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ABSTRACT

The rapid growth of e-commerce platforms has increased the pressure on a large quantity of genuine and
interesting product reviews to create trust and stimulate buying behaviour. Manual review writing is time-
consuming and resource-intensive, particularly when the size of the catalog goes into the thousands. New
or niche products have a high likelihood of being discovered and not accepted by consumers due to
insufficient reviews. Retailers and brands are in need of a solution to automatically create reviews that can
replicate the variety and the believability of authentic customer reviews. An Al-generated review system
with the transformer-based GPT-2 model that is capable of generating natural and believable product
reviews. The automated system will enhance the e-commerce experience through offering scalable,
authentic social proof on all product listings. The idea behind this project is to fill this gap between the
existence of products and social proof through the use of sophisticated Al methods. With automation of
review writing, businesses will be able to provide sufficient support to all product listings and eventually
improve customer experience and increase the number of conversions. The study manages to automate the
generation of natural product reviews by combining the newest deep learning and natural language
processing technologies with the help of GPT-2. The results provided show that the model can capture
imperceptible expressions of product functionality, quality, and satisfaction, all of which are critical in
generating authentic reviews. The implications of this strategy for the e-commerce sites seeking scalable
solutions to sentiment analysis, content development, and enhancement of customer engagement are
significant. Another way to add to the work is the introduction of transformer-based architecture that
preconditions further research.
Keywords: Generative AI, GPT-2, Product Review Generation, Natural Language Processing (NLP), E-
Commerce Automation, Deep Learning, Transformer Model, Amazon Reviews Dataset, Text
Generation, Fine-Tuning

1. INTRODUCTION
models has made it possible to write reviews that

Rule-based or template-driven technology take into account the situation, the style, and the
has traditionally been used to write product needs of the user. These changes make it possible
evaluations [9]. Because these systems use a for automated changes to be made to new items and
predetermined structure of phrases and logic trees, customer needs. This is a big change from using
the output is repetitious and formulaic. These fixed templates to creating dynamic and varied
strategies are easy to understand and use, but they  content. The diagram below compares traditional
don't show how complicated real customer rule-based review generation systems with modern
experiences are, and they stop working rapidly = Al-based generative models. It illustrates how data
when used on multiple product lines. Also, the scale  flows from pre-processing to output, highlighting
can't be made bigger since new types of items are  key differences in flexibility, scalability, and
added and need to be updated by hand [10]. On the  contextual understanding.
other hand, the rise of Al-based text generation
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Figure 1: Traditional Rule-Based Review Systems VS Modern Systems

Reviews of goods have become an
important part of online shopping because they help
customers make smart decisions and build trust in
online shopping sites [11]. In the past, reviews were
written by hand and were real accounts of users'
own experiences. However, it's hard to collect
reviews by hand these days because there are so
many goods to choose from and new content needs
to be made all the time. To deal with these
problems, stores have started using Al-based
solutions that can collect and handle large groups of
already-existing reviews to find important details
and customer opinions. Recent progress in
generative Al, especially the GPT-2 model, has
made it possible to automatically write reviews of
products that sound like they were written by a
person [12]. This is done by using real data as
training materials. Rule-based systems tend to make
text that is repeated and general, but generative
models can make text that is varied, complex, and
rich in context. Not only does this improve the
shopping experience, but it also gives companies an
easy, scalable way to add honest reviews to product
pages. Also, reviews made by Al could speed up the
release of a product because they would provide
quick social approval, even for goods that haven't
been bought much before. Online stores will be

able to meet the growing demand for in-depth
product reviews and make the process easier by
using generative Al to write professional reviews of
products [13]. Nevertheless, an ever-increasing
application of Al in reviews also establishes new
difficulties, including the ability to identify fake or
deceptive content and guarantee authenticity to
consumers. With the development of generative Al,
the existing possibilities and the major tasks in the
digital marketplace are both valuable opportunities
and duties of automated review generation.

1.1Traditional Rule-Based/Template Approaches

The existing rule-based and template-
based methods of product review generation have
significant limitations that hinder their usefulness.
First, such methods are more likely to generate
generic and repetitive text, which would not be as
diverse and full of language as actual customer
reviews. This makes the materials produced less
interesting and realistic to the audience [14].
Secondly, the manual update would be required in
the traditional systems with each new product
released or a change in the user language, hence
high maintenance. The use of manual intervention
reduces scalability and flexibility and is not suitable
in large and dynamic e-commerce systems. Third,
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rule-based approaches are also rigid in nature and
cannot capture any of the situational elements of
customer affections and product attributes and can
most often produce unnatural or non-correlated
outputs with the physical experiences of customers
[15]. Overall, these limitations make the traditional
strategies less viable in terms of being used in the
context of meeting the demands of the modern
online shopping environment, in which credibility
and the number of reviews matter.

