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With the rapid growth of data, text summarization has become vital for
extracting key information efficiently. While extractive text summarization
models are widely available, they often produce redundant outputs with
limited capability of generating human-like summaries. Abstractive
summarization (AS), which generates new phrases and rephrases content,
remains underexplored due to its complexity. This paper addresses this gap
by developing an abstractive deep learning (DL) model using an encoder-
decoder architecture supported with an attention mechanism. Trained on the
dataset of Amazon food reviews, the model generates contextually rich and
semantically accurate summaries. The model’s evaluation using bilingual
evaluation understudy (BLEU) and recall-oriented understudy for gisting
evaluation (ROUGE) metrics demonstrated promising results, with a score
of 0.641 for BLEU, 0.520 for ROUGE-1, 0.345 for ROUGE-2, 0.461 for
ROUGE-L, and 0.428 for ROUGE-W, indicating coherence and structural
integrity. This research highlights the potential of DL in addressing the
limitations of classical methods and suggests opportunities for future
advancements, such as scaling the model with larger datasets and integrating
transformer-based techniques for improved summarization across diverse
applications.
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1. INTRODUCTION

The exponential growth of textual contents and continuous advancement of technology have made
text summarization an essential requirement to extract valuable information from the huge volumes of text
[1]. News, publications, legal analysis, medical reporting, daily logs, and reviews are just a few examples of
domains in which text summarization can save a tremendous amount of time and resources [2]. In these
domains, text summarization is crucial to produce a shorter version of the available huge text blocks while
preserving the fundamental meaning of that text. However, this task involves several challenges that need to

be resolved [3].

Effective text summarization requires a thorough understanding of the context, semantics and the
relationships within the text. Traditional rule-based and statistical methods often fail to capture nuanced
meanings. These issues result in summaries that lack coherence and completeness [4]. In addition, texts range
from well-organized scientific articles to informal social media posts. Such diversity of textual structures
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further complicates the development of robust models [5]. Extractive summarization models directly return
sentences from the source text. They often produce summaries that are redundant or irrelevant. On the other
hand, abstractive models generate new sentences, but they struggle with grammatical correctness and fluency
[6], [7]. Balancing the essence of the text with concise and coherent outputs remains a significant challenge.

Recent advancements in natural language processing (NLP) have shown promising results in
overcoming the limitations of both abstractive and extractive text summarization. Deep learning (DL)
techniques such as recurrent neural networks (RNN) have proven effective in capturing complex contexts.
Long short-term memory (LSTM) networks offer additional improvements by handling sequential data [8],
[9]. Transformer models have revolutionized the field by handling long-range dependencies. These models
use attention mechanisms to better understand textual content [5], [9], [10]. In addition, pre-trained models
such as bidirectional encoder representations from transformers (BERT), generative pre-trained transformer
(GPT), and text-to-text exchange transformer (T5) have raised the bar higher. They leverage vast amounts of
pre-training data to produce high-quality summaries. They achieve this through fine-tuning for specific tasks
like abstractive and extractive summarization, topic modeling, and question answering [7], [11], [12]. Unlike
extractive methods, DL models excel in abstractive summarization (AS) by constructing a shorter version of
text that clearly describes the overall meaning of the original text, leading to more concise, human-like
summaries [13].

Despite the many advancements, the field of abstractive text summarization remains underexplored
compared to extractive summarization. AS requires significant improvements to match the reliability and
fluency of extractive methods [4], [7], [9], [14]. This study addresses this gap by developing an abstractive
text summarization model using DL techniques, implemented with Python and Keras application
programming interfaces (APIs). The model employs a sequence-to-sequence framework with an attention
mechanism, trained on domain-specific data. By addressing the challenges of AS, this research contributes to
advancing the field and improving the accessibility of critical information.

The remainder of this paper is structured as follows. Section 2 reviews related work. Section 3
discusses text summarization in the context of NLP and section 4 presents the proposed model and
experimental setup. Finally, the results are analyzed, and the study is concluded.

