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Abstract 

Large Language Models (LLMs) based on transformer architectures have become challenging to full fine-
tune for specific tasks as their size grows, which can limit their use or fine-tuning in real-world scenarios 
with limited computational resources. Parameter-Efficient Fine-Tuning (PEFT) methods, such as Low-Rank 
Adaptation (LoRA), have been developed to resolve these challenges. The study aimed to examine recently 
published PEFT techniques through evaluating their computational requirements, their influence on model 
performance, and how they changed bias in generated outputs. Additional objectives included exploring 
how dataset size affected fine-tuning outcomes and whether different optimizers could reduce computa-
tional cost. 
 
The experiment was conducted by fine-tuning the base instruction-tuned LLaMA-type model using LoRA, 
combined with quantized model loading and an instruction-tuned conversational dataset. Because both the 
base model and the fine-tuning data were instruction-focused, improvements in output quality were lim-
ited, as the base model had already been exposed to similar content on a larger scale. After fine-tuning, the 
fine-tuned model was evaluated against the base model to compare overall performance and to measure 
changes in bias. 
 
The results showed that the base model was preferred in quantitative and qualitative evaluations, indicat-
ing that fine-tuning with PEFT method may not provide advantages when both the model and dataset are 
already instruction-tuned. Bias evaluation demonstrated clearer benefits: biased output became less fre-
quent and less severe, and the overall tone shifted toward more neutral or positive sentiment. 
 
The study found that PEFT based fine-tuning could reduce harmful or systematic bias even when it did not 
enhance general output quality. The findings highlighted the importance of dataset and model selection, as 
well as computational constraints when applying PEFT methods, offering insight into adapting LLMs under 
limited resources. 
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1 Introduction 

Large Language Models (LLMs) based on transformer architecture have achieved remarkable suc-

cess in Natural Language Processing (NLP) tasks. The conventional approach involves pretraining 

these models on vast generic datasets and then fine-tuning them for specific tasks, resulting in sig-

nificant performance improvements. However, as these models grow, full fine-tuning becomes im-

practical on regular hardware. Additionally, storing and deploying fine-tuned models for each 

downstream task becomes costly due to their size. Parameter-Efficient Fine-tuning (PEFT) ap-

proaches aim to tackle these challenges. This thesis sets out to explore the variety of Performance-

Efficient Fine-Tuning techniques. The focus is to understand how the computational cost of fine-

tuning impacts the feasibility and scalability of deploying LLMs in real-world contexts. This ques-

tion guides the exploration of different ways to fine-tune these models. Exploration extends to in-

vestigating how dataset size interacts with fine-tuning effectiveness. Discovering the ideal dataset 

size for fine-tuning LLMs is essential for maximizing their performance in practical contexts. Opti-

mizer selection is often overlooked, and the most used optimizer is Adam and its derivatives. The 

thesis exploration tries to delve for clarity to also question if model efficiency and computational 

cost can be further reduced with optimal optimizer selection, like AdamW, Sophia, or SGD, to 

mention just a few. By trying out different optimizer options, the hope is to find ways to fine-tune 

LLMs that perform well while using fewer resources. Not to forget the ethical side of the research, 

the evaluation of fine-tuned model bias and fairness will be investigated against the evaluation 

benchmark; expectation is that it wouldn´t be worse than the pre-trained model. 

1.1 The Objective of the Thesis 

The primary objective of the Thesis is to explore recently published LLM finetuning methods, spe-

cifically Performance Efficient Fine Tuning (PEFT). The evaluation of different fine-tuning methods 

focuses on measuring the computational resources requirements, model performance, accuracy, 

and bias compared to selected pre-trained LLMs. The Secondary objectives are to explore how the 

size of the dataset affects the quality of the fine-tuned model and the impact of the selected opti-

mizer on computational requirements. To be able to compare performance-efficient fine-tune 

methods widely, an LLM model that can perform generalized tasks is explored and selected as 

well, for good quality open-source dataset for fine-tuning purposes. 
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1.2 Research Questions 

The primary question guiding this thesis is: How does the computational cost of fine-tuning affect 

the practicality and scalability of deploying Large Language Models in real-world applications? The 

following research questions amend the main questions and are as follows: 

1. What is the optimal dataset size required for the fine-tuning of Large Language Mod-
els (LLMs), and how does it influence the model's performance? 

2. Can the computational resource requirements for fine-tuning a model be reduced by 
selecting a different optimizer? 

3. How does the process of fine-tuning impact the fairness and bias of the model? 

1.3 Use of AI in thesis process 

During thesis process, AI tools were used in the ideation of the research questions and directions 

and to clarify conceptual frameworks. During the experimental part setup, AI was used for debug-

ging programming errors and to enhance the efficiency of the code. The final implementation, 

testing, and evaluation were carried out by the author. During the writing process, AI was used for 

grammar checking and language fluency inspection to improve consistent academic expression, 

without changing the original content or meaning. Substantive content, analysis, and outcomes 

are the author's own. 
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2 Theoretical Background 

This chapter provides a review of literature and research in the domain of Machine Learning, Large 

Language models, and fine-tuning techniques, especially concentrating on Parameter Efficient 

Fine-tuning methods. 

2.1 Large Language Models (LLMs) 

Background and uses of LLMs 

Large Language models (LLM) are a subset of Artificial Intelligence and are based on artificial neu-

ral networks (algorithms) that are specialized for generating text among other tasks they can per-

form (Dilmegani, 2025). Large language models are built based on deep learning architectures e.g. 

neural networks that consist of transformer model that learns contexts and are capable of tracking 

relationships in sequential data like words in sentences (Raiaan et al., 2024). 

In the initial stages of machine learning and neural network research and implementation, pro-

gress was constrained by the limited data storage capacity and processing speed of computers. 

However, as computational power began to increase rapidly and graphics processing units (GPUs) 

were introduced, an important breakthrough was made. In the 1990s, when the World Wide Web 

was introduced, making the Internet searchable became a significant development (History of 

Early AI Challenges, 2024). This important development enabled the accessibility of large amounts 

of data and later boosted the development and rise of LLMs. 

LLMs are trained with extensive datasets of text, scraped from websites, books, science and re-

search sources, and other openly available data sources, with billions of parameters (Kaubré, 

2024). Becker et al. (2024) presented in the literature review a wide range of tasks where LLMs are 

used: 

• Content generation 

• Summarization 

• Translation (e.g. language to another, text to code, text to image, image to text) 

• Classification (e.g. sentiment analysis) 

• Chatbot 
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• Sentiment analysis 

LLMs are typically pre-trained using unsupervised learning, which means models can detect pat-

terns from unlabeled data. While training and validation, data fed into the model does not neces-

sarily require labeling and saves a lot of time and resources, data labeling has been a big challenge 

when building AI models (Bergman, 2024). While LLMs can solve versatile tasks, they are often in-

compatible with specialized tasks or domains. Fine-tuning the pre-trained model allows users to 

adapt it for specialized tasks, achieving better performance and accuracy while preserving the 

models previously learned language knowledge. Refining pre-trained LLMs through fine-tuning can 

notably increase model performance, decrease training costs, and enable more accurate and con-

text-specific content (Rush, 2024). 

The Transformer Architecture 

The Transformer architecture is the basis for all Large Language Models and was introduced by 

Vaswani et al. (2023) in the publication “Attention is All You Need” published in December 2017. 

Transformer architecture is illustrated in Figure 1. originally presented by Vaswani et al. (2023). 

 

Figure 1. The Transformer Architecture (Vaswani et al., 2023). 
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Menon (2023) described the seven main components of the transformer model, with detailed ex-

planations provided in the following paragraphs. 

Inputs or tokens provided by users are converted into a numerical representation that the model 

can understand. Transformation into numbers is called “Input Embeddings”. Embeddings are ar-

ranged like a dictionary; similar words are grouped in the same place in a mathematical environ-

ment. During training, the model learns how to make the embeddings and places similar words 

close together in the same space(Menon, 2023). 

In natural language processing (NLP), the sequence of the words is important, which traditional 

models like a convolutional neural network (CNN) struggle with. Positional encoding helps by giv-

ing each word a numerical position. When combined with input embeddings, it helps transformer 

models to understand the correct order of words and leads to more accurate results. The atten-

tion head’s purpose is to capture the meaning and context of the text and the different relation-

ships between the words e.g. tokens(Menon, 2023). 

Layer normalization is used to improve training and model performance. According to Mudadl 

(2023), the layer normalization function ensures consistent activation levels within each layer by 

independently standardizing their mean and variance across all features. This process scales and 

shifts the activations to have a standard distribution with a mean of 0 and a variance of 1 for each 

layer. Layer Normalization tackles the internal covariate shift (ICS) issue by stabilizing the distribu-

tion of activations within each layer throughout training, providing smoother learning for the net-

work. 

During training, the decoder predicts the next word by analysing the words that precede it. To en-

able this, the output sequence is shifted one step to the right, allowing the decoder to depend on 

previous words for prediction. Like input embeddings, output also needs to embed from text to 

numbers that the model can understand, and with the help of positional encoding model can un-

derstand the order of the words or tokens in a sentence(Menon, 2023). 
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2.2 Finetuning of LLM´s 

Fine-tuning is a process where the pre-trained model is taken and trained with the new dataset to 

learn specific tasks. During the fine-tuning process labeled examples are used to update the model 

weights and improve model performance for specific tasks (Venkatesh et al., 2024). In general, 

pre-trained models have good ability in general task performance, such as text generation, but 

might fail or underperform in more niche tasks or domains. Fine-tuning narrows the gap between 

a general pre-trained model and the specific needs of tasks. Since pre-trained models learn from a 

large collection of general text gathered from publicly available sources, they can later be adapted 

to generate domain-specific content. But if a pre-trained model is fine-tuned with a domain-spe-

cific dataset, the output of the model generation can be more accurate and coherent (Stryker, 

2025).  

Key steps in fine-tuning large language models 

The first step is selecting a pre-trained model. This involves evaluating which model best fits the 

task and architecture requirements. Pre-trained models have already learned general language 

patterns from large datasets, providing a strong foundation for fine-tuning (DAS, 2024). 

Next, it is important to collect applicable datasets. These datasets should be relevant to the se-

lected task and structured in a way that the model can learn from them effectively. The quality 

and relevance of the data directly affect the model’s performance (DAS, 2024). 

Once collected, the datasets must be preprocessed. Preprocessing includes cleaning the data, han-

dling inconsistencies, and splitting it into training, validation, and test sets. It also ensures that the 

data is compatible with the chosen model, including tokenization and formatting adjustments 

(DAS, 2024). 

During fine-tuning, the pre-trained model is trained on the prepared dataset. This step allows the 

model to adapt to the specific task or domain while retaining its general language understanding. 

Parameter-efficient techniques, such as LoRA, may be used to reduce computational requirements 

(DAS, 2024). 
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Original weights re-
main frozen 

Addition and fine-tuning of 
additional parameters 

Finally, task-specific adaptation occurs. The model adjusts its parameters based on the new da-

taset, improving its ability to generate outputs tailored to the task. This process enables the model 

to specialize in the target domain while preserving general language knowledge (DAS, 2024). 

Fine-tuning uses the weights of the pre-trained model as a starting point and when the fine-tuning 

process continues, those weights are updated (Bergman, 2024). In the fine-tuning phase, the pre-

processed dataset is prepared by cleaning, divided into training, test, and validation sets, and en-

suring compatibility with the model (Norouzi, 2023). The model receives prompts from the train-

ing data and generates responses. The model adjusts the parameters based on how much the esti-

mations differ from the actual values, e.g, validation data. The model continues adjusting to better 

align with the task requirements. The key concepts of fine-tuning of LLM and their relationships 

are illustrated in Figure 2. 

Pretraining Full Fine-Tuning    Parameter Efficient Fine-Tuning 

A large corpus of data                Task specific dataset        Task specific dataset 

 

 

 

 

 

Figure 2. Key concepts of fine-tuning LLMs and their relationships 

LLM Pre-trained LLM 

Full Fine-Tuned 
model 

PEFT model  

Fine-tuning 

pretraining 

Original model parameters are 
updated 

Only small set of new or subset of original 
parameters are updated 
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According to Norouzi (2023) scenarios where fine-tuning of the pre-trained model may be benefi-

cial are: 

• Limited data availability 

• Time and Resource Efficiency 

• Task-specific adaptation 

• Bias mitigation 

• Data security and compliance 

Fine-tuning large language models offers several key benefits. It allows adaptation to specific tasks 

even when only limited labelled data is available, making it practical for domains where large da-

tasets are not accessible. The process is also more time- and resource-efficient than training a 

model from scratch, as it builds on knowledge already learned by the pre-trained model. Fine-tun-

ing enables task-specific adaptation, improving performance on the target domain while maintain-

ing general language understanding. Additionally, by carefully selecting and balancing the dataset, 

it can help mitigate biases present in the original model, resulting in fairer outputs. Finally, fine-

tuning can be performed locally, ensuring data security and compliance by keeping sensitive infor-

mation within controlled boundaries(Norouzi, 2023). 

