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Abstract  

Automatic Text summarization (ATS) is a fundamental task in NLP (natural-language-processing), 
aimed at generating concise and coherent summaries of longer texts. In this study, we investigate 
the use of deep-learning techniques, with a focus on LSTM (Long Short-Term Memory) neural 
networks, Global Vectors used in Word Representation (GLOVE) embeddings, and the TensorFlow 
framework, for abstractive text summarization.Our approach leverages the power of LSTM networks 
to capture sequential dependencies in the input text, enabling the generation of abstractions that 
extend beyond simple sentence extraction. GLOVE embeddings are used to denote the words in a 
constant vector space, thereby improving the model's comprehension of semantic relationships 
between words. TensorFlow provides the computational framework for efficient model training and 
deployment.We perform experiments on diverse datasets to assess the execution of our abstractive 
text summarization model. Our findings demonstrate that integrating LSTM, GloVe embeddings, and 
TensorFlow significantly enhances the quality and fluency of generated summaries compared to 
traditional extractive summarization approaches.This study contributes to the development of 
abstractive text summarization techniques, offering a promising approach to distill important details 
from textual data automatically. Furthermore, the use of open-source tools like TensorFlow makes 
our model accessible and adaptable for many different applications in the field of natural language 
processing. 

Keywords: Abstractive Summarization, LSTM, Glove, TensorFlow, Natural Language 

Processing, Text Summarization. 

 

Introduction 

In the ever-expanding realm of data, the capability to extract significant sizes of articles into brief 
and important summaries has become increasingly crucial. One difficult issue in natural language 
processing is text summarizing, which is the extraction of essential information from a given document 
while preserving its core meaning. This process finds applications in various domains, from news 
articles and research papers to social media posts. Before proceeding to our research about automatic 
text summarization first, we understand “what summary means. Various researchers provide different 
definitions of summary but best defined by[1]  " a text that is shorter than half of the original texts' length, 
based on one or more source texts, and contains the most pertinent material from those sources.”. 
Other definitions of the summary are as follows  

• According to [2] “Summarization is the method which works with enormous information and 
taking out relevant information by concentrating solely on the crucial details”.  

• Hove (2005) “A summary refers to information that has been extracted from single or multiple 
texts and includes a significant amount of the content found in the source text or texts, and its length 
does not exceed half of the original text(s)”. 

• Fattah and Ren (2008) said “Text summarization involves the automated generation of a 
condensed version of a given text, aiming to deliver valuable information for a specific purpose”. 
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Generally, we can say. A summary is a brief and condensed representation of the main points, 
essential elements, or key ideas of a longer piece of text, speech, or other form of communication. It 
aims to provide a concise overview of the original content, allowing readers or listeners to quickly grasp 
the central themes without going through the complete text. The purpose of a summary is to offer a 
quick understanding of the primary content, making it useful for readers who want a quick overview or 
for those who need to grasp the essential information efficiently. When the summary is created 
automatically, it is called Automatic text summarization, a critical NLP (natural language processing ) 
area . It refers to the process of using computational methods, algorithms, or artificial intelligence 
techniques to generate summaries of textual content without human intervention. ATS (Automatic-text-
summarization) can be achieved by either extractive or abstractive techniques[3]. In the extractive 
method, essential sentences or phrases are selected from the primary document. This technique has 
two major challenges. The first challenge involves effectively extracting the most pertinent information 
and key principles from the source document. This process requires identifying and selecting the 
content that is crucial for conveying the main ideas of the text. The second challenge is to organize and 
present this extracted information coherently and logically, creating a summary that accurately reflects 
the essential elements of the original document. The abstractive procedure involves rephrasing key 
sections and fundamental concepts of a text document to identify them. The basic steps and structure 
of the automatic text summarization process (extractive or abstractive) are as follows. 

 

Figure 1: Complete process and steps involved in ATS 

Pre-processing:- During the pre-processing stage, semantic methods are utilized to prepare input 
text documents. These techniques cover fundamental operations like stemming, which reduces words 
to their common root form, stop word removal, sentence segmentation, and punctuation mark removal. 

Feature Extraction: Sentences are extracted crucially to the summarization process, involving the 
selection of various features from the Original text. During the feature extraction stage, these attributes 
are applied to each phrase, and the sentences that receive the best scores are selected for the 
summary. 