1.2 GPT-2 Deep Learning Approach

The GPT-2 (review generation), an Al-
based system, is associated with significant
advantages over the traditional methods, with the
deep learning model being trained automatically on
the basis of substantial amounts of real product
reviews. This enables the AI model to produce
highly differentiated, contextual and human-like
reviews, which enhance the wuser trust and
engagement. In comparison to the rule-based
systems, the GPT-2 can extrapolate to new and
unseen products without human intervention, which
is a testimony to the high adaptability of the
system, and also has less operational overhead. In
addition, the model will be trained on huge and
varied datasets, having the advantage of producing
innovativeness and not using repetitive words,
which creates reviews that sound like the voices of
actual customers. The work of such an artificial
intelligence system is stunning; the more
information there is, the more the model works and
the variety of the generated content increases by
default. Furthermore, full automation enables one
to forego the continuous process of updating, which
is why such an approach is extremely effective as
far as the expansion of e-commerce websites is
concerned. The latter properties allow the GPT-2-
based solution to be a more viable alternative in
terms of realistic and scalable product review
generation.

1.3 Motivation

The online product reviews are considered
influential social evidence that influences consumer
behaviour and breeds trust in e-commerce
platforms. The conventional rule-based and
template-driven schemes of creating reviews have
failed because they are repetitive, formulaic, and
unscaled in dynamically changing product settings.
The latest developments in Al-based generative
models, and especially the GPT-2 transformer
architecture, enable people to generate various,
context-specific, and human-like reviews that can
automatically adjust to new products without

human intervention. The paper seeks to utilise such
breakthroughs to create an authentic product review
generation process, which can be scaled and is
realistic. We theorise that, when kept fine-tuning
GPT-2 on large, real-world data of product reviews,
the model will be capable of generating subtle,
plausible reviews that increase the perceived reality
of the product listing, which will eventually boost
consumer confidence and interest. This work
presents a scalable solution to the increasing need
to find authentic content in e-commerce, which
opens up further possibilities of transformer-based
architecture in the given sphere.

2. LITERATURE SURVEY

Keyin Chen et al [1] The dataset adopted
included culturally diversified pointers based on
previous studies, professional feedback and test
markets, and design proposals were produced to
include markets like China as a practical test. To be
reliable, human raters confirmed the scoring by
GPT-4 in the Consensual Assessment Technique,
which had significant agreement with the model.
The dataset, therefore, incorporates the theoretical
cultural variables, the weightings that are empirical
and the generated case studies, fused to create the
empirical basis to test. The presented methodology
presents a framework of a cross-cultural supervisor
that utilises the use of LLMs and specifically GPT-
4 alongside the CO-STAR prompting framework to
help designers tackle the issue of cultural
complexity in product design. To begin with, an
extensive CCD measure system was developed, in
which explicit cultural indicators and implicit
indicators are distinguished. The AHP was used to
weight these metrics in order to measure their
relative importance, thus ensuring that they are
systematically evaluated. The methodology utilises
two approaches: increasing the cultural knowledge
of the designers through the creation of specific
cultural knowledge and aiding the process of design
evaluation through the scoring of the proposals
against weighted CCD metrics. GPT-4 was also
expected to produce culturally adapted design
proposals, as well as rate these proposals using a
structured rubric, which made it possible to
optimise outputs through iteration. Finally, the
methodology combines computational cultural
analysis with the iterative human-Al cooperation
and tries to enhance the design inclusivity,
efficiency, and competitiveness in the market.

M. Seetharama Prasad et al [2] The data
set will include 5L product metadata records, 10
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million user reviews, 20 million user interaction
logs and 1L product pictures to maintain extensive
coverage. After aggregation, these datasets are pre-
cleaned so as to address noise, missing data, and
bias, which is reliable and fair. It then works on
gathering various e-commerce data, which contains
structured product data, such as category, price,
brand and rating, unstructured data, such as user
reviews and query logs and multi-modal data, such
as product images. The approach entails choosing
appropriate pre-trained LLMs, i.e. GPT and BERT,
and fine-tuning them using the curated datasets to
be used in e-commerce. The transfer learning
methods are used to customise general-purpose
LLMs into domain-specific recommendation
models. The hybrid practices are also incorporated
into the process, where the combination of LLMs
and collaborative and content-based filtering is
used. Multi-modal integration enables the models to
accomplish the complex user preferences through
textual, visual and structured data. Also, fairness-
sensitive and sentiment-sensitive mechanisms are
incorporated in training to reduce bias and optimise
personalisation. This systematic approach will
guarantee that the dataset is complemented by a
sound process that will be used to create scalable
and context-sensitive recommendation systems.