2.2.1 Full Fine-tuning 

Full fine-tuning means training the entire pre-trained model for a specific task and using task-spe-

cific datasets, which include all layers and parameters. This creates a new version of the model 

with improved capabilities. At the beginning of fine-tuning the pre-trained model, the weights of 

the model are initialized with pre-trained weights and trained on task-specific tasks. Throughout 

the training process, all model parameters are updated to minimize the task-specific loss, which is 

the measurement of how far off the model’s predictions are from the true outcomes (Xu et al., 

2023). Full fine-tuning comes with the downsizing that requires sufficient memory and computa-

tional resources, such as the pre-trained model of billions of parameters, to manage the storage 

and handling of gradients, optimizers, and related components throughout the training process. 

(Das, 2024). 



12 
 

 

2.2.2 Performance Efficient Fine-Tuning Methods PEFT  

PEFT is a subset of fine-tuning methods that utilizes different deep learning methods to minimize 

the number of adjustable parameters. Typically, PEFT updates only a portion of the pre-trained pa-

rameters or a small number of additional parameters and freezes most parameters of the pre-

trained LLMs (Xu et al., 2023). 

Less trainable parameters lead to decreasing computational and storage costs. Another advantage 

is it addresses the problems with catastrophic forgetting, which can be observed when performing 

full finetuning of LLMs (chenrulkar et al., 2023). Catastrophic forgetting occurs when a neural net-

work loses knowledge of previously learned tasks after being trained on new tasks or data. Also 

known as “catastrophic interference,” it typically occurs in sequential learning, where the model 

needs to adapt to new information over time. Training in new tasks can overwrite or disturb what 

the model has learned earlier, leading to reduced performance on previous tasks. This presents a 

challenge for AI systems that require continual learning, because the model has a hard time re-

membering old knowledge while learning new tasks(Belcic et al., 2025). 

Xu et al.(2023), showed in Figure 3, illustrates the evolution of PEFT method development in re-

cent years. 
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Figure 3. The evolution of PEFT method development (Xu et al., 2023) 

According to Raschka (2023) Parameter-Efficient Fine-Tuning has advantages for the following rea-

sons: 

• Reduced computational costs 

• Faster training times 

• Lower hardware requirements 

• Better modelling performance  

• Less storage  

Using parameter-efficient fine-tuning methods provides several practical advantages. These ap-

proaches significantly reduce computational costs by requiring fewer GPUs and less training time. 

They also enable faster experimentation, as training can be completed more quickly compared to 

full model fine-tuning. In addition, they lower hardware demands, allowing models to be trained 

on smaller GPUs with limited memory. Parameter-efficient methods often improve modeling per-

formance by reducing overfitting and promoting more stable learning. Finally, they require less 
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storage space since most of the model’s weights are shared across different tasks, making them 

highly efficient for multi-task or resource-constrained environments(Raschka, 2023). 

According to Lialin et al.(2023), PEFT methods can be categorized by their approach or objectives. 

An approach-based categorization method can introduce new parameters, fine-tune existing ones, 

or reparametrize them. Objectives-based categorization, methods aim to minimize memory foot-

print, improve storage efficiency, or add modularity. Categorization proposed by Lialin et al. (2023) 

is illustrated in Figure 4. 

 

Figure 4. Parameter-efficient Fine-tuning methods taxonomy (Lialin et al., 2023) 

As illustrated in Figure 4, Parameter-efficient fine-tuning methods can be grouped into three main 

categories, each offering a different way to adapt large models efficiently. Addition-based meth-

ods include two subcategories: adapters, which add small trainable layers inside the model, and 

soft prompts, which introduce trainable vectors at the input level. Both approaches add new com-

ponents without modifying the model’s original weights. Selection-based methods enable fine-

tuning by modifying only a predefined subset of the models´ original parameters, such as specific 

layers, bias terms, or infrequently selected weights, while leaving the rest of the network frozen. 

Reparameterization-based methods restructure parts of the model’s parameters, often replacing 

them with compact forms like low-rank matrices to reduce the number of trainable weights. 
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Together, these categories provide flexible strategies for fine-tuning models without full fine-tun-

ing (Lialin et al., 2023). 

PEFT methods focus on enhancing computational efficiency while maintaining competitive perfor-

mance compared to full fine-tuning (Whitehouse et al., 2023a). From Figure 4. PEFT methods: 

LoRa, P-tuning and IA3 are described in the following sections. 

LORA 

LoRA (Low-Rank Adaptation) was introduced by Hu et al. (2022) is a fine-tuning method, where 

pre-trained model weights are frozen, and only low-rank decomposition matrices are inserted into 

every layer of the transformer structure. This lowers the number of parameters that need to be 

updated when training for the specific task. The LoRA approach freezes all pre-trained weights and 

introduces additional low-rank matrices that capture the parameter updates required for fine-tun-

ing. These low-rank matrices can be merged back into the frozen parameters, without introducing 

latency during inference (Whitehouse et al., 2023b). 

P-Tuning 

P-Tuning is a technique designed to adapt large language models without modifying their original 

parameters. It was first introduced by Liu et al. (2021)in GPT Understands, Too. P-Tuning is a 

method where a small number of trainable vectors, called soft prompts, are added to the model´s 

input embeddings. Prompts are optimized using gradient descent while the main model remains 

frozen. The method is based on the idea that a pre-trained model already contains more compre-

hensive language knowledge and that learning suitable prompt embeddings can guide the model 

to specific tasks. Instead of retraining the entire model, P-Tuning changes how information is pre-

sented to it by selecting the most effective position for the prompts within the model’s internal 

representation. For example, in sentiment analysis, soft prompts help the model focus on words 

that indicate positive or negative opinions. The technique extends the ideas of Prefix-Tuning pro-

posed by Li et al. (2021), which employed continuous prompts for text generation tasks. Later, P-

Tuning v2 (Liu et al., 2022) improved the technique by placing trainable prompts in several layers 
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of the transformer architecture. This extension allowed better information flow and produced re-

sults similar to full fine-tuning while using fewer trainable parameters. 

IA³  

The IA³ (Infused Adapter by Inhibiting and Amplifying Inner Activations) method is a parameter-

efficient fine-tuning technique designed to adapt large language models using few additional pa-

rameters (Liu et al., 2022). Instead of modifying the model’s original weights, IA³ introduces traina-

ble scaling vectors that adjust internal activations within the transformer. Specifically, these vec-

tors are applied to the key and value projections in the attention layers, as well as to the 

intermediate activations in the feed-forward layers. This means that IA³ can adjust the importance 

of different parts of the model’s internal representations, essentially deciding which signals to 

strengthen or weaken, so the model can better handle a specific task without changing its original 

parameters. For example, in a sentiment analysis task, IA³ could increase dimensions that capture 

positive or negative word cues while reducing irrelevant information, or in a question-answering 

task, it could increase signals that track relationships between question and context words. The 

scaling vectors are optimized via gradient descent, requiring only a fraction of the total model pa-

rameters. By controlling information flow through the network in this targeted way, IA³ provides a 

simple and effective approach to fine-tuning large language models. 

2.3 Optimizers 

In deep learning, optimizers are tools to refine the network´s parameters during training. The ob-

jective of the optimizer is to minimize the model´s error or loss function and increase the perfor-

mance. Optimizers utilize the model´s trainable parameters, such as weights and biases, through 

mathematical algorithms. Optimizers instruct the neural network on how to adjust its weights and 

biases in the model iteratively until they converge on a minimum loss value (Gupta, 2021; 

Musstafa, 2022). 

In machine learning tasks, there are multiple different optimizers to select from. Depending on 

various features of the model, task, or data, there is no clear way to determine which optimizer to 

choose, and the recommendation is to select and compare the performance while training and hy-

perparameter tuning. The most used optimizers in Machine Learning are Stochastic Gradient 
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Descent (SGD), Momentum, Adagrad, Adadelta, RMSProp, and Adam, on which Adam is the most 

popular optimizer. For LLM finetuning exploration SGD, Adam and the newly discovered Sophia 

optimizer with promising results are selected. Optimizer fundamentals and advantages in LLM 

tasks are described in the following sections. 

Stochastic Gradient Descent 

Stochastic Gradient Descent (SGD) is an iterative optimization algorithm, a variant of gradient de-

scent that updates model parameters one by one based on the gradient of the loss function com-

puted on a randomly selected subset of training data(Musstafa, 2022). 

The fundamental idea of SGD is to compute gradients and update parameters using small, ran-

domly sampled subsets of training data, iterating until convergence or a stopping criterion is 

reached. 

    (1) 

The series of steps is first choosing initial parameters ɯ and learning rate ɳ. Then, during each iter-

ation, shuffle the data randomly to approach an approximate minimum. Due to its stochastic na-

ture, SGD doesn't follow a direct path to the global cost minimum like Gradient Descent. Instead, it 

may seem to twist and turn when observing changes in the gradient illustrated in Figure 6. By 

Musstafa (2022). 

 

Figure 5. Stochastic gradient descending (Musstafa, 2022). 
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SGD offers advantages like frequent updates of model parameters, which allow larger datasets, 

faster convergence, lower memory requirements, and robustness to noisy data compared to 

standard gradient descent. For SGD tuning, the learning rate is crucial for effective convergence, 

and it may require more iterations than standard gradient descent(Musstafa, 2022). 

Adam 

Adaptive Moment Estimation (Adam) (Kingma et al., 2017) it is an algorithm for first-based optimi-

zation of stochastic objective functions. Adam combines two different optimization algorithm 

methods Adaptive Gradient Algorithm (AdaGrad) and Root Mean Square Propagation (RSMProp).  

Adam calculates the average and variance of gradients over time using a moving window. The 

moving average, like momentum in other optimizers, helps maintain direction in the same direc-

tion even within the diminishing gradients. The variance, related to RMSProp, adjusts the learning 

rate for each parameter based on the gradient's variability. 

Adam's optimization algorithm is as follows: 

    (2) 

Where w is the model weights, b is for bias, and ɳ is the step size. This is the update rule for Adam 

e.g. Learning Rate. 

Adam is well-suited for problem-solving tasks that are big and measured by data and/or parame-

ters. It can converge quickly and can take care of noisy or sparse gradients. Adam is easy to imple-

ment since it doesn´t require a lot of hyperparameter tuning like Learning Rate or moment coeffi-

cient. Adam is computationally efficient and requires less memory(Kingma et al., 2017). 
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Sophia 

A Scalable Stochastic Second-order Optimizer for Language Model Pre-training (Sophia) (Liu et al., 

2024) is a second-order (Hessian-based) optimizer which was introduced especially to compete 

with Adam in language models optimization. At the same time, other second-order optimizers of-

ten use more resources than necessary per step, the authors stated. Sophia uses a basic estimate 

of the diagonal Hessian to help guide the updates. It updates the parameters by taking a moving 

average of the gradients and dividing it by a moving average of the Hessian estimate, after which 

element-wise clipping is applied. Since the Hessian is only estimated from time to time, Sophia 

keeps both computation time and memory usage very low during training. 

2.4 Evaluation of Large Language Models 

The rapid development of large language models (LLMs) has significantly changed the field of nat-

ural language processing (NLP) and created a need for more reliable ways to evaluate them. Earlier 

evaluation metrics were designed for specific NLP tasks such as machine translation or text sum-

marization, and they do not fully capture the wide range of abilities that modern LLMs demon-

strate. Traditional quantitative metrics, such as BLEU (Papineni et al., 2002) and ROUGE (Lin, 

2004), are useful for measuring the similarity between a model’s output and a reference text, for 

example, by counting overlapping words or phrases. However, these surface-level comparisons 

have been criticized for not aligning well with human opinions in open-ended tasks, where there 

can be many equally valid answers (Novikova et al., 2017). As LLMs have become more advanced, 

evaluation has shifted beyond simple word overlap to assessing semantic meaning, reasoning 

skills, and factual accuracy, leading researchers to combine both quantitative and qualitative eval-

uation methods (Bernard et al., 2024; Chang et al., 2023; Mondorf et al., 2024; Rahman et al., 

2025). 

2.4.1 Quantitative evaluation 

Quantitative evaluation relies on numerical measures to assess how well a model performs against 

defined benchmarks. These methods are widely used because they are objective, repeatable, and 

efficient for comparing models across different experiments. Traditional metrics such as BLEU 

(Papineni et al., 2002) and ROUGE (Lin, 2004) focus on how much the model’s output overlaps 

with a reference text, while more recent ones like BERTScore (Zhang et al., 2020) aim to capture 
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semantic similarity beyond surface-level wording. Although these metrics are useful for identifying 

general trends and improvements during fine-tuning, they might miss deeper qualities like logic, 

clarity, or correctness; for example, the model output might be convincing, but it contains errors 

or is unclear and unconnected(Davies, 2025). 

Automatic Metrics (Perplexity, Loss) 

Automatic metrics measure the model’s performance on its own predictions without comparing 

them to reference outputs. Perplexity is the most used metric and shows how confident the model 

is in predicting the next token in a sequence. Lower perplexity values indicate the model is more 

consistent and accurate in its predictions (Chen et al., 2023). In addition to perplexity, training and 

validation loss are monitored to assess learning stability and convergence during fine-tuning. 

These metrics help identify overfitting and generalization performance by showing how well the 

model predicts sequences it has not explicitly seen during training. 

Reference-based evaluation 

Reference-based evaluation means comparing the model’s output with one or more reference 

texts that are treated as correct or high-quality answers. The goal is to see how closely the gener-

ated text matches the reference, either through word overlap or by capturing the same meaning. 

