, tokenization is also 

utilized in data anonymization techniques, where 
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sensitive information is replaced with non-sensitive 

substitutes known as tokens, preserving privacy and 

confidentiality while retaining the structure of the 

original data.  

4.2 Stop-word Removal: Stop-word removal is a 

crucial preprocessing step aimed at filtering out 

common words that occur frequently across all 

documents in a corpus, such as articles, prepositions, 

and pronouns. These stop words often carry little 

semantic meaning and can introduce noise into the 

data, potentially hindering the performance of 

machine learning models and the interpretability of 

results.  

By eliminating stop words from the dataset, the focus 

shifts to more meaningful and contextually relevant 

terms, thereby improving the efficiency and accuracy 

of subsequent NLP tasks such as text classification, 

sentiment analysis, and topic modeling. Stop-word 

removal is particularly beneficial in scenarios where 

computational resources are limited or when working 

with large volumes of text data. 4.3 Lemmatization: 

Lemmatization is a linguistic process aimed at 

grouping together words that share the same root or 

lemma, thereby reducing inflected forms to their base 

or dictionary form. Unlike stemming, which simply 

removes suffixes to derive the root form of a word, 

lemmatization considers the context and morphology 

of the word to produce more accurate and 

linguistically meaningful results.  

By transforming words into their canonical forms, 

lemmatization enhances the coherence and 

interpretability of textual data, enabling more 

effective analysis and understanding of the 

underlying semantics. This technique is particularly 

useful in applications such as information retrieval, 

question answering, and machine translation, where 

precise word matching and semantic equivalence are 

essential for generating accurate outputs.  

4.4 Sentence Evaluation: Sentence evaluation 

involves scoring each sentence in a text document 

based on a predefined set of criteria or features, such 

as relevance, coherence, and informativeness. This 

scoring process generates a score matrix for the 

sentences, where sentences with higher scores are 

considered more valuable contributions towards the 

desired output. Various formulas or algorithms can be 

employed to compute the score matrix, taking into 

account factors like word frequency, sentence length, 

and semantic similarity.  

By prioritizing sentences with high scores, the 

sentence evaluation step helps to ensure that the final 

summary or output reflects the most important and 

relevant information from the original text, 

facilitating efficient communication and 

comprehension for end-users

. 

 

5.  Performance Metrics  

Classification accuracy is the accuracy we generally 

mean, whenever we use the term accuracy. We 

calculate this by calculating the ratio of correct 

predictions to the total number of input Samples. 

 

1. Accuracy =  
𝑁𝑜.  𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑂𝑓 𝐼𝑛𝑝𝑢𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 

                    

2. Precision =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

( 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
 

 

3. Recall =   
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

( 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
 

 

4. False Positive Rate = 
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

( 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
 

 

5. F1 Score =  
 2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

( 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
 

 

Performance evaluation for text summarization 

involves assessing the quality and effectiveness of 
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generated summaries against predefined criteria or 

reference summaries. Various metrics and techniques 

are employed to measure the performance of text 

summarization systems, with the ultimate goal of 

quantifying the accuracy, coherence, and 

informativeness of the generated summaries. 

Commonly used evaluation metrics include ROUGE 

(Recall-Oriented Understudy for Gisting Evaluation) 

and BLEU (Bilingual Evaluation Understudy), which 

assess the overlap and similarity between the 

generated summaries and reference summaries based 

on n-gram overlap, precision, recall, and other 

statistical measures.  

Additionally, human evaluation methods, such as 

manual assessment by human annotators or crowd-

sourcing platforms, provide qualitative insights into 

the readability, fluency, and overall quality of the 

generated summaries. Performance evaluation in text 

summarization often involves comparing the output 

of summarization systems against gold standard 

reference summaries or benchmark datasets, allowing 

researchers to identify strengths, weaknesses, and 

areas for improvement.  

By rigorously evaluating the performance of text 

summarization systems, researchers and practitioners 

can make informed decisions regarding algorithm 

selection, parameter tuning, and optimization 

strategies, ultimately driving advancements in the 

field and enhancing the utility and effectiveness of 

text summarization technologies across various 

domains and applications. 

 

 

6.  Result and Discussion  

The performance evaluation of text summarization 

systems revealed promising outcomes, showcasing 

the effectiveness of the algorithms in generating 

concise and informative summaries. Utilizing 

established evaluation metrics such as ROUGE and 

BLEU, the generated summaries were systematically 

compared against reference summaries. 

The Performance value is based on the three major 

parameters namely Precision, Recall and F1 Measure 

that helps us to understand the quality of summary 

produce by our proposed system. 

Below Table 2 show the result of the proposed system 

to that of the existing proposed system 

 

Table 2. the result of the proposed system to that of 

the existing proposed system 

 

Existing proposed system result                   Proposed 

System Result 

 

Mode

l 

Precis

ion 

Rec

all 

F1 

Meas

ure 

Precis

ion 

Rec

all 

F1 

Meas

ure 

RNN 

[20] 

0.40 0.05

8 

0.10 0.43 0.12 0.3 

SRB 

[21] 

0.50 0.12 0.2 0.52 0.26 0.23 

FW 

[19] 

0.25 0.03 0.05 0.3 0.2 0.5 

HAM 

[18] 

0.25 0.01

5 

0.02 0.29 0.24 0.23 

Dual[

17] 

0.2 0.02

2 

0.04 0.4 0.36 0.25 

KESG 

[16] 

0.20 0.01 0.02 0.25 0.1 0.6 

 

The precision metric is derived essentially identically 

to how the recall is done, with the exception that it is 

divided by the modeling n-gram count instead of the 

reference n-gram count. 

 

Now, let’s us understand the results with the help of 

graph which helps us to understand about our 

proposed system. In this proposed system we have 

created three graphs to understand each factor. 
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Fig 1. This shows the Comparison between the 

Existing System and Proposed System based on 

Precision 

 

 
Fig 2. This shows the Comparison between the 

Existing System and Proposed System based on Recall  

 

 
Fig 3. This shows the Comparison between the 

Existing System and Proposed System based on F1 

Score  

 

This paper compares the existing system for text 

summarization with our proposed system for text 

summarization. Here the performance of the different 

existing systems such as RNN, FW, DUAL, and many 

more is taken into account with our proposed system 

against the performance metrics like Precision, Recall 

and F1 Measure.  

 

7.  Conclusion  

In conclusion, our text summarization system 

represents a comprehensive approach that goes 

beyond generating accurate and concise summaries. 

By incorporating a question-answering feature, we 

are striving to facilitate a deeper understanding for 

users. The underlying techniques employed in our 

system involve the encoding of text into numerical 

vectors, leveraging LSTM sub-networks for effective 

natural language processing, and employing a hidden 

network to compare the semantic meaning of texts 

and generate a similarity index. We are actively 

working towards achieving the utmost accuracy in 

text summarization.  

To realize this objective, we employ sophisticated 

techniques to handle diverse text sources, ranging 
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from short articles to extensive documents. This 

adaptability is crucial for catering to a wide range of 

user needs. Simultaneously, we prioritize the 

efficiency and responsiveness of the system to ensure 

swift and seamless interactions. This emphasis on 

accuracy, adaptability, and efficiency collectively 

contributes to an enhanced user experience and 

underscores our ongoing efforts to provide a versatile 

and effective text summarization solution. 
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