Bianca Lamm et al [3] dataset is a subset
of Retail-786k, 4771 images in 367 classes, with
rich product attributes and promotional information
added. The proposed methodology is based on a
visual representation of the pipeline, which has a
series of steps that it operates. It commences with
pre-processing, and the query product images of
retail advertisements are segmented with LangSAM
and cropped. Meanwhile, a Vision Language Model
extracts textual product descriptions, thus visual
and textual data are represented. These processed
images and texts are stored in a vector store,
embedded with OpenCLIP, so that similarity search
can be easily done. During the retrieval stage, the
system will match the most similar embeddings and
get the best ones. A classification phase is done to
assign the most common or nearest class label, after
which a relational query is made to gather
associated product metadata and promotion
information. These retrieved samples constitute a
few-shot context, and together with the query
image and task description, in the prompt
generative step. This structured prompt is sent to a
Vision Language Model, e.g. GPT-4 or Gemini,
which makes predictions about the finer details of a
product. In contrast to conventional methods, this
method allows the addition of new products without

retraining since only a few samples would have to
be inserted into the Vector Store. Altogether, the
methodology incorporates pre-processing, multi-
modal retrieval, contextual prompting and
structured VLM reasoning to obtain scalable,
adaptive and fine-grained product classification in
retail.

Fatma A. Mihanty et al [4] The data used
in the proposed approach is based on 7,753 app
reviews in Google Play Store that were reviewed on
39 apps across 17 categories, and each app has been
annotated with one of five labels: feature request,
information seeking, information giving, problem
discovery, or other. The process starts with a data
preparation stage, which includes collecting data,
cleaning it to ensure that any potential duplicates or
irrelevant information is removed, visualising data
to analyse the distribution of classes and data
augmentation with AugGPT to resolve the problem
of class imbalance. Subsequently, the reviews are
given semantic embeddings based on the BERT
language model, which carries out feature
extraction. These embeddings are then processed by
a classification model, which may consist of either
standard machine learning classifiers or a custom
layer of a neural network that is trained on top of
the BERT layer. The training process sequentially
optimises the parameters based on evaluation tools
such as accuracy and F1 score, where feedback is
used to tune the model. Prediction is the last step,
with fresh, unknown reviews passing through the
same pre-processing and embedding pipeline, then
the trained classifier would classify them into one
of the requirement categories.

Raehyeong Kim et al [5] The proposed
methodology uses the publicly available benchmark
sets provided in the Hugging Face Datasets library,
including a wide variety of tasks (such as
classification CST-2, AG News, IMDb, QQP, RTE)
and language modelling (Penn Treebank, PIQA,
WikiText-103, CBT, LAMBADA, OpenWebText)
to be thoroughly tested on input lengths and
structural requirements. The first step is to
investigate the computational bottlenecks of the
Transformer models and determine that most of the
crucial non-linear functions that slow down
inference in Transformer models are Softmax and
LayerNorm. To solve this, the piecewise linear
approximation to the Softmax exponential is used
in the methodology. It also uses a Newton-Raphson
iteration to compute the square root of LayerNorm
to trade off speed and accuracy in fixed-point.
These approximation methods are incorporated into
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a common hardware accelerator that has shared
processing units and is dynamically reconfigured to
alternate tasks. The architecture consists of a
programmable processing element array, an
accumulator, and customised division and square
root units, all on an FPGA. Nevertheless,
generative tasks are better refined to avoid
deterioration in accuracy. Its design exhibits
scalable performance, task-specific tunability, and a
real-time Transformer inference with careful data
selection and real-world applicability.

Fan Wu et al [6] The data set is comprised
of different types of cultural, emotional and creative
information about tourism IP products, such as
product imagery, customer reviews, designer
comments and consumer preferences, which are
collected through large multi-modal Al models and
online sources. It starts by processing and gathering
consumer emotional requirements by analysing and
gathering data using a text-generative giant model,
and moves on to form the generation using image-
based Al tools with adjectives in designer-selected
images. Then, shapes are filtered quantitatively
based on their beauty with the help of curvature
entropy. Colour creation. In creating colour,
prompts are formulated and entered in the image
model to generate colour-image possibilities and
the colour is extracted and selected with analytical
hierarchies and image-processing methods. After
identifying dominant colours, the principles behind
color harmony are wused to generate color
combinations, and thereafter they are attached to
product shapes as prototypes. Several design
options are created, quantified by a color-matching
formula, and refined even more by consumer
perceptual response. Lastly, the best product design
is selected by cross-checking and validating the
quantitative and qualitative evaluation.