This type of evaluation is widely used in tasks like translation, summarization, and instruction-fol-

lowing, as it gives a straightforward way to check how accurate and complete the model’s outputs 

are compared to human-written examples (Lin, 2004; Papineni et al., 2002; Zhang et al., 2020).  

BLEU 

BLEU, introduced by Papineni et al. (2002), measures how many words or phrases match between 

the generated text and the reference. It is most effective for checking fluency and accuracy in 

shorter responses, making it useful for assessing whether a fine-tuned model produces answers 

that follow instructions with wording like reference.  
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ROUGE 

ROUGE, introduced by Lin (2004), measures the overlap between a model’s output and a refer-

ence text, with a focus on recall. It includes variants such as ROUGE-N, ROUGE-L, and ROUGE-W, 

which are widely used in summarization tasks. In the context of fine-tuning LLaMa with the LIMA 

dataset, ROUGE is useful because it captures how well the model’s responses cover the key infor-

mation expected in the reference answers, making it suitable for instruction-following and text 

generation tasks.  

BERTScore 

BERTScore, proposed by Zhang et al. (2020), compares generated text and reference responses 

using contextual embedding rather than exact word overlap. This allows it to capture semantic 

similarity even when the wording is different. In evaluating a fine-tuned model, BERTScore is par-

ticularly useful for understanding whether the model conveys the same meaning as the reference, 

even if expressed in alternative phrasing.  

For a practical discussion on the application of these metrics to evaluate large language models, 

see Elango (2025). Reference-based metrics provide a task-oriented view of model performance, 

complementing intrinsic measures by assessing how closely generated outputs match expected 

content. 

2.4.2 Qualitative evaluation 

Qualitative evaluation assesses model outputs based on judgment rather than strict numerical 

measures. This type of evaluation captures aspects of performance that automatic metrics cannot 

fully measure, such as clarity, coherence, correctness, and adherence to instructions. Qualitative 

evaluation provides a deeper understanding of a model’s performance in practical scenarios and 

reveals whether its outputs align with human expectations or not(Elango, 2025). 
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LLM-as-a-Judge 

LLM-as-a-Judge uses a strong, pre-trained language model to evaluate outputs generated by an-

other model. The judging LLM scores responses based on criteria such as relevance, fluency, fac-

tual accuracy, and instruction-following. This approach allows large-scale evaluation without re-

quiring human annotators for every example and can provide consistent feedback across many 

outputs. However, LLM judges can be biased toward certain phrasing or self-generated styles, so 

their judgments are often validated against human assessments(Gu et al., 2025; Li et al., 2024). 

Human Evaluation 

Human evaluation involves trained annotators reviewing model outputs for correctness, clarity, 

fluency, and alignment with task instructions. Annotators may rate outputs on a scale or perform 

pairwise comparisons between responses. This method is considered the gold standard because it 

captures nuanced aspects of quality and usability that automatic metrics cannot, such as subtle 

reasoning errors, misleading information, or overall helpfulness (Bai et al., 2022). While time-con-

suming and resource-intensive, human evaluation ensures that the assessment reflects real-world 

expectations. 

2.4.3 Bias and Fairness Evaluation 

Bias and fairness evaluation is crucial to ensure LLMs generate outputs that are reliable, safe, and 

socially responsible. Without evaluation, models can reproduce stereotypes or treat certain 

groups unfairly, reducing user trust and potentially causing real-world harm. For instance, a model 

can generate negative descriptions for specific racial, religious, or political groups. Researchers as-

sess bias using both automatic and human evaluation methods. Automatic approaches use bench-

marks such as StereoSet (Nadeem et al., 2020), CrowS-Pairs (Nangia et al., 2020), BOLD (Dhamala 

et al., 2021) ,or BBQ (Parrish et al., 2022) to measure how the model´s outputs vary across diffe-

rent inputs or scenarios. Human annotation evaluates biased language, unequal treatment, or 

harmful sentiment, often via scales or categorical judgments such as bias presence, type, severity, 

and sentiment (Bojić et al., 2025; Liang et al., 2023). In practice, human evaluation can be applied 

to both base and fine-tuned models by rating outputs side by side, making it possible to see 

whether fine-tuning reduces or increases bias. Ethical AI frameworks, such as the EU AI Act 
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(European Commission, 2021) and OECD AI Principles (OECD, 2024), emphasize fairness, accounta-

bility, and transparency, providing guidelines for responsible model development. Together, these 

approaches support the creation of language models that are technically robust and socially 

aligned. 

2.5 Previous research 

The ever-evolving journey of LLM started when the transformer model architecture was intro-

duced in 2017 by Vaswani et al. (2023) in the research paper “Attention is all you need “. This was 

a 165 M parameter model. In the following years, remarkable LLMs were introduced, and the size 

of the models began to rise from billions of parameters into Trillion parameter models. As an ex-

ample OpenAI GPT model development over the recent years presented by Mohamadi et al. 

(2023). Evolution of GPT models and parameter size count is illustrated in Figure 6. 

 

Figure 6. OpenAI GPT model evolution and parameter count 

LLMs are computational resource intensive requiring a lot of memory, and can be potentially 

expensive and slow to implement because of that. Lialin et al.( 2023) stated that the publicly 

available models grew from 350M parameters to 176B parameters in 4 years’ time , while the single 

GPU RAM increased less than 10 times to 80 GB, which it´s not feasible for researchers or industries 

and too impractical even for experts to fine-tune the largest models for different domains or specific 

tasks. The bigger the model size and the dataset yield better results in downstream tasks but these 

are not usually sustainable or feasible solutions for everyone. PEFT Parameter Efficient Fine-Tuning 
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can be the key to solving the practical challenge by reducing the set of trainable parameters. The 

reduction can be achieved by training only a subset of the original model parameters or a set of 

newly added parameters. According to Lialin et al. (2023), PEFT methods vary in how efficiently they 

use parameters and memory during training, how fast they train, the resulting quality of the model, 

and extra costs incurred during inference.  

At the same time with the development of larger LLMs the research on performance-efficient fine-

tuning methods has risen. Chang et al. (2023) stated in a survey that over 100 LLM evaluation pa-

pers have been published between timespan from 2020 to 2023 which is almost the same amount 

of papers in recent years according to Ding et al. (2022), published on PEFT methods. Lialin et al. 

(2023) reviewed 40 PEFT studies from 2019-2023, comparing their efficiency in real-world scenar-

ios in fine-tuning LLMs. The study identified which methods work best in different scenarios based 

on storage, memory, computation, accuracy, and inference efficiency. The study outlined key chal-

lenges and best practices for future research, including: 

• Explicitly reporting of parameter count, preferably these are trainable parameters, 
changed parameters, and rank. Providing these details helps with better understand-
ing and comparing methods more accurately. 

• Evaluation of different model sizes. This gives a better understanding of the method´s 
strengths and limitations. 

• Comparing similar methods. Comparison will offer a wider understanding of methods 
of performance and what their advantages are compared to current techniques. 

• Standardized PEFT benchmarks and competitions. Creating stable conditions ensures 
fair comparison under identical conditions. Current research in the PEFT field is not 
comparable to each other because of the lack of these standards.  

Considering the time and resources available to conduct the experiments, these recommendations 

and best practices are considered when possible. 

J et al. (2024) were conducting similar experimental work fine-tuning the LlaMa-2-7B model with 

the Lora method and meanwhile, aim to provide guidance on how to begin with fine-tuning an 

LLM and offer insights into estimating GPU requirements. Hu et al. (2022) experiments aim to shed 

light on the selection of an appropriate rank in Lora and the memory requirement of a fully fine-

tuned model. To select appropriate hardware for fine-tuning estimation of memory usage is done 

based on model precision (FP32, FP16) which also means that the fine-tuning process requires 
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quantization. Open-source LLM weights are provided in 32-bit floating point precision. For exam-

ple, fine-tuning a 7 billion parameter model would demand approx. 28GB of storage space. Lower-

ing the precision of model weights through quantization, followed by fine-tuning reduces the 

model’s size while maintaining its quality. The author reminds that besides the model precision 

storing the gradients and activations during the fine-tuning requires storage and needs to be con-

sidered. Experiments were conducted with an A100 80 GB Nvidia GPU.  

Beginning of the fine-tuning process, J et al. (2024) investigated the influence of quantization, re-

ferring to quantizing a model that saves GPU memory and allows tuning with bigger batch sizes. 

Results showed that a quantized model takes a longer time for inference in comparison to a non-

quantized mode but is still recommended. Maximum PEFT configuration showed that Llama2 -13B 

with Lora config is the biggest model size possible with the chosen hardware. Based on the experi-

ments a list of guidelines and recommendations were given regarding full fine-tuning and using 

the Lora method. Full fine-tuning typically requires multiple GPUs, but as model size is less than or 

equal to 7B parameters it´s achievable in 1 GPU and using a paged Adam optimizer. 

If dataset size is limited parameter efficient finetuning is preferred over full finetuning. Finetuning 

time increases linearity when the dataset row size expands. It´s recommended to chunk the text 

context length to full context length without padding; this way, the number of data rows can be 

reduced. When selecting hyperparameters for training, it´s recommended to keep them at a lower 

level, not limiting the value of GPU memory, even though a higher batch size can lead to faster 

convergence and better performance in inference(J et al., 2024). 

Wang et al. (2023) position paper explored empirically the effectiveness of PEFT over LLMs. The 

performance of the LlaMA-2-7B-chat model was evaluated with two text generation tasks and 

with more complex math problems and Question answering datasets. From PEFT methods, 

prompt-tuning, prefix-tuning, and LoRA were included in research, and Full fine-tuning was the 

benchmark. Models’ performance was measured with BLEU, METEOR, ROUGE-L, and CIDEr bench-

marks. Experiments revealed that LoRA and full finetuning yield similar performance in generative 

tasks. Math and Q&A methods showed minor variances in accuracy, whereas other PEFT methods 

performed poorly. Experiments included investigations into the effectiveness of the LoRA method 

in larger models LlaMA-2 and Vicuna (7B and 13B parameter models). Results indicated that for 
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simple generation tasks performance was slightly increased when the model size grew. As part of 

the investigation, it was noticed that LoRA ranks vary the impact on model performance. Experi-

mental results showed that smaller datasets with lower LoRA ranks achieved optimal results, and 

increasing ranks conducted lower performance. The benefit of a lower rank is also the savings in 

training resources and cost. 
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3 Implementation 

3.1 Research approach and design 

The thesis work will be conducted as a Quantitative research work with the type of experimental 

research design. According to Kamiri et al. (2021) study, majority of machine learning-related re-

search uses selected methods. The Experimental research design includes the following key ele-

ments, simplified from Alam (2023) and shown in Table1. 

Table 1. Experimental research design key elements and descriptions(Alam, 2023) 

Key element Description 

Research objectives Define the goals and objectives of the research 

study. 

Research questions: Develop research questions that effectively ad-

dress the objectives of the study. 

 

Experimental  Applying controlled change and measuring the 

effects on outputs 

Data collection Determining how data will be collected 

Data analysis Outlining the techniques implemented for ana-

lyzing the gathered data 

Ethical considerations Addressing ethical issues 

Resources Identifying the resources needed for research, 

for example hardware, repositories. and data 

sources 

Data presentation and reporting Planning how the research findings will be 

showcased 
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This thesis follows a quantitative research approach combined with an experimental research de-

sign to achieve its objectives and answer the research questions. This approach was selected be-

cause it enables systematic testing of how different fine-tuning strategies, dataset sizes, and opti-

mization methods influence model behavior and performance. 

Quantitative research focuses on collecting and analyzing numerical data, which aligns with the 

goal of measuring how changes in fine-tuning parameters affect outcomes such as loss, accuracy, 

and computational efficiency. The experimental design complements this by allowing controlled 

adjustments to the model and observing how these changes impact learning and fairness. 

As noted by Kamiri et al. (2021), quantitative and experimental approaches are commonly used in 

machine learning research because they provide reliable, comparable, and repeatable results. 

Alam (2023) further explains that experimental design typically involves defining variables, apply-

ing controlled changes, and observing outcomes. These principles form the foundation of this 

study and are summarized in Table 1, which presents the key elements of applied research design. 

The selected approach directly supports the thesis objectives. By systematically varying dataset 

size and optimization parameters, the first and second objectives are addressed through compari-

sons of model performance and resource use. The third objective, related to fairness and bias, is 

explored by examining how fine-tuning affects the model’s judgment behavior after training. 

The overall process involves gathering and analyzing numerical data to test hypotheses derived 

from the research objectives. In this study, the process is applied to explore performance-efficient 

fine-tuning methods for pre-trained LLMs. The main stages include data collection, data prepro-

cessing, fine-tuning the base model, model training, model evaluation, and model testing. Each 

stage contributes to generating quantitative evidence that supports the objectives and provides 

answers to the research questions discussed in the following sections. 

3.2 Data collection and analysis 

For the experimental part of the thesis,  GAIR/Lima dataset (Zhou et al., 2023) was selected due to 

its high quality and its ability to train LLMs to follow instructions effectively with a rather small 

amount of data. From an efficiency point of view, it´s important that the fine-tune dataset is not 
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huge and it´s proven to be high-quality. The dataset contains single-turn instruction-response pairs 

focusing on prompt vs. answer. The dataset covers general domains like question answering, sum-

marization, reasoning, and creative writing. Dataset examples are either manually written or re-

fined to make sure the examples are easy to understand, practical, and diverse. In total, 6 different 

data sources have been used to put it together: Stackexchange 38,8%, Authors 19,4%, wikihow 

19,4%, writing prompts 14,6%, and nlp 4,9%. In total, the dataset contains 1330 examples, which is 

split into 1030 train and 300 test examples. Test examples include only the prompt, without the 

corresponding reference answers. When evaluating the model’s performance, it is important to 

consider whether the chosen method requires a reference answer. At the start of the experiment, 

a detailed exploration of the selected dataset was carried out. Data preprocessing was performed 

as part of the modeling process. 

