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Abstract: Long Short-Term Memory (LSTM) networks in an encoder–decoder architecture are used to test abstractive text 

summarisation for news articles. The InShorts News Article Dataset is used to train and evaluate several deep learning 

configurations, including regular LSTM and BiGRU models, LSTMs with pre-trained word embeddings such as GloVe and 

Word2Vec, and attention-integrated architectures. While researchers examined various performance measures, BLEU scores 

were the most essential for summarising quality. The LSTM encoder-decoder with pre-trained Word2Vec embeddings and an 

attention layer achieved the highest BLEU score of 0.7481. This illustrates that attention approaches significantly affect how 

well the model catches contextual dependencies and prioritises key input content. Pre-trained embeddings improve semantic 

understanding and summarisation. The findings indicate that encoder-decoder designs and attention-based improvements are 

crucial for abstractive summarisation. With copious data, efficient text summarisation is crucial for better information retrieval, 

faster content consumption, and user understanding in the digital age. Neural architecture comparison, hyperparameter 

optimization, transformer-based models, and new embedding strategies to improve summarisation accuracy and resilience are 

future research topics.  
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In today’s information-rich digital environment, the volume of textual data published every minute, encompassing news, social 

media, technical reports, and more, has grown at an unprecedented pace. As a result, readers and automated systems alike find 

it increasingly difficult to keep up with large-scale document flows and to extract key takeaways in a concise form. To address 

this challenge, Shakil et al. [8] and Zhang et al. [16] have emerged as significant fields within natural language processing 

(NLP), aiming to condense longer documents into shorter, coherent, and fluent summaries while preserving core meaning. 

Broadly, ATS methods are distinguished into extractive techniques, which select important sentences or phrases verbatim from 

the source, and abstractive techniques, which generate new text that may paraphrase, generalise, or reorganise content to 

produce a summary. Abstractive summarisation is more challenging, as it requires deeper semantic understanding and the ability 

to produce novel output rather than simply ranking and selecting fragments of the input. In the last decade, neural sequence-to-

sequence architectures (encoder–decoder) have become the predominant paradigm for abstractive summarisation. Recurrent 

neural networks (particularly those based on Long Short-Term Memory or LSTM units) and gated units such as GRUs were 

adopted early on, often augmented with attention mechanisms that enable the decoder to “focus” on relevant parts of the input 

at each output step. For example, attentive encoder–decoder models have shown strong performance in summarisation tasks. 

In today’s information-rich digital environment, the volume of textual data published every minute, encompassing news, social 

media, technical reports, and more, has grown at an unprecedented pace [12].  

 

As a result, readers and automated systems alike find it increasingly difficult to keep up with large-scale document flows and 

to extract key takeaways in a concise form. To address this challenge, automatic text summarisation (ATS) has emerged as a 

significant field within natural language processing (NLP), aiming to condense longer documents into shorter, coherent, and 

fluent summaries while preserving core meaning. The role of pre-trained word embeddings (such as Word2Vec and GloVe) in 

downstream tasks, including summarisation, classification, and retrieval, has been widely analysed by Asudani et al. [3]. 

Embedding vectors provide rich lexical and semantic representations that help summarisation models better capture word-level 

meaning and improve generalisation, especially when training data is limited. Moreover, as summarisation methods mature, 

attention mechanisms have been shown to substantially improve performance by enabling selective encoding and decoding of 

relevant input segments, thereby increasing summary salience and coherence. Surveys highlight the growing importance of 

attention and encoder–decoder modelling for abstractive summarisation. Researchers discuss further architectural comparisons, 

hyper-parameter optimisation, and the integration of additional techniques to further enhance summarisation performance [22].  

