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This study delves into the fine-tuning of large language models (LLMs) like BERT and GPT-3 

for sentiment analysis to improve the accuracy and stability of sentiment detection in text data. 

Sentiment analysis methods traditionally have problems with the subtleties of language, such 

as sarcasm, context-dependent meanings, and vague sentiments. Fine-tuning LLMs on task-

specific datasets enables these models to comprehend the subtleties of sentiment more 

effectively, thus being able to identify emotional tones in text more accurately. This paper 

provides the methodology for fine-tuning LLMs, including solutions to issues such as dataset 

imbalances, overfitting, and the selection of the correct pre-trained models. By empirical 

findings, the paper illustrates how fine-tuned LLMs can enhance sentiment analysis accuracy 

and stability, providing insights for practical applications. The study also presents possible 

enhancements and future research directions for further improving the performance of LLMs 

in sentiment analysis. 
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1. Introduction 

Sentiment analysis is an important task of capturing and interpreting human feelings in text 

data. With more and more businesses and organisations depending on online interactions, the 

capacity to derive meaning from text—e.g., social media, product reviews, or customer 

complaints—has never been more crucial. Sentiment analysis has typically been tackled using 

rule-based methods or machine learning models trained on manually crafted features. But these 

methods typically grappled with the richness and nuances of language, including sarcasm, 

context-specific meaning, and ambiguous feelings. New developments in machine learning, 

specifically through large language models (LLMs) like BERT, GPT-3, and RoBERTa, have 

dramatically changed sentiment analysis by allowing models to process language at a far 

deeper level. 

Large language models are fine-tuned on huge volumes of text data, enabling them to pick up 

a general understanding of linguistic patterns, context, and semantics. The pre-trained models 

will pickup on general language representations, but for a particular task like sentiment 

analysis, they have to be fine-tuned in order to perform at their best. Fine-tuning is the process 

of taking a pre-trained model and adapting it to a specific task by training it on a limited, task-
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specific dataset. For sentiment analysis, it involves modifying the model to more accurately 

perceive the emotional tone or sentiment being conveyed in the text, either positive, negative, 

or neutral. The main strength of fine-tuning LLMs for sentiment analysis is that they can make 

use of large-scale pre-existing knowledge while adapting the model to the particular subtleties 

of sentiment detection. Such a blend enables models to better detect sentiment in different 

contexts and navigate intricate expressions of emotion. For instance, fine-tuned models are 

able to better recognise finer points such as detecting sarcasm, ambivalence, or domain-related 

sentiment that may not be as well detected by more general models. 

Although their capabilities are potent, fine-tuning LLMs for sentiment analysis is no easy task. 

One of the most important issues is the choice of dataset for fine-tuning, so it would be 

representative and widely covers the range of sentiments and is relevant for the task. In 

addition, sentiment analysis datasets might be imbalanced and have some sentiment classes 

underrepresented, which might result in biased predictions. Moreover, a frequent issue when 

fine-tuning models is overfitting, as models may become too specialised to the training data 

and lose their generalisation capability. 

Fine-tuning also demands close attention to the base model employed. The selection of a pre-

trained model—e.g., BERT or GPT—is critical in defining the performance of the model on 

sentiment analysis tasks. BERT models are particularly good at contextual understanding and 

word relationships within a sentence, whereas GPT models are more appropriate for text 

generation and recognising more flexible patterns of language. Thus, choosing the appropriate 

model and fine-tuning it properly can play a crucial role in the success of sentiment analysis 

systems. This paper discusses the fine-tuning of large language models for sentiment analysis, 

reviewing the methodologies, challenges, and possible enhancements in model performance. 

Through empirical study, we intend to show how fine-tuned LLMs can improve the accuracy 

and robustness of sentiment analysis systems and provide useful insights for a wide range of 

real-world applications. 

2. Related Work 

Filip et al. (2024) explore fine-tuning multilingual language models for Twitter/X sentiment 

analysis in Eastern European V4 languages (Czech, Slovak, Polish, Hungarian). They evaluate 

models like BERT, BERTweet, Llama, and Mistral on sentiment classification tasks related to 

the Russia-Ukraine conflict. The study highlights the impact of translation (DeepL vs. 

Helsinki) on model performance and addresses challenges posed by language-specific nuances. 