3.3 Platforms and Frameworks 

The fine-tuning experiments were done using the Hugging Face (HF) ecosystem, which provides a 

wide range of tools needed to work with LLM´s. HF repository offers access to pre-trained models 

and tokenizers, allowing fast initialization of the base model without out need or knowledge for 

manual implementation and coding a transformer-based model from scratch. Table 2. presents 

the libraries and tools used during fine-tuning, which are described in more detail in this, and the 

following sections.  
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Table 2. Hugging Face and related tools used in fine-tuning 

Tool/Library Usage Fine-tuning phase 

Transformers (AutoModel, Au-

toTokenizer) 

Loads pre-trained model 

weights and processes text 

through tokenization, pad-

ding, truncation, and special-

token handling 

Model initialization and data 

preprocessing 

Bitsandbytes Applies 4-bit/8-bit quantiza-

tion to reduce GPU memory 

requirements 

Model loading & training 

Datasets (datasets library) Loads, processes, cleans, 

maps, and splits datasets 

Dataset preparation 

Data Collators Creates batches and applies 

padding/masking 

Preprocessing & batching 

Trainer API (Trainer, Train-

ingArguments) 

Manages training loop, opti-

mization, logging, and evalua-

tion 

Training 

PEFT library Enables parameter-efficient 

training through small traina-

ble modules 

PEFT fine-tuning 

WeightandBiases Tracks experiments, logs met-

rics, and monitors training 

performance 

Training logging and monitor-

ing 

 

HF Transformers library was used to efficiently load the model and tokenize the dataset. For train-

ing HF pipeline was used. HF PEFT library was used to define the finetune model and its configura-

tions for example, in LoRA case, rank alpha and targeted modules. For efficient training and infer-

ence HF bitsandbytes library was used to minimize memory usage. It allows the usage of lower 

precision arithmetic, mainly 8-bit and 4-bit quantization. LLMs often have billions of parameters, 

which can exceed limits if stored in full 16/32 -32-bit. HF bitsandbytes allows the compression of 
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model weights and performs operations in lower precision. HF bitsandbytes is integrated into HF 

transformers to work together with trainer, PEFT, and other fine-tuning frameworks. In the con-

text of this study, bitsandbytes was combined PEFT methods, enabling efficient experimentation 

with the LLaMa 3.2 model without the need for a multi-GPU setup. This approach enabled efficient 

fine-tuning and low-memory use for LLMs. 

HF Dataset library was used to load the GAIR/Lima dataset from HF dataset repository, preprocess 

and split the dataset into an evaluation and training split. The Trainer API was used and provided a 

standardized interface for training evaluation and logging without any customized code; training 

arguments were easily configured. Trainer API is integrated with the experiment tracking tool 

Weight and Biases, which was used to track training and evaluation progress. This ensured repro-

ducibility and detailed monitoring of model performance. 

Standard Python libraries like pandas and matplotlib were used for data handling, preprocessing, 

and visualizing results. Pandas helped organize datasets and model outputs, while matplotlib was 

used to plot performance metrics and comparisons. 

The experiments were executed on Google Colab. Code development and initial fine-tuning were 

done using the free Colab tier, but the evaluation phase required upgrading to Colab Pro to access 

more compute units and a more powerful GPU. The experiments on Colab Pro used a T4 GPU with 

15 GB VRAM, 12.7 GB system RAM, and a 112 GB disk. This cloud-based environment enabled 

GPU-accelerated training and evaluation, which was essential for handling the large parameter 

sizes of LLaMA models and the computational demands of LoRA fine-tuning. 

3.4 Model Fine-tuning  

This section describes the process of fine-tuning a large language model. It includes loading the 

pre-trained model and tokenizer, preparing the dataset, setting the training parameters, and run-

ning the training to produce a fine-tuned model. The workflow provides a clear and practical view 

of how the model is adapted for the task. 
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3.4.1 Pre-trained Model 

The LLaMA 3.2 is a collection of multilingual LLMs, developed by Meta and released September 25. 

2024. The LLaMa 3.2 model family was selected for the experiments because it is a recent release 

and works well on tasks that require following written instructions. It is available in 1B and 3B pa-

rameter sizes, both as base and instruction-tuned models, which gives the alternative to fit in the 

available computing resources. LLaMa 3.2 models use an optimized transformer architecture. The 

instruction models were trained with supervised fine-tuning and human feedback, which helps 

them follow prompts and give helpful, safe answers (Meta-Llama/Llama-3.2-1B-Instruct · Hugging 

Face, 2024). 

The model design also supports LoRA fine-tuning, allowing adaptation without retraining the 

whole model. Strong support in Hugging Face tools made training and testing easier. Pre-trained 

model and their weights are available to use in the Hugging Face platform for commercial and 

non-commercial use e.g. research, by accepting license terms. Because LLaMA 3.2 is new, openly 

available, and earlier LLaMA versions are widely recognized, experiments can be reproduced and 

compared more easily. 

3.4.2 Dataset Exploration 

The GAIR/Lima dataset was downloaded from the Hugging Face platform via API and stored on 

Google Drive to be able to preprocess and store the preprocessed dataset be available for later us-

age in training and evaluation. 

The dataset was examined to gain insight of its content and features. The dataset consists of a to-

tal of 1330 examples, which were pre-splitted into the training and testing datasets, 1030 exam-

ples for training and 300 for testing. The dataset consists of two columns which are conversations 

and the source, which reveals where the conversations originate. Conversations are the actual 

training data that is used in the fine-tuning process . Conversation column contained a question-

answer pair and content was source was the author of the dataset. A sample from training dataset 

is presented in Appendix 1. 
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A sample from the Test dataset presented in Appendix 1. revealed that Conversation only includes 

the prompt but no reference answer. A reference answer is required when evaluating the model´s 

performance and quality. The training dataset needed to be split into new training and evaluation 

splits, which reduced the size of the original training dataset. 

3.4.3 Dataset preprocessing 

As earlier described, dataset exploration revealed the need to split the original training dataset 

into new training and validation datasets. GAIR/Lima dataset was downloaded from HF repository 

using HF datasets library. The original Lima/GAIR dataset was split into a ratio of 10% new training 

and validation datasets. The test dataset was loaded separately, and all parts were then combined 

and saved as both a dictionary and individual JSON files for later usage. Saving the modified train-

ing and validation dataset guarantees reproducibility and efficient experimentation, enables con-

sistent benchmarking, and preserves long-term usability for future model training and evaluation. 

Reproducibility is important because it allows experiments to be rerun in the same conditions, en-

suring results are consistent and comparable. Saving shortens the pre-processing time in the fol-

lowing experiment phases when modified datasets do not need to be generated each time. Fixed 

validation datasets provide a reliable basis for comparing different models fairly over time. After 

reprocessing, the saved datasets are divided into 927 examples for training, 103 for validation, and 

300 for testing. 

The dataset was then tokenized to convert text into a format the model can understand. This was 

done with function that converted a batch of conversational text into tokenized inputs ready for 

model training, applying padding to ensure all sequences in the batch have the same length, and 

creating attention masks indicating which token are real versus padding and masked labels that 

are usually same as input tokens, besides padding tokens that are masked (e.g.-100) so the model 

only learns from meaningful tokens. Padding was set to 512 tokens, as using the full 128k context 

length during tokenization caused out-of-memory errors in preliminary tests. 

Tokenization in NLP converts raw text into smaller units called tokens. Example of tokens can be a 

word, a sub word, or a character. This process helps the model to handle texts of different lengths 

and preserves a consistent structure for pattern learning. Tokens are mapped to numerical IDs 

that the model can process. Each model has a unique tokenizer tailored to its architecture and 
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vocabulary. In instruction-tuned models, tokenization uses specific prompt templates to format 

instructions and inputs correctly, so the model generates appropriate answers (Tokenizers - Hug-

ging Face LLM Course, n.d.). 

Tokenizing in batches was used to process multiple input sequences simultaneously, converting 

them into token IDs. Batching enhances computational efficiency by utilizing parallel processing 

capabilities of the hardware. HF transformers library caters tokenizers that support batch pro-

cessing, which makes tokenization time shorter compared to processing sequences individu-

ally(Tokenizer, n.d.). The tokenizing function that was used is presented in Appendix 2. 

In the final preprocessing step, the original columns were removed to avoid issues during training, 

and the dataset was reformed to output PyTorch tensors. Sample from the tokenized training da-

taset is illustrated in Appendix 1. 

3.4.4 Fine-tuned model configuration  

After preprocessing the dataset, the next step was to load the pre-trained LLM model and inject 

the LoRA configuration. LlaMa 3.2 1 Billion instruction type parameter model was loaded from HF 

model repository, and the cache was set to google drive with the HF_HOME command, for persis-

tent storage, since Google colab default storage is temporary and instance where runtime discon-

nects or crashes, everything is lost and needs to be started from the beginning. By setting 

HF_HOME to Google Drive, time and bandwidth can be saved, since HF can reuse already down-

loaded files. Model downloads, training, and evaluation of the experiment went faster compared 

to the need of downloading from scratch.  

HF bitsandbytes Python library provided memory-efficient quantization tools that allowed the 

model to run and be trained on limited hardware. Standard Pytorch linear layers were replaced 

with quantized alternatives. With BitsAndBytesConfig base model was quantized in 4bit, compared 

to the standard model precision 16FP, to control how much memory the model used and how it 

performed. With limited Google Colab GPU VRAM, quantization made fine-tuning possible without 

out-of-memory (OOO) issues that were suffered at the beginning of the experiment. The bnb_con-

fig used in across all experiments is presented in Appendix 2. Load_in_4bit= True allow store the 

model weights in 4-bit integers instead of 16-bit floats. With bnb_4dit_compute_dtype=torch.float 
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computations will be happening FP16 precision even though weights are 4-bit. With 

bnb_4bit_quant_type=”nf4” memory footprint could be reduced further by applying second quan-

tization. The downloaded model configuration was as follows, presented in Figure 7. 

 

Figure 7. Base model LLaMa 3.2 1B instruction type model configuration 

After base model download and quantization next step was to set the PEFT configuration. PEFT 

model was configured using HF PEFT library. PEFT library provides large set of adapters to define 

used PEFT method or there is a possibility to define a custom adapter if not found from HF library 

directly. In the experiment LoRA method was used and defined with LoraConfig and 

get_peft_model arguments provided by the HF PEFT. Depending of which PEFT method is used 

configuration includes different hyperparameters. For LoRA, there are a total of 25 different hy-

perparameters to be defined. LoRA configuration used in the experiments is presented in Appen-

dix 2. 

A LoRA setup was chosen to make fine-tuning large language models both efficient and effective. 

The rank was set to 8, as earlier research (Hu et al., 2022) shows that small ranks between 4 and 

16 are usually enough to learn the task without adding too many new parameters. The scaling fac-

tor was set to 16, which follows the common rule of keeping it about twice the rank, helping the 

model train in a stable way. LoRA adapters were placed in the query (Q) and value (V) projection 
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layers of the attention block. These layers are known to have the biggest impact on how the model 

handles attention and focusing only on them keeps the method lightweight while still effective (Hu 

et al., 2022; Dettmers et al., 2023). A small dropout of 0.05 was added to avoid overfitting, which 

can be useful when the dataset is limited. No extra bias parameters were trained, keeping 

memory use lower. The setup was defined for causal language modeling, so it fits directly with the 

autoregressive training process. After configuration, the LoRA PEFT model setup was as follows il-

lustrated in Figure 8. 

 

Figure 8. PEFT-tuned model configuration 
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3.4.5 Training procedure 

The last step in fine-tuning is training the model. For training HF Transformers library with Trainer, 

TrainingArguments and DataCollatorWithPadding classes were used to perform the training. The 

Trainer class provides an API for training PyTorch models, and TrainingArguments allows configu-

ration of options such as batch size and learning rate. Instruction-tuned models use variable-

length inputs that combine instructions and prompts, so a DataCollator pads sequences in each 

batch to the same length, ensuring efficient processing and preventing errors(Transformers, n.d.). 

The purpose of training arguments is to configure and control the training process. Training argu-

ments allow for specifying parameters such as the number of training epochs, batch size, learning 

rate, optimization algorithms, and evaluation metrics. By adjusting these arguments, the training 

process can be fine-tuned to optimize model performance, speed up convergence, and address 

specific requirements or constraints of their task or dataset. Training arguments used in the exper-

iment are presented in Appendix 1. 

The training arguments were chosen to balance Colab’s memory limitations with efficient fine-tun-

ing of the LLM using LoRA. The batch size was set to 4 per device with gradient accumulation of 8 

steps, effectively simulating a larger batch without exceeding GPU memory. Training was run for 4 

epochs, which is sufficient for LoRA since only a small subset of parameters is updated. Mixed pre-

cision (fp16 or bf16) was enabled depending on GPU support to reduce memory usage and speed 

up training, and the optimizer was set to paged_adamw_8bit with a cosine learning rate sched-

uler. A warmup ratio of 3% and a learning rate of 2e-4 were chosen to stabilize training, with 

weight decay of 0.01 to prevent overfitting. Evaluation, logging, and checkpointing were done 

once per epoch, with only the four most recent checkpoints saved, and the best model loaded at 

the end. A DataCollatorWithPadding was used to pad variable-length inputs for efficient batching. 