2. RELATED WORK

Text summarization, which condenses large textual content into a concise form while retaining its
key information, has been a significant area of research for decades [4], [11]. Early approaches to
summarization relied on simple techniques such as word frequency [15], sentence position [16], and
keyword-based methods [17]. These methods, while effective in certain cases, often failed to capture deeper
semantic relationships within the text. McCulloch and Pitts proposed the original neural network concept in
1948 [18], [19] explained backpropagation and the use of gradient descent to minimize loss. However,
different obstacles and challenges were identified, including long training times, model overfitting, and a
limited number of hidden layers. Hinton and Salakhutdinov [20] proposed DL and RNN, which were then
applied to different NLP domains, including object and voice recognition. Lecun ef al. [21] proposed a RNN
model capable of predicting sequential data and word recognition. As research progressed, more advanced
statistical techniques like naive Bayes and hidden Markov models were introduced, followed by the
emergence of multi-document summarization methods in the 1990s, including topic and indicator
representation approaches [22].

Modern text summarization methods are broadly categorized into two types: extractive and AS.
Extractive methods spot and reuse main terms and phrases directly from the original text, while abstractive
methods produce new sentences that paraphrase the source content, capturing its essence in a more human-
like manner [23]. Extractive summarization has reached a mature level, while abstractive methods still rely
on complex language generation capabilities and remain challenging [24], [25].

DL techniques have enriched the text summarization domain by enabling models to understand and
produce text with greater fluency and coherence. The development of RNNs and LSTMs marked a significant
milestone by addressing issues like vanishing gradients and enabling the modeling of sequential data [21]. The
introduction of the sequence-to-sequence (Seq2Seq) architecture further improved summarization by allowing
models to convert input sequences into output sequences effectively [10], [26], [27]. The use of attention
mechanisms within these frameworks enabled models to shed light on the most important elements of the
original text, enhancing the informativeness and relevance of generated summaries [9], [28].

The rise of transformer models has advanced content summarization capabilities. BERT presented
bidirectional modeling with improved representation of sentences [11], [12]. Additionally, GPT has
demonstrated exceptional capabilities in AS with its capability of producing human-like summaries [29].
T5 has also shown versatility and breakthrough performance in summarization by leveraging pre-training on
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different tasks [12]. In spite of the improvements achieved by these models, they still have computational
complexity and require high resources which restricts their availability for viable applications.

This study builds upon the transformative capabilities of models such as BERT, GPT, and T5 while
addressing their limitations through the usage of a Seq2Seq and attention mechanisms. This approach aims to
improve abstractive text summarization performance, especially in domain-specific contexts. As opposed to
BERT and GPT, our model is fine-tuned particularly for summarization tasks which facilitates the
development of more specialized, productive, and context-aware summarization strategies.

Building on key insights from prior research, including the detailed review presented in [4], this
research leverages DL advancements, such as attention mechanisms, to improve the quality and relevance of
generated summaries. Moreover, this study highlights the importance of using domain-specific datasets rather
than generic ones, which lack the nuance required to address the requirements of specialized fields
effectively. With respect to model evaluation, our approach integrates both bilingual evaluation understudy
(BLEU) and recall-oriented understudy for gisting evaluation (ROUGE) metrics to ensure a thorough and
balanced model evaluation. This comprehensive evaluation approach overcomes the limitations of single-
metric assessments and provides a robust framework for measuring the model's quality. By bridging the gap
between existing methodologies and the practical requirements of real-world tasks, this study aligns with
current best practices in the summarization field and contributes to the ongoing development of
summarization technologies.

3. TEXT SUMMARIZATION IN NATURAL LANGUAGE PROCESSING

Text summarization is the process of generating a precise summary from a longer text while
preserving the original content and overall meaning [3], [30]. There are mainly two methods for text
summarization which are namely extractive summarization and AS. In the following subsections, the main
methods of text summarization are explained, and then, other key concepts used in building our model are
briefly introduced.

