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Abstract—This paper presents an extensive experimental study
on applying transfer learning techniques to fine-tune pre-trained
language models for creating chatbots specialised in Ukrainian
scientific texts. The study involves curating two diverse text
corpora from research publications, selecting appropriate base
models, and fine-tuning them on the prepared datasets using the
Hugging Face transformers library. The fine-tuned models are
tested for generating chatbot responses to domain-specific user
queries. Detailed analyses of the datasets, model architectures,
fine-tuning process, and evaluation results are provided. The
results demonstrate the feasibility and effectiveness of transfer
learning for adapting language models to Ukrainian scientific
texts and creating chatbots capable of meaningful dialogue in
specialised domains. Challenges and future research directions
are discussed.

Index Terms—chatbots, transfer learning, language models,
fine-tuning, Ukrainian language, scientific texts.

I. INTRODUCTION

The rapid development of artificial intelligence and natural
language processing technologies has sparked growing interest
in creating software agents capable of engaging in natural
language dialogue, known as chatbots. Leading IT compa-
nies like Google, Microsoft, Meta, and OpenAl are actively
working on chatbot development [1]. Successful projects like
ChatGPT from OpenAl demonstrate the significant potential
of such systems in various spheres of human activity.

Chatbots as natural language Al systems have immense po-
tential to enhance the efficiency and quality of various human
activities by automating routine processes, providing intelli-
gent user support, and enabling personalised learning. Suc-
cessful developments in this field can fundamentally change
how humans interact with computer systems, increasing work
productivity and learning effectiveness. However, addressing
ethical and security issues is crucial for implementing these
technologies in society’s best interests.

While chatbots have shown promising results in general
domains, their application to specialised areas like scientific
texts in low-resource languages such as Ukrainian remains
underexplored. This paper aims to investigate the effectiveness
of transfer learning techniques for adapting pre-trained lan-
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guage models to Ukrainian scientific text corpora and creating
chatbots capable of domain-specific dialogue.

II. OVERVIEW OF CHATBOT TRAINING APPROACHES
A. Supervised Learning

Supervised learning is one of the main approaches to train-
ing chatbots, involving training models on labelled “query-
response” pairs. Architectures based on recurrent neural net-
works (e.g., Seq2Seq with LSTM) and transformers (e.g.,
GPT) are used for this purpose [2]. These models can generate
contextually relevant responses but require large amounts of
high-quality labelled data.

Seq2Seq models consist of an encoder that processes the
input sequence (user query) and generates its vector represen-
tation, and a decoder that uses this representation to generate
the output sequence (chatbot response). The key feature of
Seq2Seq models is the use of recurrent layers, particularly
LSTM, for processing sequential data. However, they can
suffer from the vanishing gradient problem when processing
long sequences [3].

Transformer architectures, especially GPT models, represent
a state-of-the-art approach to building language models and
dialogue systems. They outperform other language models like
recurrent neural networks due to their self-attention mecha-
nism and ability to process sequences of arbitrary length while
maintaining context [4].

B. Reinforcement Learning

Reinforcement learning allows models to learn through
interaction with an environment (user) and receive feedback in
the form of rewards. This approach is implemented using gen-
erative adversarial networks (GAN) and the iterative process
of reinforcement learning based on human feedback (RLHF)
[5].

RLHF typically involves iteratively training a reward model
on human judgments, optimizing a policy model to maximize
the predicted reward, collecting new data using the updated
policy, and retraining the reward model on the expanded
dataset [6].



GANSs are an innovative approach to dialogue management
in chatbots. They consist of two neural networks—a generator
and a discriminator—that compete with each other during
training. The generator aims to create responses indistin-
guishable from human-generated ones, while the discriminator
learns to distinguish between generated and real responses.

Tran et al. [7] proposed a model combining reinforcement
learning and GANS to generate both accurate and human-like
responses. The RL component acts as a backbone, with the
discriminator from the adversarial learning module evaluating
the relevance of RL-generated responses. The discriminator
output serves as an additional reward for the RL generator,
encouraging the model to generate responses indistinguishable
from human ones.

C. Transfer Learning

Transfer learning involves using knowledge gained by a
model in solving one task to improve its performance in
solving another similar task. The most common approach is
fine-tuning a pre-trained model on a specific dataset to adapt
it to a particular domain [6].