 Summarization Methods: The initial and most important step in the summarization strategy is 
identifying effective approaches. Several approaches focus on picking up the best keywords and 
sections from the literature, while still others include reducing the primary content and rearranging 
sentences.  

Algorithms: Algorithms or techniques provide a more precise technique to describing text 
summarization. Various techniques and algorithms are employed under different tactics to produce an 
improved form of the summarized document  

Developing an abstractive summary model is capable of generating concise summaries with a 
deep understanding of domain knowledge. In this paper, we focused on LSTM networks and GloVe 
embeddings with TensorFlow to generate an abstractive text summarization model. Although we use 
the Amazon Food Review dataset as a reference, the dataset is not the main focus of our study but 
rather a means to determine how well our model works. Our goal is to show how deep learning 
methods—specifically, LSTM-based architectures—can improve abstractive summarization quality on 
many different kinds of textual datasets 
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An optimized LSTM-based summarizing model, a study of the effect of word embeddings on 
summary quality, and an assessment of the effectiveness of the model using common summarization 
metrics are the main contributions of this study. This effort intends to enhance the field of AI-driven text 
production and comprehension by reorienting the attention from the dataset itself to the methodological 
developments in abstractive summarization. 

Related Work…  

Generally, Automatic text summarization (ATS) can be categorized into two categories (a) 
Extractive text summarization and (b) Abstractive text summarization. 

Extractive Text- Summarization:- The summary can be generated by selecting the key sentences 
and phrases from the original text without modifying them.  A lot of research is done on extractive text 
summarization table below describes a comparative study on different methods    

Table 1: Comparative studies of Extractive text summarization approaches 

Extractive text summarization has many limitations. some of the major limitations discussed by 
various researchers are that in this technique, sentences are simply picked from the original text 

without modification, which is results in a lack of smooth logical flow, and the summary may also lack 
connectors, transitions make summary difficult to read [9]. 

The second limitation is that extractive methods sometimes select sentences that convey the same 
information, which leads the redundancy [10] proved that extractive methods collapse to efficiently 
handle the redundancy issue  

One more major issue with the extractive  method is that it fails to handle  longs and multiple 
documents due to sentence selection limits[8] 

Abstractive text summarization:- On the other hand, there is minimal research on abstractive 
methods. Deep learning finds extensive applications in abstractive-text summarization, where an 
abstractive method of summarization focused on recurrent-neural-networks proves effective for 
generating summaries[11], [12] suggest that Deep learning finds extensive applications in abstractive-
text summarization (ATS). Recurrent neural networks (RNN)-based abstractive text summarization 
approach generates a summary with a higher ROUGE score.. Another ATS model, employing a 
sequence-to-sequence approach, was explained [13]. This model utilizes a Gated-Recurrent Unit 
(GRU) along with a bidirectional neural network for its construction in 2019 [14]. They proposed an 
advanced abstractive summarization method for biomedical text, employing two primary frameworks. 
These are basic approaches of neural networks based on the sequence-to-sequence attention basis 
and the pointer-generator outline. A one-layer (RNN) unidirectional (linear) recurrent neural network 
and (GRU) gated-recurrent units for the encoder and decoder are used in the sequence-to-sequence 
attentional architecture. Their approach is evaluated on the MEDLINE dataset using metrics such as 
ROUGE, UMLS, MeSH, and TF-IDF word appearance. For R-1, R-2, and R-L, the system's ROUGE 
metrics yielded values of (42.43, 21.59, and 36.89), respectively.  

One year later [15] They introduced a system designed for extractive text summarization through 
the application of a recurrent neural network. The planned technique comprises three stages: sentence 
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encrypting, word ranking, and summary creation. Coreference resolution is employed to enhance the 
system's performance.  

In 2021 [16]  proposed an abstractive text summarizing model based on deep learning called T5, 
PropheNet, and BART, and used it to create an abstractive summarization model specifically designed 
for summarizing technical literature topics. In their approach, deep learning models are employed to 
generate headlines from the abstracts of scientific papers. The scheme's performance is then assessed 
through ROUGE metrics. The results indicate that the fine-tuned ProphetNet excels in f-1 measures 
and ROUGE while the fine-tuned T5 method demonstrates a strong ROUGE precision score. 