3.1. Extractive summarization

In this method, the most significant sentences or phrases are spotted and extracted from the text.
These extracted sentences are then combined to represent the final output text summary, as depicted in
Figure 1. Recent advancements have leveraged DL techniques, particularly transformer models, to enhance
the performance of extractive summarization. Liu and Lapata [31] introduced BERT-based summarization
model (SUM), an extension of BERT for extractive summarization tasks. BERTSUM utilizes BERT’s
powerful contextual embeddings to better understand sentence-level representations and employs a classifier
to identify salient sentences for summarization. This approach significantly outperformed previous extractive
methods on benchmark datasets. A graph-based neural model for extractive summarization, where sentences
are represented as nodes and their relationships as edges in a graph was proposed in [32]. This method
effectively captures the structural information of the text and enhances the coherence of the generated
summaries. Narayan et al. [33] presented a neural extractive summarization model that uses a Seq2Seq
framework with reinforcement learning. The model is trained to select sentences that maximize the ROUGE
score. Despite these advancements, existing summarization methods still face several limitations. Extractive
methods may still result in summaries that are not coherent or sentences may be selected directly from the
source text without any change [34]. In addition, these models may include redundant information, as they
focus on individual sentences rather than the overall content [35].

Text

. Summary
Seatence 1 Extractive
Sentence 2 Summarizer Sentence 2
Sentence 3 Sentence 4
Sentence 4

Figure 1. Concept of extractive summarizer

3.2. Abstractive summarization
AS not only generates a shorter version of the input text, but it also may produce new sentences that
do not exist in the original text [24]. This concept is depicted in Figure 2 where multiple sentences are fed
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into a text summarizer as input while a shorter version of the text along with some new contents are
generated as output. The process of text summarization involves more challenging techniques like text
rephrasing, paraphrasing, and generation, yet produces more human like summaries [1], [25], [36],
implemented pointer-generator networks that utilize both abstractive and extractive methods to ensure the
important parts of the text is included in the output summary. Vaswani et al. [9] introduced the transformer
model that implements self-attention mechanisms for handling the text long-range dependencies in text.

Transformers have become the foundation for many state-of-the-art summarization models, such as
bidirectional and auto-regressive transformers (BART), pre-training with extracted gap-sentences for
abstractive summarization (PEGASUS), and T5. Lewis ef al. [37] developed BART, a denoising autoencoder
for pretraining sequence-to-sequence models. BART combines the strengths of BERT’s bidirectional
encoding and GPT’s autoregressive decoding, making it highly effective for both extractive and AS tasks.
Zhang et al. [38] introduced PEGASUS, which pretrains a transformer model by masking whole sentences
rather than individual tokens. This approach improves the model’s ability to understand sentence-level
semantics and leads to better performance in AS tasks. The TS model was introduced by Raffel et al. [12]. It
frames all NLP tasks as text-to-text problems. The model implements a unified framework with extensive
pretraining and fine-tuning, which enables it to perform well in text generation tasks such as text
summarization. Despite these advancements, abstractive models still face significant challenges. For
example, these models tend to generate grammatically incorrect or nonsensical sentences when dealing with
complex source texts [39]. Another issue is the potential for information loss, which can result in omitting
important details [40].

Text
Summa
Sentence 1 SABStractllve ry
Sentence 2 ummarizer M et
Sentence 3
Sentence 4

Figure 2. Abstractive summarization

4. METHOD

Human text summarization is a lengthy and time-consuming process. The outcome is subjective and
varies widely in quality and accuracy. Therefore, NLP has been applied in several ways to automate the text
summarization process [41]. In this paper, a DL text summarization model is developed using Python and
Keras AI APIs. Model training was performed using the Amazon food reviews dataset [42]. Textual reviews
in this dataset are used to predict a short version of the text without losing key contextual elements or
meaning. For training and validation purposes, the dataset is split into 90% for training and 10% for
validation. The following sections explain the different techniques and concepts used in our model in more
detail.