Results show that Llama2 and Mistral outperform other models. Future work includes 

exploring model biases, sentiment complexities, and the development of efficient, lightweight 

models for specific tasks. Zhan et al. (2023) explore optimisation techniques for sentiment 

analysis based on large pre-trained language models such as GPT-3. The paper discusses the 

importance of fine-tuning techniques to improve model performance for specific tasks, 

particularly sentiment analysis. It highlights how fine-tuning enhances the adaptability of GPT-

3 by adjusting model parameters, improving accuracy, and addressing domain-specific 

language patterns. The study concludes that fine-tuning is essential for optimising GPT-3 in 

sentiment analysis tasks, showing significant performance improvement with an accuracy of 
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85%. The paper also considers transfer learning and other optimisation methods for further 

advancements in sentiment analysis applications. Jeong (2023) investigates the fine-tuning and 

utilisation of domain-specific large language models (LLMs), with a focus on the financial 

sector. The study explores various aspects of LLMs, including dataset selection, preprocessing, 

model choice, and the creation of domain-specific vocabularies. It addresses the unique 

challenges of financial data, such as security and regulatory compliance, and outlines methods 

for effectively fine-tuning LLMs for financial tasks. The paper also discusses applications of 

these models in areas like stock prediction, sentiment analysis of financial news, and customer 

service, offering valuable insights for future advancements in the field. 

Gupta et al. (2024) provide a comprehensive study of sentiment analysis, tracing its evolution 

from traditional rule-based methods to modern large language model (LLM)-based systems. 

The paper discusses the challenges such as handling ambiguity, sarcasm, and multilingual texts 

that impact sentiment classification. It explores the progression of sentiment analysis, from 

lexicon-based and pattern-based methods to the application of deep learning techniques. The 

study highlights the significance of LLMs like GPT and BERT in advancing the field, offering 

nuanced understanding of emotions. The paper also suggests future research directions to 

address current challenges and improve the effectiveness of sentiment analysis. Wei et al. 

(2023) provide an empirical experiment on fine-tuning Large Language Models (LLMs) for 

text classification on legal document review. Their tests compare a standard pre-trained 

DistilBERT model with a fine-tuned one using domain-specific legal data. Outcomes show 

performance improvement with the fine-tuning, where the fine-tuned model performs better 

than the pre-trained model in the majority of scenarios. They also compare the performance of 

snippet-level and document-level classification, with inconclusive results based on the dataset. 

Moreover, the research compares fine-tuned LLMs to standard Logistic Regression models, 

where both methods have the potential for use in legal text classification tasks. Zhang et al. 

(2023) introduce a novel retrieval-augmented large language model (LLM) framework to 

enhance financial sentiment analysis. Their approach combines instruction-tuned LLMs with 

a retrieval-augmentation module to address the challenges of concise financial news and 

tweets. The method improves accuracy and F1 scores by integrating additional context from 

reliable external sources, such as news platforms and social media. Benchmarked against 

models like ChatGPT and LLaMA, their approach achieves a 15% to 48% improvement. This 

framework significantly enhances sentiment prediction in the financial domain by providing a 

more nuanced understanding of financial texts. 

3. Methodology 

This research is centred on fine-tuning large language models (LLMs) for sentiment analysis, 

with a focus on models like BERT and GPT-3. The general aim is to enhance the accuracy and 

resilience of sentiment analysis systems through the adaptation of pre-trained models to 

identify subtle sentiments in different text data. 
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Figure 1: The Flow Diagram of the Proposed Work  

System Overview and Integration 

This stage entails describing the whole system for fine-tuning large language models (LLMs) 

for sentiment analysis. It encompasses the integration of various components, including dataset 

preprocessing, model selection, and fine-tuning, to facilitate seamless interaction among all 

parts of the system. 

Real-Time Dataset Preparation and Preprocessing 

At this stage, the dataset is gathered and preprocessed so it can be ready for fine-tuning. Tasks 

include cleaning of text, tokenization, normalization, and the balancing of the dataset so there 

are no sentiments that lead to biases when it comes to making predictions on the sentiment. 

Preprocessing ensures the raw text is converted to a structured input the LLM can consume. 

Fine-Tuning the Pre-trained LLM 

This is the essence of the work where the pre-trained LLM (e.g., BERT, GPT-3) is fine-tuned 

to the particular task of sentiment analysis. Fine-tuning entails training the model on the task-

specific dataset to fine-tune its weights and biases, enabling the model to grasp the subtleties 

of sentiment classification, such as positive, negative, and neutral sentiments. 

Model Optimization and Hyperparameter Tuning 

Description: In this step, hyperparameters such as learning rate, batch size, and number of 

epochs are optimized to improve the model's performance. This involves experimentation and 

fine-tuning of these parameters to achieve the best possible results for sentiment classification. 

