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ABSTRACT

Optimization of tokenization and memory management in processing large datasets represents a key challenge in
the contemporary development of language models. This paper focuses on enhancing the processing of large
textual corpora in Serbian using the GPT-2 model, specifically adapted for transfer learning. Tokenization
optimization was achieved by adding language-specific tokens for Serbian, while memory management was
improved through advanced resource management methods during training. Key findings demonstrate significant
memory consumption reduction and training process acceleration, enabling more efficient utilization of available
computational resources. This research contributes to the development of language models tailored for the
Serbian language and provides a foundation for further studies in the field of natural language processing (NLP).
The implications of this work are multifaceted: it facilitates more efficient creation of NLP applications for
Serbian-speaking regions, enhances the accuracy and performance of language models, and opens opportunities
for applications across various domains, from automated translation to sentiment analysis. This study paves the
way for future research focusing on additional optimization of language models, including adaptation for other
languages with similar characteristics, as well as exploring new methods for even more efficient memory
management during large-scale textual data processing.
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learning, Natural language processing (NLP).

INTRODUCTION

Optimization of tokenization and memory management
in processing large datasets are critical aspects in the
development of language models. As the use of natural
language in various applications increases, the need for more
efficient methods for processing and analyzing large textual
corpora becomes more pronounced (Dodi¢ & Regodié, 2024b).
It is particularly important to adapt these technologies for
languages with specific characteristics, such as Serbian, which
presents challenges related to wunique characters and
morphological features. This research is motivated by the need
to enhance the GPT-2 model through transfer learning to
improve processing efficiency and accuracy for the Serbian
language (Dodi¢ & Regodic¢, 20244a).

Most existing research in natural language processing
focuses on widely used languages like English, leaving gaps in
applications for languages such as Serbian. Resources and
tools tailored to Serbian are limited, hindering the
development of advanced language models for this language.
This study fills this gap by providing optimized methods for
tokenization and memory management specific to Serbian,
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leveraging the GPT-2 model (Wolf et al., 2019). The identified
lack of literature enables this research to position itself as a
pioneering work in adapting advanced language models to the

Serbian language, laying the groundwork for future
development and exploration.
The primary objectives of this research include

optimizing tokenization for Serbian by adding language-
specific tokens and adapting the GPT-2 model, improving
memory management during model training to reduce memory
usage and accelerate the training process (Ren et al., 2021),
and evaluating model performance in terms of accuracy and
efficiency when processing large textual corpora (Dempsey et
al., 2023). The contributions of this research include the
development of tailored tools and methods that enhance the
quality of natural language processing for Serbian, as well as
providing a foundation for further studies in this domain
(Devlin et al., 2018). Advanced techniques such as transfer
learning and memory management optimization enable more
efficient use of available resources and improve the
performance of language models.

The structure of this paper is designed to provide readers
with a clear progression of the research. The methodological
section describes in detail the approaches used for tokenization
optimization and memory management, including the
technologies and methods employed. Subsequently, the



experiments and results section presents the evaluation of the
model using metrics such as accuracy, memory usage, and
training speed (Dodi¢ & Regodi¢, 2024b). The discussion
analyzes the achieved results, their significance, and potential
applications, while the conclusion summarizes key findings
and proposes directions for future research.

The significance of this research also lies in its potential
for practical applications across various domains, such as
automated translation, sentiment analysis, and customer
support systems. Implementing improved models for Serbian
can significantly contribute to the development of new tools
and applications beneficial for both academia and industry
(Wolf et al., 2019). Additionally, optimizing memory
management enables more economical use of computational
resources, which is particularly important for organizations
with limited infrastructure budgets (Ren et al., 2021).

Through the application of specific tokens for Serbian
and advanced memory management techniques, this research
not only improves current methods but also establishes a
foundation for future studies addressing similar challenges in
natural language processing for other underrepresented
languages (Dodi¢ & Regodi¢, 20244a). In this way, the study
contributes to expanding knowledge and developing
technologies that promote greater linguistic diversity in the
digital world, which is crucial for inclusivity and equal access
to information (Devlin et al., 2018).

ENHANCING TOKENIZATION AND MEMORY
MANAGEMENT IN PROCESSING TEXTUAL DATA IN
THE SERBIAN LANGUAGE

The goal of this research is to improve the efficiency of
processing large datasets in the Serbian language through
innovative  approaches to tokenization and memory
management. The specific objectives include the development
of novel tokenization methods tailored to the unique
morphological characteristics of Serbian and the application of
advanced techniques for optimizing memory management
during model training (Wolf et al., 2019; Ding et al., 2023).
These issues are critically important, as existing tools and
methods are insufficiently efficient in processing languages
with complex morphological structures like Serbian.
Addressing these challenges will enable significant
advancements in the quality of natural language processing
(NLP) for the Serbian language.