Fine-tuning existing large language models instead of cre-
ating them from scratch is often more practical and efficient
due to resource and data efficiency, knowledge transfer, high
performance, lower entry barrier, continuous learning, and
broad applicability [8].

The fine-tuning process includes loading pre-trained model
parameters, preparing a task-specific dataset, extracting fea-
tures using pre-trained layers, adjusting model parameters via
backpropagation and gradient descent with a lower learning
rate, updating gradients and applying regularization to prevent
overfitting, selecting a fine-tuning strategy (full or partial
model tuning), and evaluating performance and optimizing
hyperparameters (Figure 1).

During fine-tuning, changes occur at the architecture and in-
dividual neuron levels, including weight adjustment, activation
function output changes, top layer tuning with lower layers
frozen, feature space adjustment for the new task, last layer
replacement for task correspondence, and batch normalization
parameter updates [6]. Fine-tuning allows effectively adapting
pre-trained models to specific tasks while preserving their
“intuition” and optimizing for the new task’s specifics.

D. Chatbot Evaluation Metrics

To evaluate the effectiveness of chatbot training, both
automatic metrics and human evaluation methods are used,
allowing for the assessment of the relevance, coherence, and
naturalness of generated responses. Common automatic met-
rics include BERTScore, perplexity, BLEU, and ROUGE [9].
Table I provides an overview of these metrics.

Human evaluation methods involve direct assessment of
chatbot performance by real users or experts, providing a more
comprehensive evaluation of model effectiveness, considering
aspects such as relevance, coherence, and usefulness of gen-
erated responses.
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TABLE I
METRICS FOR EVALUATING TEXT GENERATION MODELS [9].

Metric Description

BERTScore|Compares generated text with reference text using BERT
embeddings

Perplexity |Evaluates how well the probability distribution predicted by
the model matches the actual data distribution

BLEU Calculates n-gram precision scores between generated and
reference text

ROUGE |Calculates n-gram recall scores between generated and refer-
ence text

III. METHODOLOGY
A. Dataset Creation

Two datasets were created for chatbot training, containing
texts of scientific publications in the field of information
technology.

The first dataset, “CEUR Workshop Proceedings”, includes
materials from scientific conferences and seminars covering
a wide range of research in computer science and engi-
neering. The dataset was created by downloading the https:
/lceur-ws.org/ website, extracting texts from 68,791 PDF files
corresponding to volumes 1-3583 for 1995-2024, and creating
a single 1917 MB text file. The relative distribution of publi-
cations by article language according to Scopus is: English —
94.807%, Russian — 1.368%, German — 1.101%, Spanish —
0.772%, Portuguese — 0.691%, Turkish — 0.596%, French —
0.340%, Ukrainian — 0.160%, Italian — 0.131%, Czech —
0.015%, other languages combined — 0.019%.

The second dataset, “Information Technologies and Learn-
ing Tools”, includes articles on theoretical and applied as-
pects of using information and communication technologies
in education. The dataset was created by downloading the
journal’s website https://journal.iitta.gov.ua/index.php/itlt, ex-
tracting texts from 1,732 PDF files corresponding to volumes
1-100 for 2006-2024, and creating a 107 MB text file. The
approximate relative distribution of publications by article
language according to Web of Science is: Ukrainian — 52.54%,
Russian — 26.73%, English — 20.73%.

The created datasets differ in volume, time coverage, the-
matic focus, and distribution of writing languages, allowing for
a comparative analysis of the effectiveness of chatbot models
trained on heterogeneous text corpora.

B. Model Selection and Fine-Tuning

Considering the prevalence of GPT models, the possibilities
of accessing their modern versions (GPT 3.5, 4.0) and alter-
native models (Gemini 1.0, Claude 3) were studied. However,
due to the unpredictable cost of fine-tuning and using these
models, the historical GPT-2 model [10], trained on OpenAI’s
internal WebText dataset (40 GB), was chosen instead.

For fine-tuning on the “CEUR Workshop Proceedings”
dataset, the GPT2-XL model was selected, considering its
commensurability with the WebText dataset and the predom-
inance of English texts. For the “Information Technologies
and Learning Tools” dataset, the gpt2-uk model, pre-trained
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Fig. 1. Fine-tuning Process Schematic.

on Ukrainian texts, was chosen due to the small dataset size
and the predominance of Ukrainian language.