An adapted form of the conventional RNN, known as a convolutional RNN, demonstrates 
effectiveness in various prediction and classification tasks. Specifically, for improving nowcasting 
predictions, a model employing a convolutional RNN (ConvRNN) was created by extending the fully 
connected RNN [13]. This ConvRNN model takes into account the entire correlation within the data, 
resulting in more accurate nowcasting predictions compared to traditional RNN-based models. 
Furthermore, a convolutional RNN has found application in time series classification. Then, a model 
that is a fully convolutional LSTM (long short-term memory), which demonstrates highly effective 
classification of time series [17]. The design of the convolutional RNN architecture enables the model 
to consider the complete time stamp dependency during training. Given the effective performance of 
convolutional RNN in diverse groupings and forecasts, it is anticipated to excel in abstractive text 
summarization as well. The ConvRNN used in abstractive text summarization has some limitations as 
it restricts access to the preceding cell state if the output gate is locked. 

The discussed abstractive methods also have some limitations. A neural network model 
sometimes produces false and misleading information that is not present in the source document [18] 
found that approx. 30%-40% of abstractive summaries contain hallucinated information. Abstractive  
models need a large amount of training and computational data, which requires more time to execute[8] 
Noted that fine-tuning the training model needs a significant GPU to execute 

We have introduced ATS model by using LSTM along with TesorFlow and Glove for word 
embedding. Multiple sequential layers comprise the proposed model: the dense layer, word-embedding 
layer, LSTM, and data entry (Input) layer. In this setup, the embedding-layer receives word vectors 
generated by GloVe model after transforming the order of texts into word vectors. Subsequently, the 
embedding layer passes the resulting fixed-length vector-encoded statements to the LSTM layer. The 
LSTM layer uses three gates and a cell of memory to start the computing process for each input within 
a single cell. then forwards the dense layer’s outcomes to the system's next layer. The system modifies 
its parameters via training and validation procedures, finally producing a predicted summary. 

Transformer-oriented structures, which utilize self-attention processes to better describe long-
range dependencies than recurrent networks, have dominated recent developments in abstractive text 
summarization. On common summarization benchmarks, models like BART, T5, and PEGASUS have 
shown state-of-the-art performance. 

Although Transformer-based models produce better summaries, they usually need a lot of 
pretraining, a lot of processing power, and a lot of memory overhead, which may limit their use in 
contexts with limited resources 

Experimental Setup 

Dataset 

There are mainly three datasets used  for this problem : 

Amazon Product Reviews (which we will use in our case) 

Daily Mail corpus 

CNN/Daily News dataset 

A prominent benchmarking dataset for abstractive text summarization, particularly for neural 
sequence-to-sequence and deep learning-based methods, is the CNN/DailyMail dataset. It is made up 
of human-written multi-sentence summaries of news articles gathered from the CNN and Daily Mail 
news websites. 

Each sample in the dataset contains: 

a lengthy news story (document) that is usually several hundred words long. 
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a matching reference summary that summarizes the article's main points and is authored by 
qualified editors using bullet points. 

The dataset is ideal for abstractive summarization since the summaries need semantic 
comprehension, content compression, paraphrasing, and abstraction rather than just extracting 
sentences from the source text. Because of this, the dataset serves as a suitable baseline for assessing 
how well neural models can provide logical and insightful summaries. 

The suggested LSTM-derived abstractive summarization technique used in this study is trained 
and assessed using the CNN/DailyMail dataset. Both texts and summaries undergo common 
preparation procedures like sentence normalization, tokenization, noisy symbol removal, and length 
reduction before training. To make sequence-to-sequence learning easier, unique tokens that indicate 
the beginning and end of sequences are included. 

In accordance with conventional procedure, the dataset is divided into training, validation, and test 
sets to ensure impartial assessment and comparison with current techniques. The conceptual 
soundness, robustness, and comparability of the suggested method with cutting-edge abstractive 
summarization methods documented in the literature are guaranteed by the usage of the CNN/DailyMail 
dataset.standard for assessing neural models' capacity to provide logical and instructive summaries. 

Data Pre-processing  : [19] [20]  

Text pre-processing is the crucial "cleaning" step in Natural Language Processing (NLP) that 
converts unstructured human language into a format that computers can effectively analyze. 

"At this stage, the collected data undergoes processing to organize it for training the model. This 
phase is divided into numerous steps, as outlined below: 

Data cleaning: Unnecessary data is removed during this step. 

Tokenization: The text is divided into individual units called tokens, each represented by a specific 
number. 