 

2. Related Work 

 

Zhang et al. [26] developed an innovative Extract-then-Abstract framework for unsupervised abstractive summarisation. The 

framework is structured around a two-stage process: an initial extractive summarizer identifies key sentences, followed by a 

BART-based sentence-rewriting model that enhances coherence and fluency in the final abstractive summaries. By integrating 

both extractive and abstractive techniques, the framework aims to overcome the challenges associated with generating human-

like summaries. Through a series of comprehensive experiments, including automated evaluation metrics and human 

assessments, the study demonstrates that the proposed framework outperforms current baselines in unsupervised 

summarisation. The results underscore the framework's efficacy in producing coherent, fluent summaries, thereby 

demonstrating its potential to advance the field of automatic document summarisation. Yousefi-Azar and Hamey [15] delve 

into text summarisation, specifically exploring query-oriented single-document summarisation using deep autoencoders. It 

investigates the impact of attention models on abstractive sentence summarisation and proposes an ensemble approach to 

improve the alignment between summaries and human-generated texts. The study also outlines future directions, including 

extending the model to generic summarisation across domains and incorporating semi-supervised learning techniques to 

improve summarisation performance. Mao et al. [24] focus on automatic text summarisation methods using the DUC2001 and 

DUC2002 datasets and evaluate them using the ROUGE metric. It highlights the superiority of these methods over supervised 

and unsupervised learning approaches. 

 

Additionally, the paper emphasises the importance of prior knowledge in enhancing key-sentence selection in graph models to 

improve accuracy. The research paper delves into automatic text summarisation, focusing on the DUC2001 and DUC2002 

datasets. It evaluates the effectiveness of these methods using the ROUGE evaluation metric, showcasing their superiority over 

traditional supervised and unsupervised learning techniques. Furthermore, the study underscores the importance of leveraging 

prior knowledge to select key sentences in graph models, thereby improving summarisation accuracy. Shang et al. [7] introduce 

a single, fully unsupervised framework for summarising speeches from end-to-end meetings that combines six approaches for 

keyword extraction, multi-sentence compression, and summarisation. The framework is designed to produce coherent 

summaries despite the noise in ASR transcriptions. It delivers cutting-edge functionality and can be applied to languages other 

than English with minimal modification. The paper also presents novel components and modules within the system, 

demonstrating significant advancements in meeting speech summarisation. Schumann [18] introduces an unsupervised method 

for sentence summarisation using a Variational Autoencoder (VAE). VAEs are recognised for learning a semantically 

meaningful latent variable from high-dimensional input data. By incorporating the desired output length during training, the 

VAE can be adjusted during inference to generate more concise summaries.  
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The study shows that, although these shorter summaries may not surpass a simple baseline, they yield higher ROUGE scores 

than reconstructing the entire sentence. The research highlights the potential of VAEs in unsupervised abstractive summarisation 

and suggests further investigation into improving reconstruction and the impact of length control on the model. Bražinskas et 

al. [1] present a novel approach to unsupervised abstractive summarisation of opinions, specifically focusing on generating 

summaries from collections of product reviews. Unlike traditional extractive methods that select and compile fragments from 

existing texts, this study introduces a generative model that creates new sentences, thereby producing more coherent and 

contextually relevant summaries. The authors emphasise the challenges of summarising diverse review datasets, such as Yelp 

and Amazon, which contain varying levels of subjective and objective information. Yang et al. [25] present TED, an 

unsupervised abstractive summarisation model that utilises the transformer architecture and a large-scale pretraining strategy. 

By leveraging lead bias in news reports and integrating theme modelling with a denoising autoencoder, TED surpasses existing 

unsupervised abstractive baselines across multiple benchmark datasets. The model proves effective at generating highly 

abstractive summaries without supervised training on labelled data. Nguyen et al. [23] propose an unsupervised method for 

generating class-specific abstractive summaries of customer reviews, tackling the challenge of efficiently summarising large 

volumes of online reviews without relying on human-written summaries.  