AsthaSanjeev Gupta et al [7] dataset
utilised is a demographic dataset that includes
information about 31 participants, which provides
their age, gender, academic qualification, work
experience, income, time spent on GAI tools to
search information related to retail, and exposure to
GAI The suggested methodology includes the
following key steps: Purposive sampling was
utilied to sample those who had prior experience
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using GAI to search retail products/services.
Preliminary orientation and consent were taken, and
then a 15-day period followed where participants
actively used GAI tools. Semi-structured interviews
were then implemented, which Ilasted 50-60
minutes, and interviews were audio-taped and
transcribed verbatim. Braun and Clarke six-step
framework was used to conduct thematic analysis:
initial review of the transcripts, three steps of
coding, grouping of codes by similarity, building of
a thematic map and naming of themes. Through the
analysis and the synthesis of the eventual
conceptualisation of the drivers of adoption, this
methodological approach guaranteed the thorough
interpretation and model building on the basis of
the qualitative experience of lead users.

Jesus Armenta et al [8] Based on two
primary datasets: a large anime dataset collected by
MyAnimeList, consisting of 7,784 animes and
14,682 main characters, with such features as titles,
plot summaries, weighted user scores, and character
descriptions/portraits. The second dataset is an
ablation of the first, which gave 7,138 animes and
14,602 characters, with highly biased or incomplete
samples eliminated to enhance the quality of
results. In the proposed methodology, all the
necessary data in MyAnimeList is scraped using
Python, cleaning and screening the samples with
inadequate information. The weighted average
score by MAL is used as a key popularity target,
and the weighted average score takes into
consideration voter reliability. Correlation analysis
and ablation are used to ensure data integrity and
reduce the effect of confounding factors. The
baseline models, which are traditionally used, are
based on TF-IDF vectorsisation of texts and image
tensors, which are used as benchmarks. A
multidimensional neural network is suggested,
where text embeddings using transformers and
image feature embeddings using ResNet-50 are
incorporated and combined to put all the data
through a multilayer perceptron. The 81/19 train-
test split and clustering are used to avoid leakage
since anime are grouped based on characters that
overlap. Experiments in PyTorch are conducted
with Hugging Face pretrained models, with five
major configurations.




Journal of Theoretical and Applied Information Technology
15" January 2026. Vol.104. No.1

© Little Lion Scientific

d

N

-;l'\lll

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Table 1: Analysis of Existing Approaches

Author Algorithm Dataset Merits Demerits Accuracy
. Optimising and generating This performance
Keyin Cheneet | CCD, LLM, Proprietary provides the data with high was dependent on the 87%
al Co-Start. . :
performance and efficiency. provided dataset.
M. Real-world L N
Seetharama LLM E- I work on real-time datasets. ng.h n 85 4)._
computational cost. | Precision
Prasad et al commerce.
Bianca Lamm RAG+ VLM | Retail 786k Overcome the issues related to Performances were 86%
ctal FGC not up to the mark.
Fatma A. . AREAR Google Efficient and easy to ngl.l m N
Mihanty et al includes DL, | Play Store, implement computational and 99.1%
TL, NLP Apple Store ) memory.
Compared methods
Ra'ehyeong Bert, GPT2 Many Robust have similar 86.3%
Kim et al applications
accuracy.
Pre-processing time
Fan Wu et al GLM, GAN Large-scale | In limited steps, the prediction | was .hlgh.beca}lse of 0%
dataset was generated. the identification of
the product.
AsthaSanicey Open Information was predicted Works on Particular
J GAI P efficiently by repeated training analysis with 82%
Gupta et al source data
on products. products.
Jesus Armenta | DNN, GPT-2, Anime Sl.m'llhar features are predicted The transformer- 0012 —
. initially, and later relevant based model has
etal & ResNet50 popularity . . Mean
features are exposed. issues with memory.

3. PROPOSED METHODOLOGY

The proposed generative product review
focuses on creating and deploying an Al solution
that will produce product reviews based on natural
language processing as the core of its generation,
focusing on being realistic, diverse, and including
contextual accuracy. The process of review
generation in large-scale product inventories can
also be automated, and the different categories,
styles, and tones can be supported based on the
actual customer review data by training the system.
Some of its critical goals are lessening the need to
use a manual review to write reviews, scalability of
the new product, and precision of the evaluation
that is comparable to the actual customer feedback.
The solution described above will be aimed at
serving not only retailers and brands, but also
creating an opportunity to improve product
discovery, catalogue, and marketing automation
situations.