Logging was integrated with Weights & Biases to track metrics, and all settings were configured to 

work efficiently within Colab’s GPU environment without automatic uploads to the Hugging Face 

Hub. 

The model was fine-tuned for four epochs with 927 training and 103 validation examples. Training 

and validation loss both decreased consistently across epochs, with validation loss stabilizing by 

the fourth epoch, according to Trainer logging outputs presented in Appendix 3 and training 
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logging diagrams by Weight and Biases presented in Appendix 4. Since the training and validation 

curves stayed close to each other, the model seems to learn generalize on the validation set and 

did not strongly overfit during the four epochs, despite the rather small training dataset.  

Intermediate checkpoints were saved after each epoch. The final checkpoint (epoch 4) achieved 

the lowest validation loss (2.3399) and was therefore selected as the best model. In the following 

section more detailed evaluation metrics are validated to define which model overall is better, not 

relying on one evaluation method. 

3.5 Model evaluation 

A comprehensive evaluation of LLMs requires the use of quantitative and qualitative methods to-

gether with fairness and bias evaluation. Performance of the fine-tuned LLaMA-3.2 1B Instruct 

model was assessed using automatic metrics and reference-based metrics as quantitative meth-

ods, and LLM-as-a-Judge and Human evaluation as qualitative methods. Bias and fairness were as-

sessed with human evaluation method. Using multiple approaches ensures a comprehensive un-

derstanding of the model’s capabilities, capturing both how well it predicts text and how useful or 

correct its outputs are in practice. 

For evaluating quantitative and qualitative methods, two different evaluation pipelines were built. 

HF evaluate library was used for quantitative evaluation, providing standardized way of computing 

evaluation metrics for NLP models. It included selected quantitative metrics BLEU, ROUGE and 

BERTScore, and worked directly with model predictions and reference. With combination of HF 

evaluation and pipeline class predictions from fine-tuned and base models were able to automati-

cally generate and assess the quality and accuracy of the model outputs. The evaluation function 

was built to automate the quantitative evaluation of a model with an evaluation dataset of 107 

examples. Predictions were generated in batches using HF Pipeline, compared against reference, 

and then computed the metrics and perplexity. Detailed record-level data and aggregated metrics 

were saved in CSV and JSON format for later phase evaluations and comparison with other results. 

For a qualitative evaluation, LLM-as-a-judge was built using Mistral 7B parameter model. Prompts 

from the evaluation dataset were fed to the Judge model. The judge prompt function was built to 

feed these prompts to the model and compare the outputs of the two models, the base model 

and the fine-tuned, based on the reference and accuracy, relevancy, clarity, and usefulness. The 
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Judge was instructed to provide short explanation, two to three sentences long, followed by a sin-

gle, clearly formatted final decision (Model A, Model B, Tie). During evaluation, the model outputs 

were randomly assigned to A or B to avoid bias. All judgments, including prompt, reference, model 

outputs, raw judge response, and extracted decision, were saved in both JSON and CSV format for 

reproducibility. 

To assess bias in both the base and fine-tuned models, a human evaluation study was conducted 

using prompts from the BOLD dataset (Dhamala et al., 2021), which contains stereotype-sensitive 

contexts across multiple social dimensions. From the dataset, five prompts were randomly se-

lected from five distinct domains: race, gender, profession, politics, and religion. Each prompt was 

paired with the corresponding model outputs generated by the base and fine-tuned models. Out-

puts were evaluated along four dimensions: bias presence (Yes/No), bias type (race, gender, reli-

gion, politics, profession), bias severity (1 = mild, 2 = moderate, 3 = strong), and sentiment toward 

the target group (−1 = negative, 0 = neutral, +1 = positive). Optional notes were also collected to 

justify ratings or highlight subtle biases. This design enabled a side-by-side comparison of the two 

models, facilitating measurement of whether fine-tuning reduced or amplified bias across differ-

ent social domains. 
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4 Research Findings / Results 

4.1 Perplexity and Loss 

Perplexity over epochs is illustrated in Table 3 and Figure 9. From these can be seen that, during 

the fine-tuning, in the first epoch model achieved a perplexity of 7,786, slightly lower than the 

base model perplexity of 8,008. This can be interpreted as the model may have adapted quickly to 

the task-specific patterns of the dataset. In the following epochs, perplexity increased slightly and 

eventually stabilized at 8,089 by the fourth epoch. This suggests that the initial improvement may 

reflect overfitting to the small dataset, while later epochs allowed the model to generalize, result-

ing in performance slightly above the base model. Since there is no exact perplexity value that can 

state if the value is considered good or bad, the values can only be compared to each other. The 

base model’s perplexity, between the first and later fine-tuned epochs, shows it performs moder-

ately. Without fine-tuning, it doesn’t learn task-specific patterns or overfit, making it a solid gen-

eral reference for comparison. The differences in the perplexity values of the models are rather 

small, with accuracy varying between 8.13-7.78, will make the evaluation of the best model based 

on perplexity value challenging. 

Table 3 LoRA finetuned model perplexity across epochs 

Epoch (Model) Perplexity 

0 (Base model) 8.008777 

1 (Fine-tuned) 7.786291 

2 (Fine-tuned) 8.136498 

3 (Fine-tuned) 8.094680 

4(Fine-tuned) 8.089763 
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Figure 9. LoRA fine-tuned model Perplexity across epochs 

The behaviour of the training and validation loss was described in Section 3.3.5. Training and 

validation loss over epochs are presented in Table 4. In brief, the training and validation curves 

remained close throughout the four epochs, suggesting that the model was able to generalize well 

to the validation set and did not express strong overfitting, despite the relatively small training 

dataset. This observation is consistent with the progression of perplexity reported earlier. 

Table 4 LoRA fine-tuned model training and validation loss across epochs 

Epoch Training Loss Validation loss 

1 2.631400 2.388829 

2 2.357000 2.348221 

3 2.333300 2.340531 

4 2.329100 2.339885 
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4.2 BLEU, ROUGE, and BERTScore 

The models were evaluated using ROUGE-L, BLEU, and BERT F1 metrics (Table 5), which were de-

scribed in earlier section 2.4.1 in theory. The base model (Epoch 0) achieved a ROUGE-L of 0.1305, 

BLEU of 0.0254, and BERT F1 of 0.8209. Fine-tuning over four epochs gradually improved ROUGE-L 

and BLEU, reaching the highest scores at the fourth epoch (ROUGE-L 0.1310, BLEU 0.0339). These 

trends are illustrated in Figure 10, which shows the development of all metrics across epochs, in-

cluding the base model for comparison. These metrics show that the fine-tuned model creates 

text that is closer to the reference. Its word choices and phrases are more similar, which means 

the model output matches better in the style and content of the reference text. At the same time, 

BERT F1 decreased slightly, indicating a small drop in overall meaning or semantic similarity. Over-

all, this indicates a trade-off: the fourth epoch fine-tuned model achieves the best overlap with 

reference outputs, while the base model retains slightly stronger semantic consistency.  

Table 5. Base model and LoRA finetuned model quantitative evaluation metrics across epochs 

Epoch (Model) ROUGE-L BLEU BERT-F1 

0 (Base model) 0.130 

0.125 

0.025 0.821 

1 (Fine-tuned) 0.125 0.028 0.819 

2 (Fine-tuned) 0.126 0.034 0.818 

3 (Fine-tuned) 0.127 0.033 0.818 

4 (Fine-tuned) 0.131 0.034 0.818 
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Figure 10. LoRA fine-tuned model BLEU, ROUGE, and BERT scores across epochs 

4.3 LLM-as-a-Judge Evaluation 

The evaluation dataset, consisting of 107 prompts, was fed into to base and fine-tuned model se-

quentially, and in case both models were able to generate output were stored into the same out-

put file. The number of successful outputs varied across epochs, eventually settling at approxi-

mately 98–100 as presented in Figure 11. 
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Figure 11. Prompts where Base and Fine-tuned models generated outputs 

The successful raw outputs and judgments from the Judge model were saved in a CSV file. An au-

tomatic process attempted to determine whether the Judge could produce a single final decision. 

Despite pre-testing and tuning the judge model parameters, the Judge did not always succeed. If it 

failed to produce a final decision or returned multiple decisions, the result was considered an inva-

lid decision. 

The automatic detection built to detect the final decision automatically from the Judge´s decisions 

did not fully work, so final decision outputs were post-processed to identify all invalid cases. Dur-

ing this validation, several patterns in the Judge’s behavior were observed.  

Sometimes, the Judge’s decisions were missing reasoning for one or both models, or for the out-

put as a whole. In other cases, multiple final decisions were returned. Occasionally, the output to-

ken length was insufficient to provide a complete final decision, or the Judge suggested repeating 

the reference prompt. These observations indicate that the pre-tuning of Judge parameters was 

not fully effective, and there is room for further improvement. 

When evaluating valid outputs using the LLM-as-a-judge method, the base model was consistently 

preferred over the fine-tuned version across all four epochs, with preference rates ranging from 

41% to 47% as presented in Figure 12.  
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Figure 12. Judge model preferences over epochs 

The fine-tuned model achieved lower preference rates (16–23%), and ties remained rare (7–11%). 

Quantitative evaluation suggested that 4th epoch fine-tuned model was the strongest one but in 

judge evaluation it didn´t outperform better than lower epoch fine-tuned models; in fact, it was 

the lowest performing model with a 16% win rate over the base model 46,9%. This indicates that 

even on familiar data, the fine-tuned model did not consistently generate outputs judged as 

higher quality than the base model. Several reasons may explain this outcome. First, the base 

model is already instruction-tuned and capable of producing coherent responses, leaving limited 

room for improvement. Second, LoRA fine-tuning, which updates only a small subset of parame-

ters, may limit the model’s ability to leverage the dataset fully. Third, fine-tuning can sometimes 

result in overfitting to the training examples or catastrophic forgetting of previously learned gen-

eral knowledge, leading to outputs that the judge model prefers less. The last explanation seems 

less obvious based on observations from both models´ outputs during the human evaluation 

phase and previous quantitative evaluations. Unstable behavior in outputs and hallucination was 

detected both base and fine-tuned model outputs, which can be explained by the rather small 

model size, only 1B parameters. Overall, fine-tuning may improve some conversational nuances, 

but the LLM-as-a-judge evaluation indicates it did not reliably improve output quality, even on 

data taken from the training set. 
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4.4 Human Evaluation 

Human evaluation was executed for the 4-epoch model, which demonstrated the best perfor-

mance based on the quantitative results presented in Sections 4.1 and 4.3. Because human evalu-

ation is time-consuming, it was not feasible to perform it for all epochs. Therefore, this empirical 

assessment focused only on the 4-epoch fine-tuned model and base model comparison. 

The human evaluation judgments were stored in the same file as the original Judge results. Rea-

soning in some cases was documented to identify potential patterns in how fine-tuning affected 

the model’s outputs compared to the base model. During the human evaluation, all information 

about the Judge’s answers, reasoning, and model types was hidden to prevent bias and ensure 

that the evaluator could not tell whether an output originated from the fine-tuned or base model. 

Instances where Judge evaluation produced invalid judgments, it was of interest to see how these 

cases related to human evaluations and that could explain the poor success of the fine-tuned 

model on LLM-as-a-judge evaluation. Special interest was, how often humans favored the base or 

fine-tuned model in those situations. The distribution, shown in Figure 13, indicates that human 

evaluators also preferred the base model outputs more often than those of the fine-tuned model, 

which is consistent with the overall results. Human vs. Judge heatmap in Figure 14. reveals that 

invalid judgments appeared in all human evaluation categories but were most common when hu-

mans favored the base model (13 cases), followed by the fine-tuned model (10 cases) and ties (4 

cases). 
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Figure 13. Human vs. LLM-as-a-judge decision distribution and agreement, including judge invalid 

decisions 

Since both human and LLM-as-a-judge evaluations generally preferred the base model, it is not 

surprising that the largest number of invalid judgments occurred in cases where humans favored 

the base model. The pattern of invalids likely reflects the overall distribution of preferences rather 

than a specific difficulty in evaluating base model outputs. Because invalid responses from the 

judge were included in the evaluation, the overall agreement percentage was relatively low at 

34.7%. Next, invalid responses were removed to be more clearly seen what the Human vs. Judge 

agreement level is because in human evaluation, invalids didn´t exist. Evaluation of the valid re-

sponses is presented next. 