 

The proposed model, Class-Copy Cat, uses a generative variational autoencoder with a hierarchical structure and a class-

correlation gating mechanism to capture dependencies among products, reviews, and classes. This approach allows for the 

generation of summaries that are highly relevant, fluent, and representative of specific product aspects. Human evaluation and 

comparisons with reference datasets demonstrate the model's superiority over existing abstractive and extractive summarisation 

baselines, representing a major advancement in unsupervised opinion summarisation. Zhuang et al. [9] present SCR 

(Summarise, Contrast, and Review), an unsupervised learning technique for abstractive summarisation. Unlike traditional 

methods that rely on large-scale parallel corpora and supervised learning, SCR leverages contrastive learning to generate 

summaries without requiring reference summaries. The method includes a summarizer, a contrastive encoder to ensure semantic 

closeness to source documents, and a writing reviewer to maintain summary quality. Experimental results demonstrate the 

effectiveness of SCR, and future work aims to explore transferable feature learning and semi-supervised learning. Challagundla 

and Peddavenkatagari [2] present a neural sequence-to-sequence model aimed at improving abstractive text synopsis. The 

model leverages advanced deep learning techniques to effectively handle rare and out-of-vocabulary (OOV) words while 

maintaining the coherence and informativeness of the generated summaries. Through rigorous training and comparative 

analysis, the model demonstrates significant performance improvements over existing state-of-the-art methods [19]. 

 

Abstractive summarisation is an important field of study in Natural Language Processing (NLP) that aims to generate concise, 

coherent, and information-rich summaries. Gupta and Gupta [21] provide an overview of recent studies and advancements in 

abstractive summarisation, highlighting techniques, tools, evaluation measures, challenges, and future trends in the field. By 

categorising works and discussing the popular components of abstractive summarisation systems, this study aims to systematise 

knowledge and enhance understanding in this research domain. The paper addresses the complexities of natural language text 

that make abstractive summarisation challenging, emphasising the importance of producing high-quality, grammatically 

correct, and readable summaries. Shaker et al. [6] focus on text summarisation strategies, comparing extractive and abstractive 

methods using various deep learning techniques, including Fuzzy Logic, LSTM-CNN, and transformers. It discusses the 

challenges and benefits of summarising large texts, emphasising the importance of retaining essential information. The study 

evaluates different methodologies, presents findings from 16 research publications, and offers recommendations to enhance 

text summarisation techniques. Gehrmann et al. [20] propose abstractive summarisation-based techniques for neural networks 

that aim to improve fluency but struggle with content selection. This study introduces a bottom-up approach using a data-

efficient content selector to enhance text compression and fluency in summaries. By combining this approach with abstractive 

models, the research demonstrates significant improvements in ROUGE scores on the CNN-DM and NYT datasets, 

highlighting the effectiveness of the two-step process for generating concise, fluent summaries.  

 

Coavoux et al. [11] focus on unsupervised opinion summarisation using an abstractive neural summarisation system. The 

system includes a language model to encode reviews and generate sentences, as well as a clustering step to group reviews by 

aspects for focused summary generation. Experiments on the Opossum dataset demonstrate the importance of clustering and 

leveraging aspect information for improved summarisation. Paulus [17] introduces a novel neural network model for abstractive 

summarisation that addresses the issue of repetitive or illogical phrases in longer documents. By integrating supervised word 

prediction with reinforcement learning, the model reduces "exposure bias" and improves the readability of the generated 

summaries. The model achieves results on datasets such as CNN/Daily Mail and the New York Times, offering a new attention 

mechanism and learning objective to enhance summarisation quality. Socher Saiyyad and Patil [13] provide a comprehensive 

overview of the advancements in text summarisation methodologies, particularly focusing on deep learning approaches. It 

discusses the limitations of traditional summarisation techniques, which often struggle with semantic understanding and context 

retention. The authors highlight various deep learning models, including neural networks and hybrid systems, that have been 

developed to enhance the accuracy and effectiveness of summarisation across multiple languages.  