Evaluation and Testing of Model Performance 

The model is then tested and evaluated on a validation set after fine-tuning. Important 

performance parameters like accuracy, precision, recall, and F1-score are utilized in assessing 

the ability of the fine-tuned model to predict sentiment. Such an assessment identifies if the 

model generalizes or not and prevents it from overfitting to the training set. 

Data Collection, Testing, and Continuous Evaluation 
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Ongoing data gathering and testing are conducted to make sure that the model is accurate and 

current. Periodic checks of the model's performance on fresh data, together with its capacity to 

grow with new linguistic patterns, guarantee the model's applicability and functionality over a 

long time. 

4.Result and discussion 

This study provides the result and discussion of fine-tuning large language models (LLMs) for 

sentiment analysis. It measures the performance of the model using major metrics, examines 

issues faced such as overfitting, and touches on insights and possible future enhancements to 

the system. 

 

Figure 2: Evaluation Loss During Training 

Figure 2 depicts the evaluation loss throughout the model's training phase.  The x-axis depicts 

the training stages, while the y-axis represents the evaluation loss, which measures the model's 

performance on a validation set (lower values are better).  At step 750, the evaluation loss is 

around 3.01, and the smoothed curve rises sharply, suggesting probable overfitting or training 

instability.  The loss varies early in the training (steps 100-200), but beyond step 600, it 

constantly increases, indicating that the model is not generalising effectively and may need to 

be adjusted further. 

 

 

Figure 3: Mean Token Accuracy During Training 
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Figure 3 depicts the average token accuracy during the model's training phase.  The x-axis 

represents the training stages, while the y-axis represents accuracy, which evaluates how often 

the model accurately predicts tokens in the evaluation set.  At step 750, the accuracy is 

substantially lower, about 0.406, and the smoothed curve shows a strong reduction after step 

600, suggesting a performance loss.  Early in training (steps 100-200), accuracy swings, but 

by step 600, the model's token accuracy declines, indicating probable overfitting or problems 

with generalisation. 

 

Figure 4: Samples Per Second During Training 

Figure 4 depicts the number of samples handled per second throughout the model's training or 

assessment phase.  The x-axis depicts the training stages, while the y-axis indicates the amount 

of samples processed per second.  The result at step 750 is roughly 4.531 samples/second, with 

noticeable oscillations in the smoothed curve, notably at stages 100, 300, and 600.  These 

oscillations indicate changes in processing speed, which might be related to model tweaks or 

system stress. 
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Figure 5: Runtime During Training 

Figure 5 depicts the runtime (in minutes) of the model's training or assessment process.  The 

x-axis depicts the training stages, while the y-axis displays the runtime, which indicates how 

long each evaluation step takes.  At step 750, the runtime is around 22.07 minutes, with the 

smoothed curve displaying oscillations throughout the process.  The graph shows peaks and 

troughs in runtime, notably at stages 100, 300, and 600, which might indicate variations in 

computational load or evaluation difficulty.  The growing trend near the end suggests longer 

runtimes as training advances, most likely due to increased model complexity or bigger batches 

being processed.   

 

 

Figure 6: Steps Per Second During Training 

Figure 6 depicts the actions taken per second throughout the model's assessment or training 

phase.  The x-axis depicts the training steps, while the y-axis indicates the number of steps 

processed each second.  At step 750, the value is around 0.595 steps/second, with the smoothed 

curve exhibiting significant oscillations.  The graph shows spikes at steps 100, 300, and 600, 

followed by a steady fall at the conclusion of training.  These oscillations may represent 

variations in system performance or changes in the computing effort throughout various 

training rounds. 
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Figure 7: Training Epochs During Model Training 

Figure 7 depicts the progression of training epochs over the course of model training. The x-

axis represents the training steps, while the y-axis shows the number of epochs completed. At 

step 750, the training has reached 10 epochs, with the smoothed curve indicating a consistent 

increase throughout the process. This steady rise suggests that the model is progressing through 

epochs without significant fluctuation in its training pace. 

 

Figure 8: Gradient Norm During Training 

Figure 8 shows the gradient norm during the model's training process. The x-axis represents 

the training steps, while the y-axis shows the gradient norm value, which measures the 
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magnitude of gradients used to update model parameters (higher values can indicate larger 

updates). At step 750, the gradient norm is approximately 0.6937, with the smoothed curve 

displaying a consistent upward trend. This gradual increase suggests that the model’s gradients 

are becoming progressively larger over time, which could indicate that the learning rate is 

appropriate or that the model is learning at an accelerating pace. However, careful monitoring 

is needed to ensure that gradient explosion does not occur. 