The next generation of Al to create
product reviews is to implement the influential
GPT-2 model, which is a transformer-based
language model that has gained popularity due to
its capacity to produce coherent, contextually
appropriate, and human-like text. The architecture
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of this model allows it to be sensitive to the
complexity of natural language since it pays
attention to the global dependencies of the input
sequence, and thus can imitate a wide range of
writing styles and subtle expressions. It starts with
thorough data preparation, during which raw
product  review datasets  undergo data
decontamination by eliminating null entries,
followed by structuring into prompt-response pairs
to instruct the learning of the model. GPT-2-based
tokenisation with the help of the Byte Pair
Encoding algorithm divides the text into small
subword units that can be easily learned by the
model to learn the language patterns successfully.
Training GPT-2 on the filtered dataset to fine-tune
the huge amount of linguistic knowledge that the
pre-trained model possesses to the particular field
of product reviews allows it to produce valuable
and convincing feedback. In order to encourage
diversity and creativity in the produced reviews,
sophisticated sampling methods such as nucleus
sampling are used, and they are more likely to pick
words in a grammatical and semantic form. The
output is an Al system that is able to scale
effectively to various types of products and
outperform the older rule-based approach by
providing realistic, diverse and context-aware
reviews that appeal to actual user experiences.
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Figure 2: Al-based Product Review Generation System using GPT-2 Architecture

This architecture represents the full end-
to-end lifecycle of your system — from dataset
acquisition to deployment and continuous
improvement. It captures how GPT-2 is fine-tuned
on Amazon product data, learns contextual
relationships between titles and reviews, and
generates authentic, varied, and scalable product
reviews. The product titles and associated review
texts extracted from the Amazon product data are
the main characteristics employed in the Al-driven
product review generation system. The product title
is the input prompt that the model uses to produce
the review of the corresponding product; thus, it is
one of the important features to understand the
context. The review texts serve as the target output,
and they give good and descriptive examples of
language to train the model. With these two features
coupled together, the system then learns the natural
association between a product and the feedback that
it may get from the customers. This strategy helps
the model to produce product-specific and
contextually correct reviews. The selection of these
features was made considering their availability and
relevance, and the features made the model have
the ability to capture the finer details of the
customer opinions and remain scalable to the
various categories of products. Pre-processing

makes these features clean and formatted to make
the most out of them to fine-tune GPT-2: Here is a
write-up of the sub-heading Features Used
depending on the contents of the PDF:

The key attributes of the Al-based product
review generation system are the product names
and the review texts of the product names that were
obtained using the Amazon product dataset. The
input prompt that the model uses to produce the
relevant review is the product title, and thus, it is
one of the features that would aid in understanding
the context. The reviews serve as the target output
and give rich and descriptive language examples to
train the model. When these two aspects are
combined, the system gains the intuitive
relationship between a product and feedback that
may be issued by customers. By doing this, this
model is able to produce product-specific and
contextually relevant reviews. These characteristics
were chosen due to their availability and relevance
so that the model could reflect the details of
customer opinions and could be used equally in
various  product categories.  Pre-processing
guarantees that these characteristics are purged and
arranged, performing the maximum of their
potential in fine-tuning GPT-2.
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Provides an e-commerce product review
generation model as a GPT-2 model that uses a
transformer to automate the generation of real
product reviews. The dataset will include actual
reviews left by customers on various e-commerce
platforms, and the data has been pre-processed to
eliminate noise and normalise the format. This
dataset was used to fine-tune the GPT-2 model in
order to learn language patterns of reviews,
sentiment expressions and descriptions of
attributes. The training was performed with a batch
size of 32 and a learning rate of 3e-5 and 10 epochs
in an environment with a GPU. The linguistic
similarity was assessed by using BLEU scores to
compute model performance, and the authenticity
and readability of the produced reviews were
measured by human participants. Model-generated
reviews were compared to a control group of
human-generated reviews to check quality.

Tokeniser (with mathematical expressions)

The GPT-2 model’s tokeniser is based on
the Byte Pair Encoding (BPE) algorithm, which
strikes a balance between tokenisation. BPE
combines the most common character or substitute
word pairings recursively to build a vocabulary,
allowing common words to be represented as single
tokens while splitting rare or out-of-vocabulary
words into smaller units. Each token is then
mapped to a unique numerical ID to enable
processing by GPT-2. The token embedding can be
defined as:

E; = W, - one_hot(t;)
whereE;is the embedding of a token t;, and W,is
the learned embedding matrix. These embeddings
are combined with positional encodings to preserve
the order of tokens in the sequence:

X = [E; + PE{,E, + PE,, ...,E,, + PE, ]
wherePE;represents the positional encoding of the
i-th token in the sequence. This tokenisation
approach ensures that GPT-2 can handle diverse,
domain-specific vocabulary—including product
names, technical terms, and user-generated
phrases—while preserving syntactic and semantic
patterns. Proper tokenisation is crucial, as the
quality of generated reviews depends directly on
how accurately the model can map words to tokens
and reconstruct fluent, contextually coherent text.