 

186



Vol.2, No.4, 2025  

The review also examines the application of various algorithms, such as restricted Boltzmann machines and K-nearest 

neighbours, for generating concise and coherent summaries. By synthesising findings from various studies, the paper 

underscores the potential of deep learning to revolutionise text summarisation, offering insights into future research directions 

and into integrating advanced techniques to address existing challenges. The authors conclude that while significant progress 

has been made, further exploration is needed to refine these models and improve their applicability in real-world scenarios. 

Chu and Liu [4] proposed a novel approach to unsupervised multi-document abstractive summarisation, specifically targeting 

review data from platforms such as Yelp and Amazon. The authors propose a neural model that generates coherent, relevant 

summaries without requiring extensive document-summary pairs, which are often costly to obtain. Through a series of ablation 

studies, the importance of various architectural components is demonstrated, highlighting the model's ability to produce highly 

abstractive, fluent, and sentiment-representative summaries. The evaluation process includes both automated metrics, such as 

ROUGE scores, and human assessments, confirming the model's superiority over traditional extractive baselines. The findings 

suggest that the proposed model effectively addresses the limitations of existing supervised methods, paving the way for future 

research in unsupervised summarisation techniques. The paper concludes with a discussion of potential improvements and 

applications of the model across different summarisation contexts. Nayeem et al. [14] developed an unsupervised abstractive 

summarisation system for multi-document settings.  

 

The authors propose a paraphrastic sentence fusion model that combines sentence fusion and paraphrasing using skip-gram 

word embeddings. The model aims to improve the information coverage and abstractiveness of the generated sentences. 

Experimental evaluations are conducted on human-generated multi-sentence compression datasets and on datasets from 

different domains for multi-document summarisation. The results show significant improvements over state-of-the-art methods. 

The paper also addresses the problem of the classical summary-length limit in multi-document summarisation. The related 

work section provides an overview of abstractive summarisation techniques, including compressive summarisation, sentence 

fusion, and neural network-based approaches. The authors highlight the limitations of existing models and emphasise the need 

for unsupervised, full abstractive models. The paper introduces novel techniques for sentence fusion and paraphrasing based 

on skip-gram word embeddings. The proposed model is evaluated on multiple datasets and shown to achieve state-of-the-art 

results. The paper concludes with a discussion of future research directions. Supriyono et al. [22] delve into advancements in 

summarisation models, focusing on the effectiveness of various techniques for generating accurate and informative summaries. 

It explores the impact of different decoding methods, such as beam-search and nucleus sampling, on the quality of generated 

text. The study compares the performance of different models, including an autoencoder model that tends to fully copy input 

sentences, affecting the ability to derive meaningful latent codes. The research highlights the drawbacks of beam-search 

decoding, which may lead to repetitive or bland text generation, compared with nucleus sampling, which enhances 

formativeness and improves ROUGE-1 scores while reducing self-BLEU.  

 

Evaluation criteria include coverage of common opinions, alignment with input reviews, and the ability to generate informative 

content across diverse topics. An ablation study is conducted to analyse the impact of individual components on summarisation 

performance, including the presence of a discriminator, an attention mechanism, and nucleus sampling. Overall, the research 

paper explores the nuances of summarisation models, decoding strategies, model comparisons, and evaluation metrics to 

enhance the efficiency and effectiveness of automated text summarisation. TASP for topic detection and abstractive 

summarisation of social media posts [10]. It leverages transformer-based architectures to identify clusters of social posts on 

similar topics and generate concise summaries that allow for human exploration of topic-specific information. The study 

highlights the limitations of current summarisation approaches, the inability to leverage visual cues and multi-modal content, 

and suggests future research directions to address these challenges. The paper introduces the concept of abstractive multi-post 

summarisation and demonstrates the effectiveness of the PRIMERA summarizer in handling large collections of posts. One 

limitation of the methodology is its assumption that each post covers at most one topic, which may introduce some noise into 

the input data. Future research is recommended to address multi-topic, multi-post summarisation for more accurate 

representations. Semantic Abstractive Summarisation (SAS). SAS, as introduced by Liu et al. [5]. First, generate an Abstract 

Meaning Representation (AMR) graph of an input story, through which they extract a summary graph, and finally, create 

summary sentences from this summary graph [19]. 