4.1. Sequence-to-sequence modeling

Seq2Seq is a well-known modeling technique used for processing sequential information. This
technique is usually utilized in sentiment analysis [43], named entity recognition (NER) [44] and machine
translation problems [45]. In machine translation, the model generates output text in a certain language given
that the input text is in another language [46]. In NER, a sequence of words is fed into the model, which in
turn generates a sequence of tags for each of the inputted words [46]. In our research, the Seq2Seq model
receives a paragraph consisting of a sequence of words and generates a summarized version of the text as a
many-to-many sequence problem. The model primarily consists of an encoder and decoder, which are further
explained in the following sections.

4.2. Encoding-decoding model

In text summarization models, the input is usually a long sequence of words, while the output is
typically a shorter form of the input text. Encoder and decoder components are typically based on either a
LSTM or gated RNN due to their capability of handling long term dependencies and solving the problem of
vanishing gradient [47]. An encoder LSTM model processes the entire input sequence by feeding one word
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into the encoder at each timestep. It captures and processes the contextual information at each timestep
throughout the input sequence.

Setting up the model involves two main phases: training and inference. In the training phase, one
word is passed at a time to the encoder, which processes the input at each iteration and captures the
fundamental information found in the input text. The decoder is another LSTM network that analyzes the
target sequence in full and predicts the output sequence. Model training takes place so the model can observe
the previous work and be able to predict the next word. In the inference phase, new unseen sentences are fed
to the model for testing. The process of decoding starts by feeding the output of the encoder to the model.
At each timestep, the decoder generates the next word with the highest probability. This process repeats for
all words until the end of the input sequence.

4.3. Attention mechanism

In the encoding-decoding model, the encoder encodes the input sequence completely into a vector of
a fixed length. Then, the decoder takes over to predict the output sequence. However, when the length of the
input sequence is long, the encoder is required to memorize the whole fixed-length vector, which can cause a
potential performance issue [48], [49]. To address this limitation, our model incorporates the attention
mechanism, which focuses only on certain parts of the input sequence to predict each word in the output,
rather than relying on the entire sequence. This allows the model to dynamically allocate attention to the most
relevant portions of the input, improving the accuracy and coherence of the generated summaries. The key
concept here is how much weight is given to each word when predicting the next output word.

There are mainly two types of attention mechanisms: global and local attention. Global attention
analyzes all encoder hidden states, allowing for a comprehensive view of the entire input sequence, whereas local
attention concentrates on a selection of encoder states, making the procedure more computationally efficient [50].
For our model, we chose global attention because it is better suited for AS tasks that require a thorough grasp of
the full input context. By observing all hidden states, the model may capture nuanced linkages and dependencies
in the text, resulting in summaries that are more coherent, content-rich, and contextually correct. This decision
guarantees that our model excels at managing varied and complicated text structures.

4.4. Model architecture

Our model is based on the Seq2Seq transformer framework which has performed well in the field of text
summarization and generation [51]. The model architecture consists mainly of three layers which are the encoder,
decoder, and the attention mechanism, as depicted in Figure 3. The encoder layer handles the input text and
converts it into a series of hidden state rich feature representations. These hidden states encapsulate the semantic
and syntactic meanings of the input text. This allows the model to understand complex textual dependencies.

» ° Attention

Context

0 O 0 0 |-
Y2 End
X, X, X X, State s Y, Y,
Encoder Decoder

Figure 3. Text summarization model architecture

The context vector, which aggregates the encoder's output, is passed to the decoder which in role
generates the summarized text. The decoder is also implemented as an iterative neural network. At each time
step, the combination of the context vector, attention mechanism, and the previously generated words are
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used to predict the next word in the output sequence. The attention mechanism plays a critical role by
dynamically focusing on the most relevant parts of the input sequence for each decoding step which improves
both coherence and relevance in the output.