Steps per Epoch Calculation:

Steps per Epoch = . 1
ps per Ep (7<) 1)
where is:
e B: Number of instances in the dataset (500,000,000
tokens)
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e T:per_device_train_batch_size (batch size per device,
12)

e G: gradient_accumulation_steps (number of gradient
accumulation steps, 2).

Eq (1) shows the number of steps required to process the
entire dataset in a single epoch during model training. The
batch size per device and the number of gradient accumulation
steps directly influence the steps per epoch. A larger batch size
reduces the steps per epoch, while a higher number of gradient
accumulation steps improves training efficiency, reducing
overall training time (Jin et al., 2021; Dempsey et al., 2023).

ADAPTING TOKENIZATION FOR THE SERBIAN
LANGUAGE

To improve the processing and analysis of large textual
corpora, this research focuses on integrating language-specific
tokens for Serbian into the GPT-2 model. Key questions
include how to best adapt existing models to the unique
features of the Serbian language and how to ensure these
models can efficiently handle large volumes of data (Wolf et
al., 2019). Achieving these objectives will advance the field of
NLP by enabling faster and more accurate text analysis, which
is essential for developing new tools and applications in this
domain (Ding et al., 2023).

The relevance of this research is multifaceted. First,
improving tokenization and memory management directly
enhances the quality of NLP applications, which is highly
significant for Serbian-speaking users. Second, this research
addresses practical challenges related to the efficient
processing of large datasets, allowing for more economical use
of available resources. Thus, the research provides substantial
practical benefits for various organizations, particularly those
with limited IT infrastructure budgets.

Table 1. Example of some table.

Parameter Value
Total number of tokens 500.000.000
Number of instances 2.500.000
Batch size per device 12
Number of gradient accumulation steps 2
Number of epochs 14
Steps per epoch 104.167
Total steps 1.458.338

Tab. 1 provides an overview of the key dataset
specifications and training parameters used in this research.
The total number of tokens in the dataset is 500 million,
making it exceptionally large and challenging to process. The
batch size per device is set to 12, with 2 gradient accumulation
steps, enabling more efficient model training. The number of
epochs is 14, resulting in 104,167 steps per epoch and a total
of 1.458.338 steps for the entire training process. These



specifications support efficient optimization of tokenization
and memory management during training (Dodi¢ & Regodi¢,
2024b; Wolf et al., 2019).

One of the primary objectives of this research is the
development of methods that enable precise recognition and
processing of the morphological features of the Serbian
language. The focus is placed on adapting tokenization to the
language's specific characteristics, as well as implementing
advanced techniques for memory management optimization.
These techniques are crucial for reducing resource
requirements and accelerating model training, ensuring
efficient processing of large volumes of data without
compromising accuracy (Jin et al., 2021; Ding et al., 2023).

The research also explores the evaluation of GPT-2
model performance after its adaptation to the Serbian
language. Key aspects include determining how best to adapt
the model to the specific characteristics of the language and
how to optimize model training to achieve maximum
efficiency. This research will provide valuable insights into
these processes, facilitating further development and
application of advanced language models (Dodi¢ & Regodi¢,
20244q; Ding et al., 2023).

OPTIMIZATION OF MEMORY MANAGEMENT
DURING MODEL TRAINING

The relevance of this research is particularly pronounced
in the context of developing new tools and applications for
NLP. Achieving the research goals enables the development of
more accurate and efficient systems for automated translation,
sentiment analysis, and other applications in the field of
natural language processing. In this way, the research not only
improves current methods but also lays the foundation for
future work in this area (Wolf et al., 2019; Dempsey et al.,
2023).

Different interpretations and approaches to tokenization
and memory management pose unique challenges for this
work. Each language has its specific features that must be
considered when developing language models, and Serbian,
with its complex morphological structures, presents a
particular challenge. This research will allow for a better
understanding of these specifics and the development of
methods that will be applicable not only to Serbian but also to
other languages with similar characteristics (Jin et al., 2021;
Dodi¢ & Regodi¢, 2024b).

Achieving these goals advances the field of natural
language processing, enabling more precise and efficient
processing of textual data. This is essential for developing new
applications and tools that will benefit both the academic
community and industry. Optimizing tokenization and memory
management has the potential to significantly improve text
processing quality, which is crucial for developing new
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technologies and enhancing existing systems (Wolf et al.,
2019; Ding et al., 2023).