After removing invalid judgments, 71 valid comparisons were analyzed, resulting in an increased 

agreement of 47.9% between human evaluations and the LLM-as-a-judge, up from 34.7% when 

invalids were included. The confusion matrix and decision distribution for valid judgments are 

shown in Figure 14. Humans still preferred the base model most often, with the fine-tuned model 

less favored and ties remaining rare. These results confirm the overall pattern observed previ-

ously: the base model is generally preferred by both evaluators. Removing invalids clarifies the 

comparison, but the moderate agreement also indicates that human and LLM-as-a-judge evalua-

tions do not fully align, highlighting limitations in automated judging even for valid outputs. 
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Figure 14. Human vs. LLM-as-a-judge decision distribution and agreement, only valid decisions 

included 

4.5 Bias Evaluation 

To assess bias in both the base and fine-tuned models, and have clarification to the third research 

question, what is the impact of the fine-tuning process on the fairness and bias of the model, a 

bias evaluation was conducted using prompts from the BOLD dataset (Dhamala et al., 2021), which 

contains stereotype-sensitive contexts across multiple social dimensions. From the dataset, five 

prompts were randomly selected from five distinct domains: race, gender, profession, politics, and 

religion. Each prompt was paired with the corresponding model outputs generated by the base 

and fine-tuned models. Outputs were evaluated along four dimensions: bias presence (Yes/No), 

bias type (race, gender, religion, politics, profession), bias severity (1 = mild, 2 = moderate, 3 = 

strong), and sentiment toward the target group (−1 = negative, 0 = neutral, 1 = positive). This 

demonstration enabled a side-by-side comparison of the two models, revealing whether fine-tun-

ing reduced or increased bias across different social domains. Dataset prompts, reference answers 

from wiki, model outputs, and evaluation results are presented in Appendix 5. 
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The results, presented in Table 6, indicate that the fine-tuning process reduced both the frequency 

and severity of biased outputs. The base model presented mild to strong bias across professional, 

gender, political, and racial dimensions, often together with negative sentiment. After fine-tuning, 

bias was observed only in gender and profession, both remaining mild, while outputs previously 

associated with political and racial bias were eliminated. The existence of biased behavior, espe-

cially on a base model with such a small sample size, was a surprise, since the experience from 

larger LLMs like ChatGPT is opposite. This can, however, be explained by the model's relatively 

small size and tendency to hallucinate, as detected when evaluating the model’s outputs. 

Table 6. Base and Fine-tuned model bias comparison 

Bias Type Base Model Fine-tuned Model Change 

Profession Mild (1) Mild (1) No change 

Gender Mild (1) Mild (1) No change, but senti-

ment improved 

Political Moderate (2) None Reduced 

Race Strong(3) None Strongly reduced 

 

The bias evaluation indicates that the fine-tuning process reduces both the presence and severity 

of bias in the model. After fine-tuning, many of these biases were eliminated, and the remaining 

outputs showed neutral or positive sentiment. Out of the total evaluated samples, most outputs 

(over 90%) were non-biased, and a similarly high proportion exhibited neutral sentiment, demon-

strating that fine-tuning not only mitigates bias but also improves the overall tone of the model’s 

responses. These results suggest that fine-tuning can reduce biased outputs and make the model´s 

responses fairer. 
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5 Ethicality and reliability of the research 

All the data used in the thesis is openly available and downloadable from HF platform and reposi-

tories, including the training dataset and the fine-tuned model. Dataset, used in the thesis work 

won´t include any sensitive information e.g. personal data, business, or classified information that 

would require special data processing. The thesis work was conducted in a reproducible manner, 

and the outcomes will be published either in Huggingface. co platform e.g. fine-tuned models, 

weights, and source code or part of the thesis and appendices. The outcomes of the research will 

be detailed in the thesis which will be published in the Theseus portal. By openly sharing the mod-

els, source code, and accessible datasets used, the results can be easily replicated by others, en-

suring the reliability of the documented findings.  

The publisher of the base model used in the thesis work states that large language model reflects 

the biases inherent to the systems they were trained on, and it´s not recommended to use the 

models or re-developed models from then in the applications that interact with humans unless the 

deployer carries out studies of biases in the intended use-case. The intention is to evaluate what 

the fine-tuned model´s bias metrics are and that the results haven´t gotten worse compared to 

the base model or the full fine-tuned model.  

The environmental impact of developing and training LLMs needs to be considered and not over-

looked. As models become bigger and more widely used, they require substantial computational 

resources, resulting in increased energy consumption and associated carbon emissions. Fine-tun-

ing an existing base model instead of creating a new one from the ground up allows for the utiliza-

tion of previous efforts, thereby diminishing environmental impact. The factors affecting the car-

bon footprint of LLM models are hardware, training data, model architecture, training duration, 

and the location of data centers. (The Carbon Impact of Large Language Models, n.d.). With PEFT 

method, the size of the developed model can be downsized, which leads to a simpler model archi-

tecture and training time. The finetuning and evaluation of the model will be conducted in a 

Google Colaboratory environment in Google´s cloud servers. Google states in the 2025 Environ-

mental report that it has maintained a 100% renewable energy match on a global basis every year 

since 2017, and is further pursuing 24/7 carbon-free energy (CFE) by 2030. 
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6 Conclusion 

6.1 Summary 

This thesis investigated whether fine-tuning the LLaMA 3.2 1B instruction model using the GAIR & 

Lima conversational dataset with PEFT method (LoRA) could improve output quality compared to 

the base instruction-tuned model. Pre-expectations based on research conducted earlier set the 

expectations high that the quality would improve, but this was proven wrong. Across multiple 

epochs, both human and LLM-as-a-judge evaluations consistently favored the base model, with 

preference rates ranging from 41% to 47%, while the fine-tuned model was less preferred (16–

23%), and ties remained rare. The agreement between human and judge remained relatively low 

47,9%, compared to 34,7% before invalid responses from judge evaluation were removed, with 

the overall preference pattern remaining unchanged. These results indicate that fine-tuning did 

not reliably enhance output quality, even on data derived from the training set. Several factors 

may explain this outcome, including the base model’s already strong instruction-following ability 

and the limited parameter updates during fine-tuning. The experiment demonstrates that fine-

tuning methods like LoRA may not consistently improve outputs for already instruction-tuned 

small models with a similar type of dataset. Careful dataset design, evaluation methodology, and 

consideration of model capacity are essential for achieving meaningful improvements in conversa-

tional performance. 

In contrast, bias evaluation indicated that the fine-tuning process could reduce both the frequency 

and severity of biased outputs of the model. After fine-tuning, many of the biased responses were 

reduced in severity or removed completely. Improvements were also detected in the output senti-

ment; the fine-tuned model outputs were more neutral or positive compared to the base model.  

The experiment didn´t fully answer the research question related to what the optimal dataset size 

for fine-tuning LLMs is and how it influences the model´s performance. The available computer re-

sources limited the selection of LLMs used for the experiment to only smaller-scale LLMS. This, to-

gether with a small dataset size, the optimal dataset size could not be detected because with the 

full size of the experiment dataset, improvement could not be achieved, and the base model was 

evaluated to succeed best in all evaluations. If the original dataset selected for experiments had 

been bigger, the results may have been better for the fine-tuned model. 
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The effect of optimizer selection on computational requirements was left unexamined in the ex-

periments. However, the biggest impact was observed from PEFT fine-tuning, which reduced the 

trainable parameters, together with model quantization. Without these actions, the computer 

memory and disk limits were exceeded during the training process, causing out-of-memory issues. 

6.2 Limitations 

This study has several limitations. The GAIR/Lima dataset is relatively small, which may limit the 

generalizability of fine-tuning effects. Smaller models, like LLaMA 3.2 1B, may not have general-

ized as well as larger LLMs and make it difficult to assess the true scalability or robustness of the 

PEFT methods. Therefore, the results expressed in the thesis might not transfer to larger models. 

The LLM-as-a-judge evaluation was conducted using a basic Mistral 7B parameter model, which 

was not fine-tuned for the judging task. Its behavior was guided only by rules specifying how judg-

ments should be carried out, rather than by prior training on judgment tasks. As a result, the judge 

may not fully replicate human preferences, as indicated by moderate agreement even among valid 

judgments, and this approach may be less efficient and reliable than using models specifically fine-

tuned for evaluation. Additionally, LoRA updates only a subset of model parameters, which may 

restrict the model’s ability to utilize the training data fully. 

6.3 Future research 

Experiments conducted in this thesis were limited in the size of the dataset and model in use. Fu-

ture work could explore larger or more diverse instruction datasets together with larger LLMs and 

alternative or hybrid fine-tuning approaches that are emerging, not only one fine-tune method at 

a time. Adjusting PEFT configurations or testing other parameter-efficient methods may also help 

achieve measurable improvements. For more accurate evaluation and alignment with human eval-

uation, larger LLMs are favored to be used as a LLM-as-a-judge. These directions could provide 

more reliable insights into when and how fine-tuning enhances instruction-following behavior in 

pre-trained language models. 
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Appendices 

Appendix 1. Training dataset samples before and after tokenization 

Sample from the training dataset before tokenization 

{'conversations': ['Please help me plan my vacation. \nI will have 2 days to spend in Washington DC.', "Washington DC 

is a great city to visit steeped in history and culture. You can definitely see a lot in two days. Here are some sugges-

tions for your two-day itinerary:\n\nDay 1:\n\n*  Sightseeing guideline: White House (1 hour) → Washington Monu-

ment (1 hour) → National WWII Memorial (1 hour) → Lincoln Memorial (1 hour) → Jefferson Memorial (0.5 

hours)\nThe first day’s tour begins from the iconic White House, where visitors can explore the historic and cultural 

heart of American politics by visiting the monuments, Lincoln Memorial, Jefferson Memorial, and the beautiful Tidal 

Basin.\n*  Traffic guideline:  Due to the concentration of attractions, most of the attractions are within walking dis-

tance.\n*  Catering Guideline: Around the White House and Capitol Hill, there are fewer options, with fast food res-

taurants being predominant, but there are also some unique restaurants offering Mediterranean, Asian, and other 

international cuisines worth trying.\n\nWith extensive routes covering the entire city, riding the metro is the best op-

tion for getting around, with peak fares ranging from $2.15 to $5.90, and off-peak fares ranging from $1.75 to $3.60. 

Tourists can also purchase a One Day Pass ($14 per ticket) at any metro station, which is valid for both metro and 

buses.\n\n\nDay 2:\n\n*  Sightseeing guideline: Smithsonian National Museum of Natural History (2 hours) → Na-

tional Gallery of Art (2 hours) → Smithsonian National Air and Space Museum (2 hours) → U.S. Capitol (1 hour)\nOn 

the second day, visit some of Washington D.C.'s most famous museums to experience nature, history, art, and aero-

space technology in an all-encompassing way, and then proceed to the majestic U.S. Capitol, the highest legislative 

body.\n*  Traffic guideline: All of the sites on the second day are within walking distance.  Tourists can also purchase a 

One Day Pass ($14 per ticket) at any metro station, which is valid for both metro and buses.\n*  Catering Guideline: As 

a diverse metropolis and political center, Washington D.C. offers a wide range of dining options. You can visit the 

Northwest areas such as Georgetown, Dupont Circle, and Adams Morgan where the majority of restaurants are lo-

cated.\n\nIn general, the attractions in Washington D.C. are very concentrated, and most of them are within walking 

distance of each other, making it very convenient. Additionally, most of the attractions do not require tickets, but 

some may have strict security checks, so be mindful of the items you carry. In spring, you can also enjoy the beautiful 

cherry blossoms in Washington D.C.."], 'source': 'authors'} 

Sample from the test dataset 

{'conversations': ['Plan a day trip in Tokyo. The spots need to be within walking distance to each other.'], 'source': ''} 
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Sample from the training dataset after tokenization and removing the original columns: conversa-

tions and source 

'input_ids': tensor([128000, 128000, 128006, 9125, 128007, 271, 38766, 1303, 33025, 2696, 25, 6790, 220, 2366, 18, 

198, 15724, 2696, 25, 220, 1114, 17907, 220, 2366, 20, 271, 128009, 128006, 882, 128007, 271, 5618, 1520, 757, 

3197, 856, 20769, 13, 720, 40, 690, 617, 220, 17, 2919, 311, 8493, 304, 6652, 11162, 13, 128009, 128006, 78191, 

128007, 271, 39231, 11162, 374, 264, 2294, 3363, 311, 4034, 32366, 291, 304, 3925, 323, 7829, 13, 1472, 649, 8659, 

1518, 264, 2763, 304, 1403, 2919, 13, 5810, 527, 1063, 18726, 369, 701, 1403, 11477, 74004, 1473, 10369, 220, 16, 

1473, 9, 220, 66437, 66154, 73545, 25, 5929, 4783, 320, 16, 6596, 8, 11651, 6652, 72377, 320, 16, 6596, 8, 11651, 

5165, 61130, 27872, 320, 16, 6596, 8, 11651, 25379, 27872, 320, 16, 6596, 8, 11651, 34644, 27872, 320, 15, 13, 20, 

4207, 340, 791, 1176, 1938, 753, 7364, 12302, 505, 279, 27373, 5929, 4783, 11, 1405, 15613, 649, 13488, 279, 18526, 

323, 13042, 4851, 315, 3778, 11759, 555, 17136, 279, 63003, 11, 25379, 27872, 11, 34644, 27872, 11, 323, 279, 6366, 

350, 26966, 61358, 627, 9, 220, 38081, 73545, 25, 220, 24586, 311, 279, 20545, 315, 39591, 11, 1455, 315, 279, 

39591, 527, 2949, 11689, 6138, 627, 9, 220, 61236, 287, 12433, 4939, 25, 33916, 279, 5929, 4783, 323, 32633, 8270, 

11, 1070, 527, 17162, 2671, 11, 449, 5043, 3691, 15926, 1694, 96531, 11, 719, 1070, 527, 1101, 1063, 5016, 15926, 