Our architecture differs from traditional sequence-to-sequence models in that it features
performance optimization. This is achieved by including stacked layers in both the encoder and decoder,
allowing the model to capture more complex dependencies within the input data. In addition, the attention
mechanism facilitates better alignment of positional and semantic information in the output summary.

Model training on the Amazon food reviews dataset took place using the approach of supervised
learning. Loss function was continuously optimized in both the encoder and decoder to ensure that output
text is closely matching the reference summaries. For evaluation, BLEU score was calculated with a value of
0.641 indicating that the model achieved a high degree of alignment with human-generated summaries. This
score reflects the model's ability to effectively capture lexical and semantic elements of the input text.
Furthermore, the model’s performance can be enhanced, making it a scalable and reliable framework for
abstractive text summarization tasks by using larger datasets and higher computational resources.

4.5. Environment setup and data preprocessing

In this project, PyCharm IDE was used to develop the Python implementation code. A project
virtual environment folder was set up, and all prerequisite libraries were downloaded, including Keras as the
main library. The review of the fine food dataset was copied to the working directory as well. The dataset
consists of around 600,000 reviews, which include different structures of data such as ratings, user
information, and user text reviews. For the purpose of model training, 10% of the data was used to avoid long
training times or overloading the computer used to develop and train the model.

Firstly, the dataset was initialized and loaded. Then the data structure was reviewed. The raw dataset
was found to be unstructured and contained a lot of unnecessary data. Therefore, basic data processing
operations were performed to prepare the data and make it ready for training the model. Data processing
started with removing duplicate and empty rows. Then, other processing tasks were applied to handle
unnecessary symbols and characters, including, i) converting all text to lowercase, ii) removal of any HTML
tags; iil) applying contraction mapping, such as converting “can’t” to “cannot”, iv) removing [’s],
v) removing text between parentheses (), vi) removing special characters and punctuation marks, and
vii) removal of stop words.

Prior to developing the model, some model parameters needed to be derived from the dataset, which
would affect both the training and prediction phases. The maximum length of the summary and the maximum
length of the text review are examples of such parameters. To derive suitable values for these two
parameters, a function was defined to plot the dataset sequence distribution of summary and review parts.
The plot shown in Figure 4 is a pair of histograms that visually depict the distribution of word counts in two
sets of text data: the original reviews (or full text) and their corresponding summaries. Each histogram shows
the frequency of word counts for these texts, helping to understand their length distribution across the dataset.
The x-axis, labeled “word count” represents the number of words per review or summary, while the y-axis,
labeled “Frequency” represents how many entries (reviews or summaries) match each word count range.

Summa ry Text

20000

60000 4
17500

15000 30000

12500 40000

10000
30000

Frequency

7500
20000

5000 I
10000 -
2500 I
0 0

10 20 30 0 500 1000

word count

Figure 4. Text sequence distribution graphs
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From the histograms, we can observe common patterns, such as how much longer the original
reviews might be compared to the summaries. A wider spread along the x-axis for reviews would suggest that
reviews generally contain more words and vary significantly in length, while a narrower spread for
summaries would imply, they are consistently shorter and potentially more standardized. Accordingly, the
maximum length of reviews was set to 80 words, as most reviews in the dataset are around this length.
Similarly, the maximum length of summaries was set to 10 words which is the typical length of summaries in
the data. These settings allow the model to focus on the most relevant information with standardized input
sizes leading to an improved model accuracy.

4.6. Building the model

The text summarization model developed in this research leverages a multi-layer architecture to
effectively process and generate output summaries. The model starts with two input layers: one for the input text
sequence and another for the target sequence used during training. These inputs are passed through separate
embedding layers which in role, transform words into dense vector representations. This step ensures that the
semantic relationships between words are captured and hence, providing a strong basis for further processing.

