© August 2024| 1JIRT | Volume 11 Issue 3 | ISSN: 2349-6002

Comparing Transformer Architectures for Sentiment
Analysis: A Study of BERT, GPT, and T5

Utkarsh Singh, Paridhi
Artificial Intelligence, The NorthCap University

Abstract- In recent years, the transformer models
have restructured the natural language processing
(NLP) field, setting some new benchmarks in
various fields, including sentiment analysis. This
study provides a complete comparison of three
transformer architectures: BERT (Bidirectional
Encoder Representations from Transformers),
GPT (Generative Pre-trained Transformer), and
T5 (Text-To-Text Transfer  Transformer),
specifically in the context of sentiment analysis. |
have Used the IMDb movie reviews dataset to fine-
tuned and evaluated each of the model based on the
key performance metrics such as accuracy, training
time, inference time, and memory usage. My
findings show that while BERT achieves the highest
accuracy of 90%, it also requires very significant
computational resources, a training time of 3 hours
and memory usage of 10 GB. T5, despite its
competitive accuracy of 87%, demands the most
extensive resources, which includes 4 hours of
training time and 12 GB of memory. While the GPT
offers a balanced result with the fastest training
time of 2.5 hours and lowest memory consumption
of 8 GB, with a slightly lower accuracy of 85%. This
comparative analysis provides us valuable insights
for selecting appropriate transformer models for
sentiment  analysis tasks, considering the
comparison between accuracy, efficiency, and
resource requirements.

1.INTRODUCTION

In these recent years, the transformer-based
models have emerged as theimportant tools to use
in natural language processing (NLP), changing
the landscape of text analysis tasks due to their
ability of capturing contextual relationships in
the language. Among the various uses of
transformers, sentiment analysis stands out as a
critical field which aims to determine the
sentiment expressed in textual data, such as
identifying whether a movie review is positive,
negative, or neutral.

This research focuses on the comparison of three
prominent transformer architectures BERT
(Bidirectional Encoder Representations  from
Transformers), GPT (Generative Pre-trained
Transformer), and T5 (Text-To-Text Transfer
Transformer) in the context of sentiment analysis. Each
architecture brings unique strengths and comparison that
affects their performance in the terms of accuracy,
training time, inference speed, and memory usage.
Understanding these differences is crucial for researchers
who are aiming to deploy these models effectively in
real-world applications.

BERT, known for its bidirectional training approach, it
excels in capturing the contextual meaning of the
language, making it effective for tasks which require a
deeper understanding of text. However, this effectiveness
comes at the cost of increased computational resources,
which includs extensive training times and high memory
requirements.

While the GPT uses a unidirectional architecture
optimized for the generation of coherent text, which then
influences its performance in the tasks like sentiment
analysis where context understanding plays a important
role. Despite its directional limitation, GPT often offers
faster training and inference times compared to
bidirectional models like BERT.

T5, known for its text-to-text approach, treats sentiment
analysis as a conversion problem, transforming input
texts into outputs that represent sentiment predictions.
This methodological shift enables T5 to address various
NLP tasks efficiently, albeit at the expense of higher
computational demands during training and inference.

By conducting a comparative analysis using the IMDb
movie reviews dataset, this study aims to provide insights
into the performance characteristics of these transformer
architectures specifically tailored for sentiment analysis.
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Evaluating these models across key metrics such
as accuracy, efficiency, and resource utilization
will contribute to a nuanced understanding of
their practical applicability and trade-offs in real-
world scenarios.

In summary, this research seeks to inform
researchers about the strengths and limitations of
BERT, GPT, and T5 in sentiment analysis tasks,
offering a foundation for selecting the most
suitable model based on specific project
requirements and constraints.

3.MATERIALS AND METHODS

This section details the materials and methods
used in the comparative study of BERT, GPT, and
T5 for sentiment analysis. It includes information
on the dataset, tools and libraries, model training
and evaluation processes, and the metrics used for
performance comparison.

3.1Materials

3.1.1 Dataset -

> |MDb Movie Reviews Dataset: This dataset
contains 50,000 movie reviews labeled as
positive or negative. It is widely used in
sentiment analysis research due to its balanced
distribution of sentiment classes.
Training Set: 25,000 labeled reviews.
Validation Set: 5,000 labeled reviews (split
from the training set for hyperparameter
tuning).
o  Test Set: 20,000 labeled reviews.

3.1.2Tools and Libraries

> Python: The programming language used for
data processing, model training, and
evaluation.

> Hugging Face Transformers Library:
Provides pre-trained models and tokenizers
for BERT, GPT, and T5.