10209, 38785, 11, 14875, 11, 323, 1023, 6625, 31547, 1572, 5922, 4560, 382, 2409, 16781, 11543, 18702, 279, 4553, 

3363, 11, 20427, 279, 34582, 374, 279, 1888, 3072, 369, 3794, 2212, 11, 449, 16557, 70318, 24950, 505, 400, 17, 13, 

868, 311, 400, 20, 13, 1954, 11, 323, 1022, 12, 23635, 70318, 24950, 505, 400, 16, 13, 2075, 311, 400, 18, 13, 1399, 13, 

14986, 1705, 649, 1101, 7782, 264, 3861, 6187, 10175, 1746, 975, 824, 11989, 8, 520, 904, 34582, 8216, 11, 902, 374, 

2764, 369, 2225, 34582, 323, 34480, 4286, 10369, 220, 17, 1473, 9, 220, 66437, 66154, 73545, 25, 89289, 5165, 

16730, 315, 18955, 11346, 320, 17, 4207, 8, 11651, 5165, 19853, 315, 5277, 320, 17, 4207, 8, 11651, 89289, 5165, 

6690, 323, 11746, 16730, 320, 17, 4207, 8, 11651, 549, 815, 13, 32633, 320, 16, 6596, 340, 1966, 279, 2132, 1938, 11, 

4034, 1063, 315, 6652, 423, 732, 3238, 82, 1455, 11495, 51677, 311, 3217, 7138, 11, 3925, 11, 1989, 11, 323, 78164, 

5557, 304, 459, 682, 21430, 31929, 287, 1648, 11, 323, 1243, 10570, 311, 279, 81389, 549, 815, 13, 32633, 11, 279, 

8592, 27743, 2547, 627, 9, 220, 38081, 73545, 25, 2052, 315, 279, 6732, 389, 279, 2132, 1938, 527, 2949, 11689, 

6138, 13, 220, 14986, 1705, 649, 1101, 7782, 264, 3861, 6187, 10175, 1746, 975, 824, 11989, 8, 520, 904, 34582, 

8216, 11, 902, 374, 2764, 369, 2225, 34582, 323, 34480, 627, 9, 220, 61236, 287, 12433, 4939, 25, 1666, 264, 17226, 

2322, 55422, 323, 5054, 4219, 11, 6652, 423, 732, 13, 6209, 264, 7029, 2134, 315, 18397, 2671, 13, 1472, 649, 4034, 

279, 40505, 5789, 1778, 439, 66039]), 'attention_mask': tensor([1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 
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1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 

1]), 'labels': tensor([128000, 128000, 128006, 9125, 128007, 271, 38766, 1303, 33025, 2696, 25, 6790, 220, 2366, 18, 

198, 15724, 2696, 25, 220, 1114, 17907, 220, 2366, 20, 271, -100, 128006, 882, 128007, 271, 5618, 1520, 757, 3197, 

856, 20769, 13, 720, 40, 690, 617, 220, 17, 2919, 311, 8493, 304, 6652, 11162, 13, -100, 128006, 78191, 128007, 271, 

39231, 11162, 374, 264, 2294, 3363, 311, 4034, 32366, 291, 304, 3925, 323, 7829, 13, 1472, 649, 8659, 1518, 264, 

2763, 304, 1403, 2919, 13, 5810, 527, 1063, 18726, 369, 701, 1403, 11477, 74004, 1473, 10369, 220, 16, 1473, 9, 220, 

66437, 66154, 73545, 25, 5929, 4783, 320, 16, 6596, 8, 11651, 6652, 72377, 320, 16, 6596, 8, 11651, 5165, 61130, 

27872, 320, 16, 6596, 8, 11651, 25379, 27872, 320, 16, 6596, 8, 11651, 34644, 27872, 320, 15, 13, 20, 4207, 340, 791, 

1176, 1938, 753, 7364, 12302, 505, 279, 27373, 5929, 4783, 11, 1405, 15613, 649, 13488, 279, 18526, 323, 13042, 

4851, 315, 3778, 11759, 555, 17136, 279, 63003, 11, 25379, 27872, 11, 34644, 27872, 11, 323, 279, 6366, 350, 26966, 

61358, 627, 9, 220, 38081, 73545, 25, 220, 24586, 311, 279, 20545, 315, 39591, 11, 1455, 315, 279, 39591, 527, 2949, 

11689, 6138, 627, 9, 220, 61236, 287, 12433, 4939, 25, 33916, 279, 5929, 4783, 323, 32633, 8270, 11, 1070, 527, 

17162, 2671, 11, 449, 5043, 3691, 15926, 1694, 96531, 11, 719, 1070, 527, 1101, 1063, 5016, 15926, 10209, 38785, 

11, 14875, 11, 323, 1023, 6625, 31547, 1572, 5922, 4560, 382, 2409, 16781, 11543, 18702, 279, 4553, 3363, 11, 

20427, 279, 34582, 374, 279, 1888, 3072, 369, 3794, 2212, 11, 449, 16557, 70318, 24950, 505, 400, 17, 13, 868, 311, 

400, 20, 13, 1954, 11, 323, 1022, 12, 23635, 70318, 24950, 505, 400, 16, 13, 2075, 311, 400, 18, 13, 1399, 13, 14986, 

1705, 649, 1101, 7782, 264, 3861, 6187, 10175, 1746, 975, 824, 11989, 8, 520, 904, 34582, 8216, 11, 902, 374, 2764, 

369, 2225, 34582, 323, 34480, 4286, 10369, 220, 17, 1473, 9, 220, 66437, 66154, 73545, 25, 89289, 5165, 16730, 315, 

18955, 11346, 320, 17, 4207, 8, 11651, 5165, 19853, 315, 5277, 320, 17, 4207, 8, 11651, 89289, 5165, 6690, 323, 

11746, 16730, 320, 17, 4207, 8, 11651, 549, 815, 13, 32633, 320, 16, 6596, 340, 1966, 279, 2132, 1938, 11, 4034, 

1063, 315, 6652, 423, 732, 3238, 82, 1455, 11495, 51677, 311, 3217, 7138, 11, 3925, 11, 1989, 11, 323, 78164, 5557, 

304, 459, 682, 21430, 31929, 287, 1648, 11, 323, 1243, 10570, 311, 279, 81389, 549, 815, 13, 32633, 11, 279, 8592, 

27743, 2547, 627, 9, 220, 38081, 73545, 25, 2052, 315, 279, 6732, 389, 279, 2132, 1938, 527, 2949, 11689, 6138, 13, 

220, 14986, 1705, 649, 1101, 7782, 264, 3861, 6187, 10175, 1746, 975, 824, 11989, 8, 520, 904, 34582, 8216, 11, 902, 

374, 2764, 369, 2225, 34582, 323, 34480, 627, 9, 220, 61236, 287, 12433, 4939, 25, 1666, 264, 17226, 2322, 55422, 

323, 5054, 4219, 11, 6652, 423, 732, 13, 6209, 264, 7029, 2134, 315, 18397, 2671, 13, 1472, 649, 4034, 279, 40505, 

5789, 1778, 439, 66039])  
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Appendix 2. Fine-tuning code 

!pip install evaluate 

!pip install --upgrade huggingface_hub 

!pip install --upgrade transformers 

!pip install datasets==3.6.0 

!pip install -i https://pypi.org/simple/ bitsandbytes 

!pip install accelerate 

!pip install peft 

 

# Mount Google Drive 

 

from google.colab import drive 

import os 

drive.mount('/content/drive') 

 

#rederict HuggingFace cache to Drive so it´s not redownloaded each time 

os.environ["HF_HOME"]= "/content/drive/MyDrive/huggingface_cache" 

 

#Login Huggingface 

 

from huggingface_hub import login 

 

with open("/content/drive/MyDrive/hf_token.txt") as f: 

    hf_token = f.read().strip() 

 

from huggingface_hub import login 

login(token=hf_token) 

 

from datasets import load_dataset 

from transformers import AutoTokenizer, AutoModelForCausalLM, pipeline 

from tqdm import tqdm 

import torch, re, json, pandas as pd 

 

#create project folders 

 

project_path = "/content/drive/MyDrive/Thesis/llama321binst_lora" 

checkpoint_path = f"{project_path}/checkpoints" 

final_model_path = f"{project_path}/models" 

 

#Load LIMA evaluation dataset 

 

from datasets import load_from_disk 

 

dataset_drive_path = "/content/drive/MyDrive/Thesis/lima_dataset" 

 

lima_datasets = load_from_disk(dataset_drive_path) 
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#Explore the Lima dataset features 

lima_datasets.num_rows 

 

#Explore example token from train data 

lima_dataset_train=lima_datasets["train"] 

lima_dataset_train[15] 

 

from transformers import BitsAndBytesConfig 

import torch 

 

device = 0 if torch.cuda.is_available() else -1 

 

#Define 4-bit configuration for memory efficiency 

 

bnb_config = BitsAndBytesConfig( 

    load_in_4bit=True, 

    bnb_4bit_compute_dtype=torch.float16, 

    bnb_4bit_use_double_quant=True, 

    bnb_4bit_quant_type="nf4" 

#load base model Llama 3.2 1B instruct 

 

#Set the device argument 

device=torch.device("cuda" if torch.cuda.is_available() else "cpu") 

 

model_path="/content/drive/MyDrive/Thesis/llama321binst" 

 

#Load base model, in order to save memory it can be defined if 4-bit is used 

or not 

 

use_4bit_base_model = True  # Select depending on the GPU memory in use, 

True if you have less and False if you have more 

 

if use_4bit_base_model: 

    tokenizer = AutoTokenizer.from_pretrained(model_path, cache_dir=os.envi-

ron["HF_HOME"]) 

    model = AutoModelForCausalLM.from_pretrained( 

        model_path, 

        device_map="auto", 

        quantization_config=bnb_config, 

        dtype=torch.float16, 

        cache_dir=os.environ["HF_HOME"] 

    ) 

else: 

    tokenizer = AutoTokenizer.from_pretrained(model_path, cache_dir=os.envi-

ron["HF_HOME"]) 

    model = AutoModelForCausalLM.from_pretrained( 

        model_path, 

        device_map="auto", 

        dtype=torch.float16, 
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        cache_dir=os.environ["HF_HOME"] 

    ) 

 

tokenizer.pad_token = tokenizer.eos_token 

 

print(model) 

 

def tokenize_function(batch, max_length=512): 

    input_ids_batch = [] 

    attention_mask_batch = [] 

    labels_batch = [] 

 

    for conversation_list in batch["conversations"]: 

        # Format conversation 

        formatted_chat = [] 

        for i, turn_text in enumerate(conversation_list): 

            role = "user" if i % 2 == 0 else "assistant" 

            formatted_chat.append({"role": role, "content": turn_text}) 

 

        # 1. Apply template → single string 

        chat_text = tokenizer.apply_chat_template( 

            formatted_chat, 

            tokenize=False,   # get plain text string 

            add_generation_prompt=False 

        ) 

 

        # 2. Tokenize the string normally 

        tokenized = tokenizer( 

            chat_text, 

            truncation=True, 

            padding="max_length", 

            max_length=max_length 

        ) 

 

        input_ids = tokenized["input_ids"] 

        attention_mask = tokenized["attention_mask"] 

        labels = input_ids.copy() 

 

        # 3. Masking logic (simplified for now: train on everything) 

        labels = [-100 if tok == tokenizer.pad_token_id else tok for tok in 

labels] 

 

        input_ids_batch.append(input_ids) 

        attention_mask_batch.append(attention_mask) 

        labels_batch.append(labels) 

 

    return { 

        "input_ids": input_ids_batch, 

        "attention_mask": attention_mask_batch, 

        "labels": labels_batch 
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    } 

 

#Tokenize the dataset, connects to the padding method 

 

tokenized_lima_datasets = lima_datasets.map( 

    lambda batch: tokenize_function(batch, max_length=512), 

    batched=True, 

    remove_columns=["conversations","source"] 

 

print(tokenized_lima_datasets['train'][15]) 

 

tokenized_lima_datasets.column_names 

 

#Configure PEFT method to specify how LoRa should be applied 

 

from peft import LoraConfig, get_peft_model 

 

config = LoraConfig( 

    r=8, 

    lora_alpha=16, 

    target_modules=["q_proj", 

        #self_attn.k_proj"], 

        "v_proj"], 

        #"self_attn.o_proj", 

        #"mlp.gate_proj", 

        #"mlp.up_proj", 

        #"mlp.down_proj"], 

    lora_dropout=0.05, 

    bias="none", 

    task_type="CAUSAL_LM" 

) 

model_peft = get_peft_model(model, config) 

model_peft.print_trainable_parameters() 

model_peft.enable_input_require_grads() 

 

#Define the custom collator 

import torch 

from transformers import PreTrainedTokenizerBase 

from typing import List, Dict, Any 

 

class DataCollatorForCausalLMWithMasking: 

    def __init__(self, tokenizer: PreTrainedTokenizerBase): 

        self.tokenizer = tokenizer 

 

    def __call__(self, features: List[Dict[str, Any]]) -> Dict[str, 

torch.Tensor]: 

        # helper: convert whatever to long tensor 

        def to_long_tensor(x): 

            if isinstance(x, torch.Tensor): 

                t = x 
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            else: 

                t = torch.as_tensor(x) 

            return t.long() 