 

3. Methodology  

 

The overall block diagram for the Abstractive Text Summarisation model is shown in Figure 1. To provide Abstractive Text 

Summarization for news articles through the use of an LSTM-based encoder and Decoder structure. For training purposes, the 

InShorts News Article Dataset has been identified. This dataset contains headlines and summaries of news items, along with 

their sources. 
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Figure 1: Block diagram for abstractive text summarisation model 

 

This dataset contains 55104 articles and their headlines for training: 

 

 Word Embeddings GloVe: GloVe is an unsupervised learning algorithm for obtaining vector representations for 

words. Training is performed on aggregated global word-word co-occurrence statistics from a corpus, and the 

resulting representations showcase interesting linear substructures of the word vector space. 

 Word2Vec: Word2Vec is not a single algorithm but a collection of model architectures and optimisation techniques 

for learning word embeddings from large datasets. These embeddings have demonstrated their effectiveness across a 

wide range of downstream natural language processing tasks. 

 LSTM: Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) architecture widely used in 

deep learning. Unlike traditional feed-forward neural networks, LSTMs include feedback connections, enabling them 

to handle not only individual data points (e.g., images) but also sequences of data (e.g., speech or video). An LSTM 

unit consists of a cell, an input gate, an output gate, and a forget gate. The cell serves as a memory element, retaining 

information over extended time intervals, while the gates control the flow of information entering, leaving, or being 

retained within the cell. 

 Gated Recurrent Units GRU: Gated Recurrent Units (GRUs) are a gating mechanism used in recurrent neural 

networks. Similar to Long Short-Term Memory (LSTM) networks, GRUs include a forget gate but are more 

streamlined, as they lack an output gate, resulting in fewer parameters. Despite this simplification, GRUs have 

demonstrated performance comparable to LSTMs across tasks such as polyphonic music modelling, speech signal 

modelling, and natural language processing. 

 Attention Layer: An Attention Layer enables a model to analyse the entire information contained in the original 

sentence and generate the most appropriate word based on the current word and its context. It also allows the model 

to adjust its focus, zooming in on specific details or zooming out to consider broader features, thereby capturing both 

local and global patterns. 

 

3.1. Vanilla BiGRU 

 

The BiGRU-based autoencoder-decoder model shown in Figure 2 is designed to take news articles as input and generate their 

corresponding summaries. Before feeding the data into the model, it was cleaned using preprocessing strategies such as stop-

word removal and lemmatisation. Word embeddings are learned during model training. 
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Figure 2: A BiGRU based auto encoder - decoder model 

 

3.2. Vanilla LSTM 

 

The LSTM-based autoencoder-decoder model shown in Figure 3 is designed to take a news article as input and generate its 

corresponding summary. Before feeding the data into the model, it was cleaned using preprocessing strategies such as stop-

word removal and lemmatisation. Word embeddings are learned during model training. 

 

 
 

Figure 3: ALSTM based auto encoder - decoder model 

 

3.3. LSTM with Glove Embedding 

 

A LSTM-based autoencoder-decoder model with GloVe embeddings, as in Figure 4, has been designed to take a news article 

as input and generate its corresponding summary. A pre-trained 300-dimensional GloVe model is used to generate an embedding 

matrix, which is then used during training of both the encoder and decoder. Before feeding the data into the model, it was 

cleaned using preprocessing strategies such as stop-word removal and lemmatisation. 