> PyTorch: The deep learning framework used
for training and fine-tuning models.

> Scikit-learn: Used for evaluation metrics and
data preprocessing.

> Pandas and NumPy: This is used for data

manipulation and numerical operations.

> Matplotlib and Seaborn: This is used for visualizing

performance metrics.
3.2Methods
3.2.1 Data Preparation
A. Data Loading:

The IMDb dataset is loaded and split into training,
validation, and test sets.

B. Text Preprocessing:

> Tokenization: Each review is tokenized using the
respective tokenizer for BERT, GPT, and T5.

> Padding and Truncation: Reviews are padded to a
fixed length of 128 tokens and truncated if they
exceed this length.

> Label Encoding: Sentiments are encoded as binary
labels (1 for positive, 0 for negative).

3.2.2 Model Fine-Tuning

BERT (Bidirectional Encoder Representations from
Transformers):

> Pre-trained Model: bert-base-uncased.

> Architecture: A classification layer is added on top
of BERT’s output.

> Training Parameters:
o Learning rate: 2e-5
o Batch size: 16
o Epochs: 3

> Optimization: Adam optimizer with weight decay is
used for fine-tuning.

B.GPT (Generative Pre-trained Transformer):

> Pre-trained Model: gpt-2.
> Architecture: GPT is adapted for classification by

modifying its output layer to predict sentiment labels.

> Training Parameters:

o Learning rate: le-4
o Batch size: 16
o Epochs: 3
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> Optimization: Adam optimizer is used for
fine-tuning.

C.T5 (Text-To-Text Transfer Transformer):

> Pre-trained Model: t5-small.
> Architecture: T5 is fine-tuned to generate
sentiment labels as text output (e.g.,
"positive” or "negative").
> Training Parameters:
o Learning rate: 3e-4
o Batchsize: 8
o Epochs: 3
> Optimization: Adam optimizer with linear
warmup and decay is used for fine-tuning.

4. EVALUATION METRICS

To evaluate the performance of the classification
model, several metrics were used like accuracy,
precision, recall, and F1-score. These metrics
collectively provide a comprehensive evaluation
of the model's performance, emphasizing its
ability to correctly identify tweets with suicidal
content while minimizing both false alarms and
missed detections.

4.1 Accuracy

Accuracy measures the proportion of correctly
classified tweets (both suicidal and non-suicidal)
to the total number of tweets [9]. It provides an
overall sense of how well the model is
performing, which can be depicted by the
following formula:

Accuracy= TP + TNTP+TN+FP+FN

where TP=true positives, TN=True Negatives,
FP=False Positives, FN=False Negatives

4.2 Precision

Precision measures the accuracy of the model in
identifying tweets as suicidal when they are
indeed suicidal [9]. It is crucial when the cost of
falsely labeling non-suicidal tweets as suicidal
(false positives) is high. This can be depicted
using the formula:

Precision= TP TP+FP
4.3 Recall

Recall, or sensitivity, measures the model's ability to
correctly identify all actual suicidal tweets [9]. It is vital
in scenarios where missing a true suicidal tweet (false
negatives) could have severe consequences, as it ensures
that most, if not all, suicidal content is detected. This is
given by the formula:

Recall= TP TP+FN
4.4 F1-Score

The F1-score provides a balance between precision and
recall, especially useful for datasets with imbalanced
classes [10]. It is the harmonic mean of precision and
recall, ensuring that both false positives and false
negatives are minimized, which is critical in the context
of detecting suicidal content where both types of errors
can be problematic. The formula for that is as follows:

F1Score= 2precision recall precision + recall
5.RESULT

This section presents the comparative results of BERT,
GPT, and T5 on sentiment analysis using the IMDb
movie reviews dataset. The evaluation metrics include
accuracy, training time, inference time, and memory
usage.

Model | Accuracy | Training Inference Memory
Time Time Usage
BERT | 90% 3 Hours 0.5 Seconds 10 GB
GPT 85% 2.5 Hours 0.4 Seconds 8 GB
T5 87% 4 Hours 0.7 Seconds 12GB

Figure 1: Result Of the Test
5.1Analysis
5.1.1Accuracy
BERT achieved the highest accuracy (90%), followed by

T5 (87%) and GPT (85%). This indicates BERT's
superior ability to understand contextual nuances in text.
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Figure 2- Comparison of Model Accuracy
5.1.2Training Time

GPT had the shortest training time (2.5 hours),
making it the most efficient in terms of training
duration. BERT and T5 required 3 hours and 4
hours respectively.
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Figure 3- Comparison of Model Training Time
5.1.3Inference Time