 

        input_ids = torch.stack([to_long_tensor(f["input_ids"]) for f in 

features]) 

        attention_mask = torch.stack([to_long_tensor(f["attention_mask"]) 

for f in features]) 

        labels = torch.stack([to_long_tensor(f["labels"]) for f in fea-

tures]) 

 

        return {"input_ids": input_ids, "attention_mask": attention_mask, 

"labels": labels} 

 

#Wandb installation 

!pip install wandb 

 

#Login to wandb for logging training 

import wandb 

wandb.init(project="thesis", group="lora", name="llama321binst_lora") 

wandb.login() 

 

 

from transformers import Trainer, TrainingArguments, get_linear_sched-

ule_with_warmup, DataCollatorWithPadding 

import torch 

from torch.optim import AdamW 

 

#Define training arguments 

 

training_args = TrainingArguments( 

    output_dir=checkpoint_path, 

    overwrite_output_dir=True,  

 

    #Batch and accumulation 

    per_device_train_batch_size=4,  

    per_device_eval_batch_size=4, 

    gradient_accumulation_steps=8,  # Accumulate gradients to simulate 

larger batch size 

    dataloader_num_workers=2,       

 

    #Epochs and steps 

    num_train_epochs=4, 

    max_steps=-1,                    

 

    #Evaluation and logging 

    eval_strategy="epoch", 

    logging_strategy="epoch", 

    save_strategy="epoch", 
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    save_total_limit=4, 

 

     #Precision and optimisation 

    fp16= not torch.cuda.is_bf16_supported(), 

    bf16= torch.cuda.is_bf16_supported(), 

    gradient_checkpointing=False 

    optim="paged_adamw_8bit",        

    lr_scheduler_type="cosine",       

    warmup_ratio=0.03,               # ~3% warmup (common in LoRA researchs) 

    learning_rate=2e-4,              # LoRA sweet spot: 2e-4 – 5e-4 

    weight_decay=0.01,              

  

    #Logging and reporting 

    report_to="wandb", #enable wandb to monitor training 

    run_name="llama321b_lora", #run name in wandb tracking the training 

    logging_dir=f"{project_path}/logs", 

    load_best_model_at_end=True,  # Load the best model when finished train-

ing 

    metric_for_best_model="loss", 

    greater_is_better=False, 

    push_to_hub=False 

) 

 

# Define the Data Collator 

data_collator = DataCollatorWithPadding(tokenizer=tokenizer) 

 

# Define the Trainer 

trainer = Trainer( 

    model=model_peft, 

    args=training_args, 

    train_dataset=tokenized_lima_datasets['train'], 

    eval_dataset=tokenized_lima_datasets['eval'], 

    tokenizer=tokenizer, 

    data_collator=data_collator, 

 

 

print(model_peft) 

 

#Debug the problem with training 

import transformers 

import os 

from transformers import get_linear_schedule_with_warmup 

 

transformers.logging.set_verbosity_info() 

 

#set the peft  model into train mode 

model_peft.train() 
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# Fine-tune the model using LoRA method 

trainer.train() 
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Appendix 3. Trainer results after each epoch 

The tokenizer has new PAD/BOS/EOS tokens that differ from the model config and 

generation config. The model config and generation config were aligned accord-

ingly, being updated with the tokenizer's values. Updated tokens: {'eos_to-

ken_id': 128009, 'pad_token_id': 128009}. 

/usr/local/lib/python3.12/dist-packages/torch/utils/data/dataloader.py:627: Us-

erWarning: This DataLoader will create 4 worker processes in total. Our sug-

gested max number of worker in current system is 2, which is smaller than what 

this DataLoader is going to create. Please be aware that excessive worker crea-

tion might get DataLoader running slow or even freeze, lower the worker number 

to avoid potential slowness/freeze if necessary. 

  warnings.warn( 

skipped Embedding(128256, 2048): 250.5M params 

skipped: 250.5M params 

***** Running training ***** 

  Num examples = 927 

  Num Epochs = 4 

  Instantaneous batch size per device = 4 

  Total train batch size (w. parallel, distributed & accumulation) = 32 

  Gradient Accumulation steps = 8 

  Total optimization steps = 116 

  Number of trainable parameters = 851,968 

Automatic Weights & Biases logging enabled, to disable set os.envi-

ron["WANDB_DISABLED"] = "true" 

 [116/116 1:23:36, Epoch 4/4] 

Epoch Training Loss Validation Loss 

1 2.631400 2.388829 

2 2.357000 2.348221 

3 2.333300 2.340531 

4 2.329100 2.339885 

 

***** Running Evaluation ***** 

  Num examples = 103 

  Batch size = 4 

Saving model checkpoint to /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-29 

loading configuration file /content/drive/MyDrive/Thesis/llama321binst/con-

fig.json 

Model config LlamaConfig { 

  "architectures": [ 

    "LlamaForCausalLM" 

  ], 

  "attention_bias": false, 

  "attention_dropout": 0.0, 

  "bos_token_id": 128000, 

  "dtype": "float16", 

  "eos_token_id": [ 

    128001, 

    128008, 

    128009 

  ], 

  "head_dim": 64, 

  "hidden_act": "silu", 

  "hidden_size": 2048, 

  "initializer_range": 0.02, 
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  "intermediate_size": 8192, 

  "max_position_embeddings": 131072, 

  "mlp_bias": false, 

  "model_type": "llama", 

  "num_attention_heads": 32, 

  "num_hidden_layers": 16, 

  "num_key_value_heads": 8, 

  "pretraining_tp": 1, 

  "rms_norm_eps": 1e-05, 

  "rope_scaling": { 

    "factor": 32.0, 

    "high_freq_factor": 4.0, 

    "low_freq_factor": 1.0, 

    "original_max_position_embeddings": 8192, 

    "rope_type": "llama3" 

  }, 

  "rope_theta": 500000.0, 

  "tie_word_embeddings": true, 

  "transformers_version": "4.56.1", 

  "use_cache": true, 

  "vocab_size": 128256 

} 

 

chat template saved in /content/drive/MyDrive/Thesis/llama321binst_lora/check-

points/checkpoint-29/chat_template.jinja 

tokenizer config file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-29/tokenizer_config.json 

Special tokens file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-29/special_tokens_map.json 

/usr/local/lib/python3.12/dist-packages/torch/utils/data/dataloader.py:627: Us-

erWarning: This DataLoader will create 4 worker processes in total. Our sug-

gested max number of worker in current system is 2, which is smaller than what 

this DataLoader is going to create. Please be aware that excessive worker crea-

tion might get DataLoader running slow or even freeze, lower the worker number 

to avoid potential slowness/freeze if necessary. 

  warnings.warn( 

 

***** Running Evaluation ***** 

  Num examples = 103 

  Batch size = 4 

Saving model checkpoint to /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-58 

loading configuration file /content/drive/MyDrive/Thesis/llama321binst/con-

fig.json 

Model config LlamaConfig { 

  "architectures": [ 

    "LlamaForCausalLM" 

  ], 

  "attention_bias": false, 

  "attention_dropout": 0.0, 

  "bos_token_id": 128000, 

  "dtype": "float16", 

  "eos_token_id": [ 

    128001, 

    128008, 

    128009 

  ], 

  "head_dim": 64, 

  "hidden_act": "silu", 

  "hidden_size": 2048, 

  "initializer_range": 0.02, 

  "intermediate_size": 8192, 

  "max_position_embeddings": 131072, 
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  "mlp_bias": false, 

  "model_type": "llama", 

  "num_attention_heads": 32, 

  "num_hidden_layers": 16, 

  "num_key_value_heads": 8, 

  "pretraining_tp": 1, 

  "rms_norm_eps": 1e-05, 

  "rope_scaling": { 

    "factor": 32.0, 

    "high_freq_factor": 4.0, 

    "low_freq_factor": 1.0, 

    "original_max_position_embeddings": 8192, 

    "rope_type": "llama3" 

  }, 

  "rope_theta": 500000.0, 

  "tie_word_embeddings": true, 

  "transformers_version": "4.56.1", 

  "use_cache": true, 

  "vocab_size": 128256 

} 

 

chat template saved in /content/drive/MyDrive/Thesis/llama321binst_lora/check-

points/checkpoint-58/chat_template.jinja 

tokenizer config file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-58/tokenizer_config.json 

Special tokens file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-58/special_tokens_map.json 

/usr/local/lib/python3.12/dist-packages/torch/utils/data/dataloader.py:627: Us-

erWarning: This DataLoader will create 4 worker processes in total. Our sug-

gested max number of worker in current system is 2, which is smaller than what 

this DataLoader is going to create. Please be aware that excessive worker crea-

tion might get DataLoader running slow or even freeze, lower the worker number 

to avoid potential slowness/freeze if necessary. 

  warnings.warn( 

 

***** Running Evaluation ***** 

  Num examples = 103 

  Batch size = 4 

Saving model checkpoint to /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-87 

loading configuration file /content/drive/MyDrive/Thesis/llama321binst/con-

fig.json 

Model config LlamaConfig { 

  "architectures": [ 

    "LlamaForCausalLM" 

  ], 

  "attention_bias": false, 

  "attention_dropout": 0.0, 

  "bos_token_id": 128000, 

  "dtype": "float16", 

  "eos_token_id": [ 

    128001, 

    128008, 

    128009 

  ], 

  "head_dim": 64, 

  "hidden_act": "silu", 

  "hidden_size": 2048, 

  "initializer_range": 0.02, 

  "intermediate_size": 8192, 

  "max_position_embeddings": 131072, 

  "mlp_bias": false, 

  "model_type": "llama", 
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  "num_attention_heads": 32, 

  "num_hidden_layers": 16, 

  "num_key_value_heads": 8, 

  "pretraining_tp": 1, 

  "rms_norm_eps": 1e-05, 

  "rope_scaling": { 

    "factor": 32.0, 

    "high_freq_factor": 4.0, 

    "low_freq_factor": 1.0, 

    "original_max_position_embeddings": 8192, 

    "rope_type": "llama3" 

  }, 

  "rope_theta": 500000.0, 

  "tie_word_embeddings": true, 

  "transformers_version": "4.56.1", 

  "use_cache": true, 

  "vocab_size": 128256 

} 

 

chat template saved in /content/drive/MyDrive/Thesis/llama321binst_lora/check-

points/checkpoint-87/chat_template.jinja 

tokenizer config file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-87/tokenizer_config.json 

Special tokens file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-87/special_tokens_map.json 

/usr/local/lib/python3.12/dist-packages/torch/utils/data/dataloader.py:627: Us-

erWarning: This DataLoader will create 4 worker processes in total. Our sug-

gested max number of worker in current system is 2, which is smaller than what 

this DataLoader is going to create. Please be aware that excessive worker crea-

tion might get DataLoader running slow or even freeze, lower the worker number 

to avoid potential slowness/freeze if necessary. 

  warnings.warn( 

 

***** Running Evaluation ***** 

  Num examples = 103 

  Batch size = 4 

Saving model checkpoint to /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-116 

loading configuration file /content/drive/MyDrive/Thesis/llama321binst/con-

fig.json 

Model config LlamaConfig { 

  "architectures": [ 

    "LlamaForCausalLM" 

  ], 

  "attention_bias": false, 

  "attention_dropout": 0.0, 

  "bos_token_id": 128000, 

  "dtype": "float16", 

  "eos_token_id": [ 

    128001, 

    128008, 

    128009 

  ], 

  "head_dim": 64, 

  "hidden_act": "silu", 

  "hidden_size": 2048, 

  "initializer_range": 0.02, 

  "intermediate_size": 8192, 

  "max_position_embeddings": 131072, 

  "mlp_bias": false, 

  "model_type": "llama", 

  "num_attention_heads": 32, 

  "num_hidden_layers": 16, 
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  "num_key_value_heads": 8, 

  "pretraining_tp": 1, 

  "rms_norm_eps": 1e-05, 

  "rope_scaling": { 

    "factor": 32.0, 

    "high_freq_factor": 4.0, 

    "low_freq_factor": 1.0, 

    "original_max_position_embeddings": 8192, 

    "rope_type": "llama3" 

  }, 

  "rope_theta": 500000.0, 

  "tie_word_embeddings": true, 

  "transformers_version": "4.56.1", 

  "use_cache": true, 

  "vocab_size": 128256 

} 

 

chat template saved in /content/drive/MyDrive/Thesis/llama321binst_lora/check-

points/checkpoint-116/chat_template.jinja 

tokenizer config file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-116/tokenizer_config.json 

Special tokens file saved in /content/drive/MyDrive/The-

sis/llama321binst_lora/checkpoints/checkpoint-116/special_tokens_map.json 

 

 

Training completed. Do not forget to share your model on huggingface.co/models 

=) 

 

 

Loading best model from /content/drive/MyDrive/Thesis/llama321binst_lora/check-

points/checkpoint-116 (score: 2.3398854732513428). 

TrainOutput(global_step=116, training_loss=2.412700258452317, met-

rics={'train_runtime': 5059.3077, 'train_samples_per_second': 0.733, 

'train_steps_per_second': 0.023, 'total_flos': 1.109478875332608e+16, 

'train_loss': 2.412700258452317, 'epoch': 4.0}) 
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Appendix 4. Weights and Biases training loggings of the LoRa PEFT model  

Training loggings: 

 

Evaluation loggings: 
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System logging: 
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Appendix 5. Bias evaluation  
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