In this way, the tokeniser enables seamless
transformation of input product titles into
meaningful token sequences and ultimately

produces high-quality, human-like product reviews.
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Fine-tuning on a Subset of Amazon Reviews
(with mathematical expressions)

Fine-tuning GPT-2 to generate product
reviews is a supervised learning task aimed at
capturing the relationship between product titles
and their corresponding reviews. The dataset is
structured as prompt-response pairs, where the
product title xserves as the input and the review yas
the target output. The model is trained to predict the
probability of the next token given the previous
tokens in the sequence, expressed as:

P | y1:0-1,%) = GPT2(¥y.0-1, %)
wherey,is the token at time step t. Cross-Entropy
loss is minimised using:

10 O . . .
L= _NZ Z iilog P(yt(l) | 3’1(:?_1,96(‘))

t=1

whereNis the number of review sequences, T;is the
length of the i-th review, and x®,y®are the
corresponding prompt-response pair.
Hyperparameters such as learning rate 1, batch size
B, and training epochs FEare carefully tuned to
balance convergence and avoid overfitting. The
gradient update during fine-tuning follows:

i=1

Where 8 represents model parameters. This
supervised fine-tuning allows GPT-2 to internalise
product-specific  review  patterns, including
descriptive terms, repetitive
satisfaction/dissatisfaction phrases, and emotional
expressions. Validation checks and regularisation
methods ensure generalisation to unseen products.
The resulting model can generate diverse, context-
aware, and human-like reviews, outperforming
traditional automated and rule-based approaches in
both fluency and relevance. Hardware accelerators
like GPUs optimise training efficiency, enabling the
scalable generation of high-quality reviews across
large product inventories.

Adaptive GPT-2 to the style and vocabulary of
real product reviews

The GPT-2 model's design contains a lot of
significant ~ characteristics ~ that  affect its
performance and capacity. The depth of the
transformer L, the size of the embedding vectors
dmoder> and the number of attention heads hall
determines how much information the model can
process and how well it can capture linguistic
subtleties. In this project, these characteristics will
be chosen to balance expressiveness with available
computing resources. The scaled dot-product
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attention can also be expressed as a weighted sum

of values:
n

j=1

exp (Q; - Ki/\/dy)

herea;;represents the attention weight of token jfor
token i.

The size of the embedding vectors d,,,q;defines
the space where words and subwords are
represented, affecting semantic understanding:

Embedding(w) € Rdmodffl,sim(wi,wj)

Embedding(w;) - Embedding(w;)

" || Embedding(w;) Il Embedding(w;) II
When tuning these hyperparameters, the review
generator produces text that varies in style and
substance but incurs higher computational cost,

affecting both the model’s runtime Tand
predictivequality R, which can be roughly
expressed as:

ROCL'h";imodel
Such careful adjustments ensure the model

generates meaningful and contextually accurate
product reviews suitable for real-world e-commerce
scenarios.

To have the pre-trained GPT-2 model create
realistic and relevant product reviews, the training
parameters must be carefully tuned. AdamW is
chosen as the optimiser because it effectively
updates weights while decoupling weight decay
from the gradient, with updates defined as:

m
N——=—"-46;
\/v_t +e€
Where nis the learning rate, and Ais the weight
decay coefficient. The learning rate is set to
5x 1075, a moderate value that ensures gradual
parameter updates:
Orv1 =06 —1-VoL(6)
whereL(0)is the cross-entropy loss for predicting
the next token:

Ory1 =6, —

Leg=— ) Liylog (@)
i=1
withVbeing the vocabulary size, y;the true token
probability, and y;the predicted probability.

The batch size B = 2balances GPU memory
limitations with gradient estimation stability, and
the total loss over a batch is:

1 i (B)

This configuration optimises the trade-off between
training time, resource utilisation, and output
quality, enabling GPT-2 to generate natural,
coherent, and diverse product reviews tailored to
different product categories.