There are three stacked LSTM layers at the core of the model. These layers play a vital role in
capturing long-term dependencies and contextual relationships within the input text. Ma et al. [52] using
multiple LSTM layers enhances the model's ability to represent text sequences by learning progressively
complex features at each layer. This hierarchical arrangement allows the model to better capture nuanced
patterns in the data resulting in more accurate and comprehensive text representations. Following the LSTM
layers, an attention layer is incorporated which dynamically focuses on the most relevant parts of the input
sequence during decoding. This mechanism generates a weighted context vector that prioritizes the most critical
information in the input text which is significantly improving the relevance of the generated summaries.

Finally, the outputs from the attention mechanism are concatenated with the decoder LSTM’s
hidden states and passed through a dense layer wrapped in a time-distributed layer. This final component
predicts the next word in the sequence at each time step. By combining embedding, multi-layer LSTMs,
attention, and dense layers, the model achieves an architecture capable of generating meaningful, fluent, and
content-rich summaries, while ensuring better representation of text sequences through the multi-layer LSTM
structure as described in [52].

4.7. Model training

During model training, the validation loss is continuously monitored, and the training process will
stop if an increase in validation loss is detected. The batch size for model training was set to 512, reflecting the
number of samples for each gradient update. The model validation process was applied to the remaining 10%
of the holdout set. The following code snippet shows the model training statement. The code snippet represents
the training process for the text summarization model using the fit function in Keras. The model is trained in a
Seq2Seq format, where the input consists of the original text (input sequences) and a shifted version of the
target text (target text[:, :-1]) as the decoder input. The target output (target text.reshape(target text.shape[0],
target text.shape[l], 1)[:, 1:]) is reshaped to align with the model's expected output format, using the shifted
target text (excluding the first element). The training is performed over a predefined number of epochs
(ep_count) with a batch size of 512 to ensure efficient gradient updates. Early stopping (early stopping) is
applied as a callback to halt training if the validation loss stops improving, thus preventing overfitting.
Validation data, consisting of val in and val out, undergoes the same preprocessing steps as the training data
to ensure consistency. This setup ensures the model learns to predict the next word in the sequence effectively,
leveraging both input text and previously generated words during training.

set=model.fit(
[input_ sequences, target text [:, :-1]1],
target text.reshape(target text.shape[0], target text.shape[l], 1)[:, 1:],
epochs=ep_count,
callbacks=[ early stopping],
batch size=512,
validation data=(
[val in, val out[:, :-1]],
val out.reshape(val out.shape[0],
val out.shape([l], 1)[:, 1:]
)
)

During model training, the validation loss is monitored to determine when to stop the process.
Training halts automatically if the validation loss begins to increase, indicating potential overfitting. In
Figure 5, which plots both training and validation loss over 10 epochs, we see that the model's error
decreases on both datasets initially, demonstrating effective learning.
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At the beginning, both training (solid line) and validation loss (dotted line) decrease, indicating
improvement on both the training and validation datasets. However, starting from epoch 4, the validation loss
continues to slightly decrease, and after epoch 8, it increases, while the training loss continues to decrease.
This divergence suggests that the model is starting to overfit to the training data, meaning it is learning
details that are specific to the training set but not generalizable to new data.

By implementing early stopping, we prevent the model from continuing to train past the point of
lowest validation loss (around epoch 8). Stopping at this stage allows the model to maintain better
generalization, balancing accuracy on the training set with performance on unseen data. This technique
ensures the model does not overfit, preserving its effectiveness in real-world applications.

Train and Validation Loss Over Epochs

32 —e— Train Loss
~®- Validation Loss

3.0

2.8

2.6

2.0

1.8

1.6

Epochs

Figure 5. Training and validation loss over epochs

4.8. Model evaluation
4.8.1. BLEU score

The BLEU score was calculated in this experiment to evaluate the model’s performance. BLEU is a
very commonly used metric in evaluating machine translation models which can also be used for text
summarization as well [4], [53], A BLEU score of 1.0 represents a perfect match, while a score of 0.0
indicates a perfect mismatch. Typically, a score of 1.0 is not possible as the generated summary can differ
from the reference text while it is still valid and precise.