The research will also include the development of
customized tools to facilitate the practical application of these
methods. This involves creating new libraries and applications
that will enable more efficient text processing in the Serbian
language, thereby directly contributing to the practical
application of the research. In this way, the research makes a
significant contribution to both the theory and practice of
natural language processing (Dodi¢ & Regodi¢, 20244; Jin et
al., 2021).

This research has the potential to set new standards in the
field of natural language processing, particularly for languages
with complex morphological structures. Achieving these goals
not only enhances current methods but also opens up new
opportunities for future research and development in this area.
In doing so, the research contributes to the expansion of
knowledge and the advancement of technologies that promote
greater linguistic diversity and inclusiveness in the digital
world (Dempsey et al., 2023; Wolf et al., 2019).

OPTIMIZATION OF THE GPT-2 LANGUAGE MODEL

This research employs a multidisciplinary approach that
combines  theoretical analysis  and  experimental
methodologies. The focus of the study is on improving
tokenization optimization and memory management in
processing large datasets in the Serbian language using the
GPT-2 model adapted for transfer learning. The experimental
part involves training the model on a large textual corpus and
optimizing it by adding specific tokens for the Serbian
language and implementing advanced resource management
techniques during training (Dodi¢ & Regodi¢, 2024b). The
goal is to analyze the efficiency of tokenization in processing
diverse texts and reducing processing time.

DATA AND DATASET PREPARATION

The data used in this research consists of the original
dataset on which the GPT-2 model was trained, specifically
the best parts of the dataset that were later translated into
Serbian. The dataset was sourced from Hugging Face —
OpenWebText. It comprises high-quality textual data carefully
selected to ensure diversity and content relevance. The total
number of tokens in the textual corpus is 500,000,000. The
collected data was pre-cleaned of irrelevant elements such as
HTML tags and special characters to provide high-quality
input for the model. The diversity of the data ensures that the
model can generate texts in various styles and on different
topics, which is crucial for real-world applications (Feng et al.,
2021).

Tokenization is the process of breaking the textual corpus
into smaller units (tokens) that the model can process. In this



research, a Byte Pair Encoding (BPE) model for tokenization
was used, specifically adapted for the Serbian language.
Specific tokens for Serbian Latin script, including letters such
as "z," "§," "d," "¢," and "¢," were added to the tokenizer
vocabulary to ensure precise text processing. During
tokenization, particular attention was paid to processing
efficiency and reducing the time required for data processing

(Gopalun & Samuvel, 2023).

OPTIMIZATION OF MODEL TRAINING AND
MEMORY MANAGEMENT

The GPT-2 model was trained on an NVIDIA Tesla
V100 PCle 16 GB GPU using Python 3.11, PyTorch 2.3.0,
Optuna 3.6.1, and Wandb 0.17.4. The training process was
optimized by tuning hyperparameters such as batch size,
gradient accumulation steps, number of epochs, learning rate,
and several others. Special attention was given to memory
management during training to reduce resource requirements
and accelerate the process (Li & Shami, 2020). Model
performance was analyzed during validation on a reduced
dataset to determine the impact of optimized memory
management strategies.

The evaluation of the model was performed using
accuracy and perplexity metrics. Accuracy measures how well
the model predicts real-world texts, while perplexity evaluates
how confident the model is in its predictions. These metrics
were calculated during model evaluation after each training
epoch to monitor performance and ensure the model’s stability
and efficiency (Kelvinius et al., 2023). Additionally, the
impact of optimized memory management strategies on the
model's efficiency and precision in real-time scenarios was
analyzed.

Perplexity (PPL) is a standard metric in natural language
processing that evaluates the confidence of a language model
in its predictions. It is defined as in Eq. (2):

L@
2100, (W[ ws W .. Wiy )
PPL=2 "= : )
where:
e N is the total number of words in the test set.

o p(wi|wl,wz,...,wifl) represents the probability assigned

by the model to the i-th word, given the preceding
sequence of words.

A lower perplexity value indicates that the model is more
confident and better at predicting the next word in a sequence.
In this paper, perplexity was calculated after each epoch to
evaluate the improvements brought by the proposed
optimization techniques.

To ensure reproducibility, all utilized code,
hyperparameters, and hardware specifications were thoroughly
documented. The use of specific software versions (Python
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3.11, PyTorch 2.3.0, Optuna 3.6.1, Wandb 0.17.4) allows the
experiments to be replicated in other environments.
Techniques were also applied to ensure result consistency
across all relevant libraries and functions (Dodi¢ & Regodic,
2024b).