 

 
 

Figure 4: An LSTM–based autoencoder–decoder model with GloVe embedding 
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3.4. LSTM with Attention and Glove Embedding 

 

A LSTM-based autoencoder-decoder model, shown in Figure 5, with attention and GloVe embeddings, has been designed to 

take a news article as input and generate its corresponding summary. A pre-trained 300-dimensional Glove model is used to 

generate an embedding matrix, which is then used during training of both the encoder and decoder. Additionally, an attention 

layer is added between the encoder and decoder outputs so the model knows which parts of the encoder outputs to pay more 

attention to. Before feeding the data into the model, it was cleaned using preprocessing strategies such as stop-word removal 

and lemmatisation. 

 

 
 

Figure 5: An LSTM-based autoencoder-decoder model with attention and GloVe embedding 

 

3.5. LSTM with Attention and Word2vec Embedding 

 

A LSTM-based autoencoder-decoder model, as in Figure 6, with attention and word2vec embeddings, has been designed to 

take a news article as input and generate its corresponding summary. Pretrained Word2vec embeddings from the gensim module 

are used to generate the embedding matrix, which is then used during training of both the encoder and decoder. Additionally, 

an attention layer is added between the encoder and decoder outputs so the model knows which parts of the encoder outputs to 

pay more attention to. Before feeding the data into the model, it was cleaned using preprocessing strategies such as stop-word 

removal and lemmatisation. 

 

 
 

Figure 6: A LSTM based auto encoder - decoder model with attention and word2vec embedding 

 

3.6. Vanilla GRU 

 

An AGRU-based autoencoder-decoder model, shown in Figure 7, has been designed to take a news article as input and generate 

its corresponding summary. Before feeding the data into the model, it was cleaned using preprocessing strategies such as stop-

word removal and lemmatisation. Word embeddings are learned during model training. 
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Figure 7: AGRU based auto encoder - decoder model 

 

3.7. GRU with GloVe Embedding 

 

A GRU-based autoencoder-decoder model in Figure 8, using GloVe embeddings, has been designed to take a news article as 

input and generate its corresponding summary. A pre-trained 300-dimensional Glove model is used to generate an embedding 

matrix, which is then used during training of both the encoder and decoder. Before feeding the data into the model, it was 

cleaned using preprocessing strategies such as stop-word removal and lemmatisation. 

 

 
 

Figure 8: A GRU-based autoencoder-decoder model with GloVe embedding 

 

3.8. GRU with Word2vec Embedding 

 

A GRU-based autoencoder-decoder model in Figure 9 with Word2Vec embeddings has been designed to take a news article as 

input and generate its corresponding summary. 

 

 
 

Figure 9: AGRU-based autoencoder-decoder model with word2vec embedding 
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Pretrained Word2vec embeddings from the gensim module are used to generate the embedding matrix, which is then used 

during training of both the encoder and decoder. Before feeding the data into the model, it was cleaned using preprocessing 

strategies such as stop-word removal and lemmatisation. 

 

4. Results and Discussion 

 

The BLEU score is a performance metric for evaluating text generation. It compares a candidate translation to one or more 

reference translations. While originally designed for machine translation, BLEU is also applicable to assessing text generated 

for various natural language processing tasks. Ideally, the Perfect BLEU Score is given by 1: 

 

Bleu = ρ. e
∑

1
N

∗(log ρ n)N
n=1  

 

ρ=Brevity Penalty given by:(1 − c) −  ρ = 1 if c > r else e 

 

Table 1: Bleu score of each model 

 

Model Bleu Score 

Model 1: BiGRU Vanilla (Paper Implementation) 0.5748 

Model 2: LSTM Vanilla 0.5504 

Model 3: LSTM with GloVe 0.6016 

Model 4: LSTM with GloVe and Attention 0.7254 

Model 5: LSTMwithWord2VecandAttention 0.7481 

Model 6: GRU Vanilla 0.5320 

Model 7: GRU with GloVe 0.6259 

Model 8: GRUwithWord2Vec 0.6208 

 

The Bleu scores for each model have been recorded and tabulated in Table 1 below, and the model Bleu scores are shown in 

Figure 10. 