In this experiment, the model achieved a BLEU score of 0.641. Such a score indicates a strong
performance and a high degree of similarity to the reference summaries. It also demonstrates that the model
is effective at capturing and replicating essential content from the input sequences. In addition, the result
reflects the ability of the model to identify key phrases and semantic relationships within the input text and
accurately generate summaries that preserve the core meaning.

On the other side, the BLEU score of 0.641 also suggests a need for improvement in handling longer
or more complex text structures. Further fine-tuning of the model and using larger training dataset could
potentially improve this score and lead to more accurate summarization results. This score provides a solid
foundation for further research and optimization of AS models.

4.8.2. ROUGE score

ROUGE is performance evaluation metric which is specifically designed for text summarization
tasks. It provides an in-depth analysis of the overlap between the generated summaries and reference
summaries [54], [55]. ROUGE includes different sub-metrics that evaluate different dimensions of summary
quality by comparing the generated summaries with reference summaries.

ROUGE-1 captures model's ability to include the most critical words from the input text by
measuring the unigram (single-word) overlap. ROUGE-2 reflects the model's capability to understand the
short-term contextual relationships within the text by measuring the bigram (two-word sequence) overlap.
ROUGE-L emphasizes sentence-level structural coherence by focusing on the longest common subsequence
(LCS) between the generated and reference summaries. Additionally, ROUGE-W rewards summaries that
preserve longer meaningful spans of text by prioritizing the longest contiguous subsequence matches. In this
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experiment, the model achieved ROUGE scores of 0.520 for ROUGE-1, 0.345 for ROUGE-2, 0.461 for
ROUGE-L, and 0.428 for ROUGE-W. These scores demonstrate the model’s effectiveness in generating
relevant and structurally coherent summaries.

ROUGE-1 score of 0.520 indicates that the model effectively captures essential content and lexical
overlap with the reference summaries. The ROUGE-2 score of 0.345 reflects the model's ability to capture
contextual relationships through bigram overlaps, which is a critical factor for ensuring meaningful
summaries. The ROUGE-L score of 0.461 demonstrates the model's strength in maintaining sentence-level
structure and producing coherent summaries. Finally, the ROUGE-W score of 0.428 highlights the model’s
capacity to retain longer and contiguous segments of information.

These scores collectively demonstrate the model's robust performance in producing accurate,
coherent, and contextually rich summaries. However, there is still a room for improvement in enhancing the
bigram and structural coherence as suggested by the ROUGE-2 and ROUGE-W scores. Future efforts could
focus on refining the attention mechanism or employing reinforcement learning techniques to optimize the
summarization process further.

4.8.3. Comparative analysis

Evaluating the model’s performance using both BLEU and ROUGE provides a well-rounded
framework that captures different aspects of summary quality. A BLEU score of 0.641 indicates the model’s
strong alignment with reference summaries, while ROUGE offers additional insight by measuring lexical and
structural coherence. Specifically, the ROUGE scores (ROUGE-1: 0.520, ROUGE-2: 0.345, ROUGE-L:
0.461, and ROUGE-W: 0.428) reflect the model’s effectiveness in preserving key information, capturing
short-term relationships, and maintaining logical sentence flow. This dual-metric approach affirms the
model’s ability to generate coherent and accurate summaries, aligning with established benchmarks in NLP
research. At the same time, the results shed light on potential areas for improvement, such as better handling
of complex sequences and long-term contextual relationships. Overall, this evaluation highlights the model’s
strengths while paving the way for further refinement and practical applications.