4. RESULTS AND DISCUSSIONS

Dataset Information:

<class "pandas.core.frame.DataFrame’>
RangeIndex: 1465 entries, © to 1464
Data columns (total 16 columns)

# Column Non-Null Count

product_id
product_name
category
discounted_price
actual_price
discount_percentage
rating

non-null
non-null
non-null
non-null
non-null
rating count non-null
about_product
user_id
user_name

e
1
2
3
a
s
6
7
o

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

review id
review_title
review_content
img link
product_link

dtypes: object(16)

memory usage: 183.3:+ KB

Figure 3: Dataset Overview

object
object
object
object

The dataset used for the experiment
consisted of 1,465 Amazon product reviews
covering a range of electronics and accessories. The
summary of the dataset revealed 16 attributes,
including product identifiers, pricing details,
discount percentages, ratings, review titles, and full
review content. An inspection of missing values
showed that only two entries in the “rating_count”
column were null, which were subsequently
imputed with mode values to maintain data
integrity. The absence of duplicate rows confirmed
the uniqueness and reliability of the dataset. The
distribution of unique values across columns
highlighted the diversity of product IDs, review
texts, and users, making it an excellent sample for
model fine-tuning. The dataset information output
validated that every column was of object type,
supporting the use of textual analysis for language
modeling. These insights confirmed that the dataset
was clean, consistent, and representative enough to
train a language model effectively.
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Figure 4: Distribution of Product Categories

One of the biggest visualisations that was
generated during the research included the
distribution of product categories by a count plot.
The graph indicated that Computers & Accessories
prevailed in the more elevated category because the
data concentrated mainly on technological products
such as charging cables and phone accessories. The
x-axis showed an extensive list of subcategories,
while the y-axis represented their frequency of
appearance in the dataset. Although the dataset was
heavily skewed toward this single overarching
category, it still encompassed over 200 distinct
subcategories, ensuring variability in product type
and description. This distribution suggests a
realistic real-world representation of online listings,
where certain  product types receive a
disproportionate number of customer reviews. The
visualisation further emphasised that model training
would learn language patterns largely centred on
electronic products, impacting how it generates
review tones and technical vocabulary.

Rating Distribution Visualisation

Distribution of Ratings

250

4240394143444537333634383546325047302.8 4 114823 | 2 3 2629
rating

Figure 5: Distribution of Product Ratings

Another notable result was the graphical
representation of the distribution of product ratings.
The count plot for ratings illustrated that most
ratings clustered around higher values, particularly
between 4.0 and 5.0, suggesting that customers
generally had positive sentiments toward their
purchases. This skew toward favourable ratings is
consistent with trends in real e-commerce datasets,
where satisfied buyers are more likely to leave
feedback. The distribution’s smooth shape and
concentration around higher values provide a robust
training signal for the model to learn positive
sentiment expressions. This insight indicates that
while the dataset provides rich linguistic content, it
may also influence the model to overproduce
positive-toned reviews, affecting realism in
scenarios where neutral or negative opinions are
expected.

Visualisation of High-Level Product Categories

Distribution of High-Level Product Categories

Hectronics

Musicalinstruments
OfficeProducts
Home&Kitchen
Homeimprovement
Toys&Games
car&Motorbike
Health&PersonalCare

9
g
0
3
2
g
s
2
1
3

high_level_category

Figure 6: Distribution of High-Level Product Categories

To obtain a more  aggregated
understanding of the dataset, the high-level product
category distribution plot was created by splitting
hierarchical category strings at the root level. The
visualisation revealed that nearly all samples
belonged to a single top-level category, “Computers
& Accessories.” This observation provided
evidence that the dataset, while diverse in
subcategories, was homogeneous at the top level.
Consequently, the GPT-2 fine-tuning was
essentially domain-specific rather than cross-
domain. The implication of this is twofold: the
generated reviews are expected to be highly
relevant and fluent in the context of electronic
accessories, but the model may generalise poorly to
unrelated categories like clothing or home goods.
Despite this limitation, the uniformity in data
helped the model converge faster, as it did not need
to adapt to drastically different linguistic styles
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across product types. This result underscores the
trade-off between dataset focus and model
generalizability.

o%| | 8/733 [00:00<?, 2it/s] loss_type=None™ was set in the config but it is unrecognized. Using the default loss: ForCausallMLoss .
epoch 6: 100%| [N 733/733 [41:2c00:00, 3.395/it, loss=2.92]

+ Code

+ Markdown

9, Generate

Figure 7: Fine-Tuning the model

When training the model, the fine-tuning
loop printed the progress bar output that indicated a
steady loss reduction throughout the training
iterations. The epoch summary revealed that the
error had levelled to 2.92 after about 733 training
steps, and this means that the model learns
effectively without overfitting within one training
epoch. It is a standard value of a small-scale fine-
tuning procedure on text-generation tasks using

Wireless Bluetooth Headphones Reviews:

intermediate-length inputs. The steady reduction of
loss during the course of training was a good
indicator that the GPT-2 model was indeed
adjusting to the trends and phrasing schemes
existing in product reviews. As the training was
restricted to a single epoch to achieve efficiency,
the outcomes indicate that the model still had the
needed linguistic sense and familiarity with the
domain.