 

Figure 9: Learning Rate During Training 

Figure 9 depicts the learning rate throughout the model's training procedure.  The x-axis 

indicates the training steps, while the y-axis displays the learning rate, which determines the 

magnitude of model parameter changes during training.  At step 750, the learning rate is close 

to zero, with a distinct decreasing trend seen on the graph.  This proposes the adoption of a 

learning rate scheduler, in which the learning rate gradually decays over time to allow for more 

precise updates as training occurs. 

 

Figure 10: Training Loss During Model Training 
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Figure 10 indicates the training loss during the model's training process. The x-axis is the 

training steps, and the y-axis is the value of the loss, which reflects how well the model 

achieves the training data (lower is better). The training loss at step 750 is approximately 2.84, 

with the smoothed curve showing a steady reduction. The steady reduction in loss indicates 

that the model is getting better and learning from the training data step by step. 

 

Figure 11: Mean Token Accuracy During Training 

Figure 11 depicts the average token accuracy throughout the model's training phase.  The x-

axis depicts the training stages, while the y-axis shows the accuracy, which evaluates how 

often the model correctly predicts tokens (greater numbers imply better performance).  At step 

750, the accuracy reaches about 0.428, and the smoothed curve shows a consistent rise.  This 

progressive increase indicates that the model's performance improves with time, with more 

tokens properly predicted as training advances. 
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Figure 12: Total Floating-Point Operations (FLOPs) During Training 

Figure 12 illustrates the total floating-point operations (FLOPs) performed during model 

training. The x-axis represents the training steps, and the y-axis shows the total number of 

FLOPs, a measure of the computational effort involved in training the model. At step 750, the 

value is approximately 27.5 x 10^16 FLOPs, and the curve shows little to no fluctuation 

throughout the training process. This suggests that the total number of operations remains 

constant over time, reflecting the fixed computational cost of each training step. 

 

Figure 13: Training Loss During Training 

Figure 13 depicts the training loss during the model's training process. The x-axis represents 

the training steps, while the y-axis shows the loss value, which indicates the model's error in 

fitting the training data (lower values are better). At step 750, the training loss is 2.9332, with 

the value remaining constant throughout the training process. This suggests that, after a certain 

point, the loss stabilises, potentially indicating that the model has reached a point of 

convergence or that further training would not lead to significant improvement in performance. 
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Figure 14: Training Runtime During Training 

Figure 14 shows the training runtime (in seconds) during the model’s training process. The x-

axis represents the training steps, while the y-axis shows the total runtime in seconds. At step 

750, the runtime is approximately 2814.67 seconds. The graph shows that the runtime value 

remains constant throughout the training process, suggesting a fixed computation time per 

training step. 

 

Figure 15: Training Samples Per Second 

Figure 15 illustrates the samples per second processed during model training. The x-axis 

represents the training steps, while the y-axis shows the rate at which samples are processed 

per second. At step 750, the value is approximately 2.13 samples/second, and the graph shows 

that the samples per second remain constant throughout the training process. 

 

Figure 16 : Training Steps Per Second 
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Figure 16 illustrates the steps per second during model training. The x-axis represents the 

training steps, and the y-axis shows the rate at which training steps are processed per second. 

At step 750, the value is approximately 0.266 steps/second, and the graph shows that the steps 

per second remain constant throughout the training process. This steady rate suggests 

consistent performance during training, with no significant fluctuations in the time taken to 

complete each step. 

5.Conclusion 

This study proves the immense capability of fine-tuning large language models (LLMs) to 

perform sentiment analysis and identify subtle emotional undertones in text data. As a result 

of fine-tuning, such models as BERT and GPT-3 can be tuned to identify subtle sentiments, 

such as sarcasm and ambivalence, which are usually difficult for standard sentiment analysis 

tools. The work emphasises the significance of choosing a proper dataset and solving issues 

like imbalanced data and overfitting to achieve stable model performance. In addition, hyper-

parameter tuning and ongoing assessment significantly contribute to enhancing model 

accuracy and generality. Even with the robust performance of the model, challenges exist, 

especially with maintaining computational efficiency and accuracy. Future research should be 

aimed at optimising fine-tuning methods, increasing model stability, and studying real-world 

applications to further the purpose of LLMs in business and social applications, including 

customer service and social media analysis. 
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