Padding: Sequences generated in the previous step are adjusted to a uniform length. This involves 
pre-padding sequences based on the maximum sequence length in the dataset [21]. 

Noise Removal:  The primary phase of defense is noise reduction. It entails removing any 
formatting or letters that don't contribute much for our particular goal. 

         What it removes:- It eliminates excess whitespace, special characters (such as  

             punctuation, hashtags, and emojis), and HTML tags (such as <div> or <p>) 

            For example :- we have an input "Look at this link <a href=’…..’> Click this link: #NLP 2024 

         Output:- "Check out this link Click here NLP 2024". 

Stop-Word Removal :- The most prevalent words in a language are stop-words, which offer 
grammatical structure but have relatively little distinctive meaning or "flavor." 

"The," "is," "at," "which," "on," and "and" are frequently used stop words. 

Example:-: "The cat is sitting on the mat." 

Output:-  "Cat sitting mat"  

Model Configuration 

For abstractive text summarization, the suggested model uses a sequence-to-sequence 
(Seq2Seq) encoder–decoder architecture constructed using Long Short-Term Memory (LSTM) 
networks. Considering an input document 

The goal is to create a summary 𝑆={𝑠1,𝑡2,…,𝑡𝑁} where M≪N, such that the summary captures the 

essential semantic information of the input text. 𝑇 ={𝑡1,𝑡2,…,𝑡𝑁} consists of 𝑁 words taken from a 
vocabulary 𝑉 V. Recurrent neural networks are used to solve this job, which is characterized as 

maximizing the conditional probability 𝑃(𝑆∗𝑇)P(S∗T). 

The suggested architecture creates summaries word-by-word in an autoregressive fashion, in 
contrast to classification-based models that forecast a fixed output. 
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The phases of the proposed system are illustrated in the Figure 2 and Layer-wise architecture and 
parameter are describe in Table 2.  

 

Figure 2: Architecture of the proposed LSTM-based abstractive summarization 

Table-2 model Layer-wise architecture and parameter breakdown of the proposed LSTM-based encoder–
decoder abstractive summarization model with attention. 
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Layer-wise Explanation of the Proposed Model 

The suggested abstractive summarization approach uses layered LSTM networks to build a 
sequence-to-sequence encoder–decoder framework with a mechanism for attention. 

After an embedding layer converts continuous words into 500-dimensional word arrays, the 
encoder gets the input text chain. Three layered LSTM layers with 500 hidden units each come next, 
gradually extracting situational and semantic data from the input material. The decoder receives the 
encoder's final hidden and cell states in order to generate a summary. 

One LSTM level with 500 secret units and a special embedding layer make up the decoder. based 
on previously created terms and encoder context, the decoder produces the summary chain in an 
adaptive fashion. 

An attention method is used to enhance flow of information and overcome the drawbacks of limited-
length context structures. 

For every decoding phase, the attention layer produces a dynamic context vector by calculating 
match scores among encoder outputs and decoder states. A stronger description is created by 
concatenating this context vector with the decoder output.  

Lastly, the combined representation is mapped to a probability distribution across the target 
vocabulary of size 6,157 at each time step by a TimeDistributed Dense layer with softmax activation.  

The embedding layers, stacking LSTM encoder stages, decoder LSTM, attention mechanism, and 
output visualization level all contribute to the model's 28,542,157 trainable parameters. The deep 
learning framework's model summary is used to automatically calculate this parameter count. 

Encoder–Decoder LSTM Framework 

Three overlapping LSTM layers make up the encoder, which successively processes the input 
document. A word embedding stage initially converts each input word into a dense vector version. The 
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encoder extracts essential  information and long-range dependencies from the input text. In order to 
start the summary generation task, the decoder receives the encoder's final hidden and cell states, 
which create a semantic illustration of the input document. 

A single-layer LSTM network is used to construct the decoder. The decoder forecasts the 
subsequent word in the summary at each decoding stage based on: 

The encoder's contextual states 

 The word that was previously created 

 The internal hidden state of the decoder 

Abstractive summaries can be produced with ease and coherence thanks to this approach. 

Embedding Layer[22] [23] [25] 

Independent word tokens are transformed into compact numerical vectors that represent semantic 
links between words using an embedding layer. Pre-trained GloVe word embeddings are used to set 
up the embedding matrix in order to improve representation quality and speed up convergence. 