The selected models were fine-tuned on the prepared text
corpora using the transformers library from Hugging
Face. The developed Python code allows loading pre-trained
models, fine-tuning them on user-provided text data, and
saving the fine-tuned models for further use. The total training
time for the final experiment was 37 hours (average duration
of one training iteration was 43 minutes) using a GPU on a
local computer with a GeForce RTX 3080 (10 GB) graphics
card.

C. Model Testing and Evaluation

The performance of the fine-tuned models was tested for
generating chatbot responses to thematically related user
queries. A graphical user interface was developed using the
gradio library for user interaction with the chatbot (Fig-
ure 2).

The generated responses were evaluated using both auto-
matic metrics (BERTScore, perplexity, BLEU, ROUGE) and
human assessment, considering aspects such as relevance,
coherence, factual correctness, and overall quality. The evalu-
ation results were compared for models fine-tuned on different
datasets and with different architectures.

IV. RESULTS AND DISCUSSION
A. Dataset Analysis

The analysis of the created datasets revealed significant
differences in their characteristics (Table II). The “CEUR
Workshop Proceedings” dataset is much larger in volume
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Fig. 2. Chatbot prototype interface for the GPT-2 model fine-tuned on the
“Information Technologies and Learning Tools” dataset.

and covers a broader range of computer science topics, with
English being the predominant language. The “Information
Technologies and Learning Tools” dataset is smaller and more
focused on the use of ICT in education, with Ukrainian being
the main language.

These differences allowed for a comparative analysis of the
effectiveness of chatbot models trained on heterogeneous text
corpora.

B. Model Performance

The fine-tuned models demonstrated the ability to gener-
ate relevant and coherent responses to domain-specific user
queries. The quality of the generated responses largely de-



TABLE II
CHARACTERISTICS OF THE CREATED DATASETS

Characteristic CEUR Workshop Proceedings Information Technologies and Learning Tools
Volume 1917 MB 107 MB

Number of files | 68,791 1,732

Time coverage 1995-2024 2006-2024

Thematic focus | Computer science and engineering

ICT in education

Main languages

English (94.8%), Russian (1.4%), German (1.1%)

Ukrainian (52.5%), Russian (26.7%), English (20.7%)

TABLE III
EVALUATION RESULTS FOR FINE-TUNED MODELS
Model BERTScore | Perplexity | BLEU | ROUGE-L
GPT2-XL (CEUR) | 0.85 15.3 0.32 0.41
gpt2-uk (ITLT) 0.79 22.7 0.26 0.35

pended on the volume and quality of the texts used for fine-
tuning. The models fine-tuned on the larger “CEUR Workshop
Proceedings” dataset generally produced more informative and
contextually appropriate responses compared to the models
trained on the smaller “Information Technologies and Learning
Tools” dataset.

Table III presents the evaluation results for the fine-tuned
models using automatic metrics. The GPT2-XL model fine-
tuned on the “CEUR Workshop Proceedings™ dataset achieved
the highest scores across all metrics, indicating its superiority
in generating relevant and coherent responses.

Human evaluation results were generally consistent with the
automatic metrics, confirming the higher quality of responses
generated by the GPT2-XL model fine-tuned on the “CEUR
Workshop Proceedings™ dataset. However, both models some-
times generated responses that were factually incorrect or
inconsistent with the provided context, highlighting the need
for further research on improving the robustness and reliability
of chatbot models.

V. CONCLUSION

The conducted experiments revealed several challenges in
applying transfer learning techniques to create specialised
chatbots for Ukrainian scientific texts:

o Limited availability of large-scale, high-quality Ukrainian
text corpora in specific domains.

o High computational costs associated with fine-tuning
large language models.

« Difficulty in achieving factual correctness and consistency
in generated responses.

« Need for more comprehensive evaluation metrics tailored
to specialised domains.

Future research directions may include:

o Exploring advanced architectures, such as transformer
variants optimised for low-resource languages and do-
main adaptation.

« Incorporating knowledge bases and external information
sources to improve the factual accuracy of generated
responses.
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« Developing evaluation frameworks that consider the spe-
cific requirements and challenges of specialised domains.
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