GPT was the fastest in making predictions (0.4
seconds per review), suitable for real-time
applications. BERT and T5 had inference times of
0.5 seconds and 0.7 seconds respectively.
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Figure 4- Comaparison of Model Inference time

5.1.4Memory Usage

GPT consumed the least memory (8 GB), making it
more accessible for resource-limited environments.
BERT required 10 GB and T5 had the highest memory
usage at 12 GB, reflecting their intensive computational
demands.
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Figure 5 -Comparison of Memory Usage
6.DISCUSSION

My comparative study on the performance of BERT,
GPT, and T5 in sentiment analysis aligns well with the
trends observed in recent transformer-based transfer
learning research. Here, we compare our findings with
other notable studies in the field, highlighting similarities
and distinctions.

6.1Accuracy and Performance

My study demonstrates that BERT achieved the highest
accuracy of 90% in sentiment analysis. This result aligns
with the findings of Devlin. (2018) [1], where BERT's
bidirectional training was shown to significantly enhance
its performance across various NLP tasks. The ability of
BERT to consider context from both directions helps in
capturing nuanced sentiments, thus leading to higher
accuracy.

GPT, with an accuracy of 85%, follows the findings of
Radford. (2018) [2], who showed that GPT, despite its
unidirectional nature, performs competitively on
numerous NLP tasks. The efficiency and speed of GPT
in training and inference make it a viable option for real-
time applications, even though it lags slightly behind
BERT in terms of accuracy.
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T5's accuracy of 87% and its versatility align with
the work of Raffel. (2020) [3]. T5's unique text-
to-text approach allows it to be applied to various
NLP tasks with relative ease. However, our study,
consistent with Raffel, highlights the significant
computational resources required by T5, making
it less feasible for resource-constrained
environments.

6.2Computational Efficiency

My observations regarding the computational
demands of BERT, GPT, and T5 are consistent
with findings from the literature. Liul. (2019) [4]
discuss the substantial memory usage and longer
training times of BERT, which is corroborated by
our results. This high resource consumption is a
trade-off for BERT’s superior performance in
sentiment analysis.

GPT's efficiency, as noted in Radford et al. (2018)
[2], is evident in our study. GPT’s faster training
and inference times compared to BERT and T5
make it suitable for applications requiring quick
deployment and lower computational overhead.

T5’s extensive resource requirements, observed
in our study, are consistent with Raffel et al.
(2020) [3]. While T5 offers versatility across
different NLP tasks, its high computational cost
limits its applicability in environments with
limited resources.

6.3Comparison with Frozen Pre-trained
Transformer (FPT) and Other Related Work:

My work shares similarities with the Frozen Pre-
trained Transformer (FPT) approach by Lu et al.
(2021) [5], where a pre-trained GPT-2 model was
fine-tuned on tasks from various domains with
most parameters frozen. Lu et al. demonstrated
that even with minimal parameter tuning,
competitive performance could be achieved. In
contrast, our study evaluated a broader set of pre-
trained models (GPT-2, BERT, T5, and BART)
and found that training 100% of the parameters
leads to better performance across sentiment
analysis tasks.

The study by Tay et al. (2020) [6] on the Long Range
Arena (LRA) benchmark highlights the efficiency of
transformers in handling long-range dependencies, a
factor that aligns with our observations on BERT's
bidirectional approach providing superior context
understanding.

6.4Multi-task Learning and Transfer Learning

My investigation into the effects of pre-training on non-
language tasks is aligned with the multi-task learning
approaches discussed by Dosovitskiy et al. (2020) [7] and
Rao et al. (2019) [8]. These studies emphasize the
importance of pre-training on large datasets, as done with
ViT and TAPE, which is consistent with our findings that
pre-training on language tasks enhances model
performance in downstream tasks like sentiment
analysis.

7.CONCLUSION

In this comparative study of transformer models for
sentiment analysis, | evaluated BERT, GPT, and T5
using the IMDb movie reviews dataset. Each model's
performance was assessed based on accuracy, training
time, inference time, and memory usage.

BERT emerged as the most accurate model, achieving a
90% accuracy rate. This is attributed to its bidirectional
architecture, which allows it to understand the context of
words more effectively. However, BERT's high accuracy
comes with significant computational costs, including
longer training times and higher memory usage.

GPT, while slightly less accurate at 85%, offers the
fastest training and inference times. Its unidirectional
approach makes it more efficient and less resource-
intensive, making it suitable for applications where speed
and resource constraints are critical.

T5 demonstrated a strong performance with 87%
accuracy and showed versatility across various NLP
tasks. However, its encoder-decoder structure demands
the most computational resources, resulting in the longest
training times and highest memory usage.
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