 

 
 

Figure 10: Model bleu scores 

 

As shown in Table 1, Model5, which uses an LSTM-based Encoder-Decoder Architecture with an Attention Layer, achieves 

the best BLEU score of 0.7481. BLEU scores measure the performance of various models on a task, typically related to text 

generation or translation. Here is a synthesis of insights and relevant information based on these scores and the context from 

recent findings on similar models: 

 

 BLEU scores range from about 0.53 to 0.75, with the highest scores belonging to LSTM-based models using 

Word2Vec embeddings combined with Attention (0.7481), followed by LSTM with GloVe and Attention (0.7254). 
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Vanilla models (basic LSTM, BiGRU, GRU without embeddings or attention) score substantially lower, between 0.53 

and 0.57 for BiGRU and GRU, and 0.55 for LSTM vanilla. 

 Incorporating pretrained embeddings such as GloVe or Word2Vec significantly improves BLEU scores for LSTM and 

GRU models. The use of Attention mechanisms further improves the LSTM model's performance. It aligns with the 

literature, which shows that LSTM models with pretrained embeddings and attention mechanisms consistently 

outperform vanilla RNNs, GRUs, or BiGRUs without such enhancements. Therefore, Performance gains in GRU 

variants with embeddings are present but slightly lower than those in LSTM counterparts with embeddings and 

attention. The BiGRU Vanilla (paper implementation) score of 0.5748 generally aligns with typical vanilla BiGRU 

model performance reported in classification or sequence tasks. However, some studies show that BiGRU models 

outperform vanilla LSTMs or GRUs, but usually without attention or embeddings. 

 The BLEU scores illustrate a common trend: vanilla recurrent models (LSTM, GRU, BiGRU) have moderate baseline 

performance; employing pretrained word embeddings like GloVe or Word2Vec substantially improves performance; 

and adding attention mechanisms to LSTM models provides the greatest improvement in BLEU score among the 

variants tested. These observations align well with current deep learning research on sequence modelling and natural 

language processing. 

 

For this model, some example summaries are provided in Figure 11. 

 

 
 

Figure 11: Summaries of the models 

 

5. Conclusion and Future Work 

 

This study demonstrates the effectiveness of using Long Short-Term Memory (LSTM) networks with an encoder-decoder 

architecture for abstractive text summarisation of news articles. The integration of pre-trained word embeddings (Word2Vec) 

and attention mechanisms significantly improves the quality of the generated summaries, with the highest BLEU score (0.7481) 

achieved using an LSTM encoder-decoder model incorporating both features. Our results highlighted the importance of 

attention layers and pre-trained embeddings in enhancing the semantic coherence and fluency of summaries. Additionally, we 

find that both LSTMs and GRUs, despite their differences, are effective at handling sequential data for summarisation tasks. 

This research underscores the potential of automated summarisation techniques for more efficient information retrieval and 

better content comprehension. Several promising directions for future research in abstractive text summarisation are identified. 

First, exploring architectural comparisons across recurrent and transformer-based models, such as the Transformer architecture, 

could offer insights into how newer models perform relative to traditional LSTM-based approaches. A more detailed analysis 

of hyperparameters, such as learning rates, batch sizes, and sequence lengths, may reveal opportunities for further model 

improvements. Additionally, using more advanced pre-trained embeddings, such as BERT or GPT models, could further 

enhance summary quality. Incorporating techniques like data augmentation or semi-supervised learning could improve model 
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robustness, particularly when working with diverse datasets. Beyond automated metrics like BLEU scores, human evaluation 

metrics—such as readability, relevance, and coherence—could provide a more comprehensive assessment of summary quality. 

Expanding this research to multilingual or cross-lingual summarisation could unlock new opportunities to improve 

summarisation systems globally. By addressing these areas, future studies can push the boundaries of abstractive text 

summarisation, leading to more accurate, readable, and useful automated summaries. 
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