LSTM Encoder 

Memory cells controlled by forget, input, and output gates make up the LSTM encoder. These 
gates manage information flow and enable the network to store pertinent contextual information over 
extended periods. The model is better able to learn hierarchical representations of the input text thanks 
to the stacked encoder structure. 

LSTM Decoder 

A single token at a time, the decoder creates the summary order. Instructor forcing is implemented 
throughout training by providing the decoder with the genuine summary words. Until an end-of-
sequence token appears or the maximum summary length has been met, the decoder uses previously  
obtained tokens during prediction. 

 

 

Output Layer [24] 

At every decoding stage, a fully linked Dense layer with softmax activation is used to calculate a 
probability distribution across the target vocabulary. The following word in the created summary is 
chosen to be the token with the highest probability. 

Text Decoder: The decoder  is responsible for generating each word in the output sequence, 
relying on two sources of information: 

Context Vector: This is the primary text determined and delivered through the encoder.                                   

Generated Sequence: This refers to the finishing order of text already considered part of the 
summary. 

The context matrix in a basic encoder-decoder paradigm is usually a fixed-length encoding, 
although it may involve further computations if an attention mechanism is used. Specific training, such 
as the scattered representation of all created words via word embedding, improves the produced 
chronological sequence. As [18] explains with a diagram, X represents the key text, Enc stands for the 
encoder illustrating the gist representation of the key text article, and yc denotes the arrangement of 
earlier produced words. 
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Figure 3 Text Summarizer Decoder 

Training Details     

The Adam optimizer, whose flexible learning rate makes it ideal for sequence learning problems, 
is used to train the suggested LSTM-based encoder–decoder model. A batch size of 64 is used for the 
training in order to balance model convergence with computational efficiency. To examine how training 
time affects convergence behavior,  

the model is trained across ten and fifteen epochs. To avoid overfitting, early pausing  

is implemented based on validation loss. 

To guarantee impartial assessment and repeatability, every experiment is carried out under the 
same training conditions. 

Evaluation  Matrix  

Since there may be more than one accurate summary for a given document, accuracy is not a 
good metric for assessing abstractive text summarization. Therefore, ROUGE-1, ROUGE-2, and 
ROUGE-L metrics—standard assessment measures for summarization tasks—are the only metrics 
used in this study to assess model performance. The main purpose of reporting training and validation 
losses is to examine convergence behavior during model optimization. 

Result ad Discussion  

This study employed the GloVe model for word embedding, which is focused on the Wikipedia 
2014 and Gigaword5 datasets. The GloVe model's vector dimension is 100, and it generated a 
vocabulary of 29,519 words. The system uses one layer of LSTM in the decoder and three layers of 
LSTM in the encoder, each with a dimension of 300. There are 9,904,842 parameters in the system 
overall. 512 is the batch size, with a fixed dropout rate of 0.5. The Adam optimizer, which has a 0.001 
learning rate, is employed to modify the parameters of the system. 

Accuracy is not a suitable metric for evaluating abstractive text summarization, as multiple valid 
summaries may exist for a given document. Therefore, this study evaluates model performance 
exclusively using ROUGE-1, ROUGE-2, and ROUGE-L metrics, which are standard evaluation 
measures for summarization tasks.” 

. TensorFlow was utilized to construct the neural network, with Jupyter Notebook.  

Training Convergence Analysis 

Training and validation loss results over epochs are recorded in Table 3 and shown in Figure 4 to 
examine the learning performance and consistency of the suggested model. As the number of epochs 
rises, training loss and validation loss both steadily decline, demonstrating the model's successful 
optimization and convergence. 
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The model appears to have minimal overfitting and to generalize quite well to new data based on 
the comparatively minor difference between training and validation loss. 

In order to show convergence behavior during training, token-level training accuracy is only 
reported for diagnostic purposes. Nevertheless, accuracy is not regarded as a reliable assessment 
criterion for abstractive text summarization. As a result, only ROUGE-1, ROUGE-2, and ROUGE-L 
metrics—discussed below—are used to assess final model performance. 

Table-3 Training and Validation Loss Across Epochs 

 

 

Figure 4. Training and validation loss curves across epochs illustrating the convergence behaviour of the 
proposed model. 

The training and validation loss curves for various epochs are displayed in Figure 3. As training 
continues, a steady decline in both training and validation loss is shown, suggesting stable optimization 
and successful learning. Reasonable generalization and minimal overfitting are suggested by the 
comparatively small difference between the two curves. Prior to final evaluation using ROUGE metrics, 
these findings verify that the model converges correctly. 