4.9. Model results

Figure 6 presents three random samples of reviews from the Amazon food reviews dataset, along
with their original summaries and the predicted summaries generated by our text summarization model. The
results demonstrate that the model performs effectively in capturing the essence of the reviews while
maintaining brevity and coherence. For instance, in the first review, the model successfully identifies the key
sentiment of a “rich coffee flavor” while addressing the packaging issue, closely aligning with the original
summary. Similarly, in the second and third examples, the predicted summaries reflect the main ideas such as
the nutritional value of protein bars and the relaxing properties of herbal tea while excluding extraneous
details. These results highlight the model's ability to generalize across diverse contexts, accurately identifying
critical aspects of the original text. However, minor discrepancies, such as slightly less descriptive phrasing
in the predicted summaries, suggest opportunities for further fine-tuning to enhance specificity and accuracy.

Review: "l purchased this coffee a few weeks ago, and | must say, the flavor is fantastic! It has a rich, bold
taste, and the aroma fills my kitchen every morning. However, | noticed that the packaging was not very
eco-friendly, which is something the company could improve."

Original Summary: "Rich coffee flavor with eco-packaging concerns.”

Predicted Summary: "Bold coffee taste but packaging needs improvement."

Review: "The prote|in bars are a convenient snack for my busy schedule. They have a great balance of
sweetness and nutrition, and | love that they use natural ingredients. However, | wish the texture was
less crumbly, as it can be a bit messy to eat on the go."

Original Summary: "Tasty and healthy protein bars but crumbly texture.”

Predicted Summary: "Protein bars: nutritious but crumbly."

Review: "l recently bought this herbal tea, and it has become my favorite! The calming blend helps me
relax after a long day, and the natural ingredients are a big plus. My only concern is the slightly high price
compared to similar products.”

Original Summary: "Relaxing herbal tea with a slightly high price.”

Predicted Summary: "Favorite herbal tea but pricey.”

Figure 6. Text summarization model output
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5. DISCUSSION AND RECOMMENDATION

After completing the model training and reviewing the results, the model evaluation scores are
found to be promising as they indicate a strong performance and high capability of generating relevant
summaries which are closely matching the meaning of the original text. This showcases the model’s potential
for real world applications such as text summarization in the customer reviews, academic research, and
commercial domains. On the other side, there is a considerable room for improvement to optimize the
model’s training process and capabilities.

The most important aspect of model’s improvement lies in increasing the size of the training data in
order to improve the accuracy and generalizability of the model, but that comes with the cost of increased
training time. In this experiment, the plan was to train the model using 90,000 records. However, the training
time proved to be a limiting factor so we had to compromise the model settings and reduce the dataset size to
10,000 records. That led to reducing the training time to six hours which is reasonable compared with the
time needed to train the full dataset. Despite that reducing the size of dataset yielded satisfactory results, it
proves that using larger datasets would improve the model’s performance and extend its generalization
capability across diverse text patterns and nuances.

6. CONCLUSION AND FUTURE WORK

In this project, a neural network text summarization model was developed which basically has three
stacked LSTM layers. The Amazon food reviews dataset was used to train the model. Model training was
stopped at epoch 8 at which the validation loss started to increase. The model’s performance was evaluated
using BLEU and ROUGE scores with a BLEU score of 0.641 and ROUGE-1, ROUGE-2, and ROUGE-L
scores of 0.520, 0.345, and 0.461, respectively. These results indicate the model’s ability to replicate critical
elements of the input text while maintaining structural integrity. Despite its promising results, the model has
some limitations. Training the model on a smaller dataset due to computational constraints restricted its
generalizability across diverse text structures. This limitation can be addressed by increasing the dataset size
but would require higher hardware resources and longer training time. Additionally, the model occasionally
produces inconsistent or redundant summaries, particularly with longer texts, highlighting areas for
improvement in conciseness and fluency. Future work could focus on leveraging reinforcement learning
techniques or advanced attention mechanisms to refine and optimize the summarization process. Exploring
transformer-based architectures like TS or GPT variants may also enhance the model’s capability to generate
more nuanced and high-quality summaries. These advancements could further bridge the gap between current
AS methods and human-level performance.
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