- A Good wireless earphone. Best in Its Price,Good quality and good value for money.,Best sound system at that price,Just ok..but vibrates off during use,Superb |
- Good, Good value for money. Value for Money but it's not a good earphones.,I bought my wireless charging cable to upgrade and I am now using this product in the |

Portable Power Bank 20066mah Reviews:
- I don’t mind if i use it for charging my phones, but will consider when buying. Charging is just a few times over in this range.,The power banks are very good ai
- This product is a well made and good battery pack.,Very happy,Good quality power bank from Amazon! Highly recommended!,Superb Charger & Stabilizer...very handy.

Figure 8: Generated Review for Samples

One of the most impactful results was the
sample generation of reviews using the fine-tuned
GPT-2 model. When given product titles such as
“Ambrane Unbreakable 60W Type C Cable” or
“Portronics Fast Charging Cable,” the model
generated fluent, contextually relevant reviews
resembling authentic human opinions. For instance,
outputs included sentences describing the cable’s
durability, charging speed, and value for money—
closely mirroring themes found in the training data.
The generated reviews displayed diversity across
multiple runs, showcasing the model’s creative
flexibility enabled by nucleus sampling and
temperature-based generation parameters. Notably,
the generated text maintained grammatical accuracy
and product coherence, suggesting that the model
effectively internalised the input—output
relationships. This confirms the viability of GPT-2
for scalable, automated review generation that
preserves the tone, sentiment, and context typical of
real customer feedback.

5. DISCUSSION

The findings indicate that the results of the
transformer-based GPT-2 model are realistic and
contextually relevant product reviews, which are
highly semantically similar to those produced by
humans. This development could improve social
evidence within the e-commerce sites, which can
make customers more trusting and lead to
purchasing. The restriction points to model biases
based on training data and potential difficulties
associated with the homogeneous treatment of the
wide range of product types. Future research might
consider the possibility of using the multi-modular
data of product pictures and ratings to enhance the
review authenticity even more. Also, dynamically
generated and rolled-out review automation models
might be offered in order to consider large and
dynamic product catalogs.

Whether transformer-based GPT-2 models
are effective in generating authentic and context-
relevant product reviews, the ability to get the
finesse of customer sentiment and product
properties justifies the application of high-level

e ——
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language models to create content in large volumes
at a high level of automation. These methods save a
lot of resources, yet the quality of reviews that they
produce is high and realistic.

In practice, these findings imply that social
proof can be promoted by e-commerce platforms,
especially in the case of new or low-reviewed
products, to boost customer confidence and, later,
sales. Synthetic, real-time review generation is used
to provide dynamic content to large and continually
changing product catalogs, and the platforms can
interact with their customers all the time without
the burden of manually generating content. These
lessons open the door to the integration of Al-
driven personalised marketing and customer
experience approaches based on trustworthy and
scalable user-generated content.

6. CONCLUSION

The proposed GPT-2-based system to
expand product reviews effectively shows how
massive language trends may be utilised to
manufacture authentic and contextually significant
product reviews. With a slick and trained dataset of
Amazon product reviews, the sensitive GPT-2
model could learn to generate responses that are
human and seem to be carefully similar to the tone,
feelings, and descriptive style of the real customer
reviews. A powerful dataset to be used in model
training is generated during the pre-processing
phase, which ensures the removal of replicas,
lacking and irrelevant records. The learning of the
language patterns in the version was influenced by
the application of the visual analysis of the product
categories and score distributions, which proved the
dominance of the electronics-related merchandise
and positive opinions. The version showed stable
convergence throughout best-tuning, indicating
potential successful adaptation to the domain of
product assessment within a single epoch. Created
critiques had been logical, grammatically correct,
and semantically consistent with the product
situation, which justified the successful attainment
of the excellent-tuning method.

7. LIMITATION

The first limitation is that the quality of the
training data and its variety determine the
performance of the GPT-2 model and can create
biases based on what the source reviews. The
model may not represent the various product
categories in the same proportion, hence niche or
highly specialised products may not be described
with authentic reviews. Also, automated review

generation is not able to absolutely substitute
genuine  customer feedback, and improper
application may lead to ethical issues of
transparency and trust. The existing strategy is
more concerned with text generation and not multi-
modal data, including product images or video, that
would increase the authenticity of the reviews.

8. FUTURE SCOPE

Future studies may discuss the
incorporation of multi-modal information, such as
product images, videos, and user interaction
information, into reviews to make them more
informative and richer. Further improvement of the
quality and the diversity of the generated reviews
might be achieved by experimenting with newer
transformer architectures and larger pretrained
models. Live review generation/deployment in a
live e-commerce setting can still be an issue to test
its scalability and acceptance rates. The study of the
ethical frameworks and transparency tools in
automated reviews would also be useful to make
sure that Al is used responsibly in a business
environment.
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