ROUGE-based Performance Evaluation 

The ROUGE (Recall-Oriented Understudy for Gisting Evaluation) metrics, which are common 
assessments for summarization assignments, are used to assess the quality of the suggested 
abstractive summarization approach. Exact-match measurements like accuracy are inappropriate since 
a particular input text may have more than one valid summary. As a result, only ROUGE-1, ROUGE-2, 
and ROUGE-L scores are used for model evaluation. 

In order to assess content significance, ROUGE-1 calculates the unigram similarity between  

the derived summaries and the source summaries.   

ROUGE-2 captures phrase-level uniformity and local consistency by measuring bigram  
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overlap. ROUGE-L assesses sentence-level structure and fluency and is based on the longest 
common subsequence. 

The suggested LSTM-based encoder–decoder model may provide coherent and meaningful 
abstractive summaries, as shown by the achieved ROUGE scores. Specifically, the ROUGE-1 and 
ROUGE-L scores show that the model successfully extracts important information while preserving 
structural coherence in the summaries that are produced. ROUGE-2 scores are somewhat lower, as 
would be predicted for abstractive summarization, and this is in line with results published in previous 
research. 

The suggested method performs competitively for short-text, opinion-oriented abstractive 
summarization, according to the ROUGE-based evaluation. These outcomes support the efficacy of the 
training approach and model design covered in the earlier sections. Table 4 shows the ROUGE and 
BLUE scores of our model  

Table 4 : ROUGE and BLEU Scores of the Proposed Model 

 

Training and validation loss values over epochs are recorded in Table 5 and shown in Figure 5 
and 6 to examine the learning behaviour and reliability of the suggested model. As the amount of epochs 
grows, training loss and validation loss both steadily decline, demonstrating the model's successful 
optimization and convergence. 

The model appears to have minimal overfitting and to generalize quite well to new data based on 
the comparatively minor difference between training and validation loss. 

In order to show resolution performance during training, token-level training accuracy is only 
reported for diagnostic purposes. Nevertheless, accuracy is not regarded as a reliable assessment 
criterion for abstractive text summarization. Therefore, only the ROUGE-1, ROUGE-2, and ROUGE-L 
metrics—which are displayed in the table—are used to assess the final model performance. 

 

Table 5: ROUGE & BLEU Comparison 
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Figure 5:- Performance Compression using ROUGE 

 

Figure 6 :- Performance Compression Using BLUE Score 

Qualitative Analysis of Generated Summaries 

Representative samples from the CNN/DailyMail dataset are shown below to offer meaningful 
analysis of the performance of the LSTM-powered encoder–decoder system using attention and beam 
search decoding. These instances demonstrate the model's capacity to extract important details and 
produce logical abstractive summaries. The examples are solely meant for qualitative examination. 
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Conclusion  

An LSTM-powered sequence-to-sequence abstractive text summarization model with beam 
search decoding and an attention mechanism was reported in this study. By efficiently extracting 
contextual data from input text and creating summaries in an autoregressive fashion, the suggested 
architecture was created to produce compact and cohesive summaries. 

ROUGE-1, ROUGE-2, and ROUGE-L metrics—all common and frequently used for summarization 
tasks—were used to assess the model. The results of the experiments show that the suggested method 
can produce clear and informative summaries, especially for situations involving brief texts and 
opinions. The model successfully retains salient material and reasonable structural coherence in the 
generated summaries, according to the ROUGE-based evaluation. 

Apart from the quantitative assessment, training convergence study with training and validation 
loss curves demonstrated minimal overfitting and steady optimization performance. Additionally, 
qualitative examples demonstrated that, in contrast to greedy decoding, the combination of attention 
and beam search helps the model concentrate on crucial content and enhances summary coherence. 

The state-of-the-art for large-scale news summarization is represented by contemporary 
Transformer-based models, however they frequently demand significant processing power. The 
suggested LSTM-based architecture, on the other hand, provides a computationally effective and 
lightweight substitute, which makes it appropriate for contexts with limited resources and domain-
specific applications like review summarization. 

Future research will concentrate on adding Transformer-based components, expanding the model 
with more sophisticated attention processes, and assessing performance on more extensive 
benchmarks. Investigating hybrid architectures and domain adaption strategies could enhance 
summary robustness and quality across various text domains. 
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