The chosen methodologies were justified by their
efficiency in ensuring optimal processing of large textual
corpora. The use of a GPT-2 model adapted for the Serbian
language enables improved results in natural language
processing, while advanced memory management techniques
reduce resource demands and accelerate the training process.
The combination of theoretical analysis and experimental
methodologies allows for an in-depth evaluation and practical
application of the research findings.

Average Processing Time per Token (APTT):

_ Total Processin g Time(ms)

APTT = ?3)
Total Number of Tokens

where is:

e Total Processing Time (ms) - the total time required
to process all tokens in the dataset, expressed in
milliseconds (ms);

e Total Number of Tokens - the total number of tokens
in the dataset (500,000,000).

Eq (3) illustrates how the average processing time per
token is calculated during model training. This is crucial for
understanding the efficiency of optimized tokenization and
memory management techniques. The average processing time
per token directly impacts the overall efficiency of the model,
which is particularly important when processing large datasets.
A lower average processing time per token indicates better
model performance and more efficient resource utilization.
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Figure 1. Average Processing Time per Token Before and
After Optimization.

Fig. 1 illustrates a comparison of the average processing
time per token before and after the implementation of



optimized tokenization and memory management techniques.
A noticeable reduction in processing time is evident following
optimization, confirming the effectiveness of the applied
methods. Specifically, the average processing time per token
decreased from 1.44 ms to 1.08 ms, representing a significant
improvement. This reduction demonstrates that the optimized
techniques not only accelerate the processing workflow but
also enable more efficient resource utilization, thereby
increasing the overall productivity of the model.

Table 2. Model Performance Before and After Optimization.

Parameter Before After
Optimization | Optimization
Total Processing Time (ms) 720.000 540.000
Total Number of Tokens 500.000.000 500.000.000
Average Time per Token 1.44 1.08
(ms)
Accuracy (%) 85 93
Perplexity 320 50

Tab. 2 presents the model's performance metrics before
and after optimization. Key parameters include total
processing time, total number of tokens, average processing
time per token, model accuracy, and perplexity. The data
clearly show an improvement in model performance following
the application of optimized techniques. The reduction in total
processing time and average time per token, along with the
increase in accuracy and the decrease in perplexity, highlights
the significant enhancements in model efficiency and precision
(Dodi¢ & Regodi¢, 2024b; Kelvinius et al., 2023). This is
particularly crucial for real-time applications, where data
processing speed is critical.

This research contributes substantially to real-time
analysis by improving the efficiency of processing and
analyzing large textual corpora. The developed methods
facilitate faster and more accurate text analysis, which is
essential for the development of new applications and tools in
areas such as automated translation and sentiment analysis (Li
& Shami, 2020). More efficient memory management enables
economical use of available resources, which is especially
important for organizations with limited IT infrastructure
budgets (Feng et al., 2021).

RESULTS OF TOKENIZATION AND MEMORY
MANAGEMENT OPTIMIZATION IN TEXTUAL DATA
PROCESSING

This section presents the key findings of the research
achieved through the optimization of tokenization and memory
management during the processing of large datasets in the
Serbian language. The use of advanced techniques and
adaptation of the model to the specific requirements of the
language resulted in significant performance improvements.
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The results are presented through carefully designed tables and
graphs, providing clear visualization of the conclusions and
highlighting the key improvements (Dodi¢ & Regodi¢, 2024b;
Atteia et al., 2022).

In addition to presenting the results, interpretations of
their implications in the context of the research questions are
provided, emphasizing significant findings and unexpected
outcomes. The analysis revealed that tokenization optimization
and memory management can significantly enhance the
efficiency of processing large textual corpora. For example,
the increased accuracy of the model directly translates into
improved recognition and understanding of context in Serbian
texts, which is crucial for applications such as automated
translation and sentiment analysis. Unexpected outcomes, such
as variations in processing time per token, indicate the need for
further research to identify all factors affecting model
performance (llievski et al., 2017).

To evaluate the performance of the optimized
tokenization, experiments were conducted using different
model and tokenizer configurations. The implementation of
specific tokens for the Serbian language enabled the model to
better recognize and process textual data (Giovanelli et al.,
2024).

MODEL PERFORMANCE IMPROVEMENT
THROUGH TOKENIZATION OPTIMIZATION

Fig. 2 shows that the model's accuracy increased by 8%
after implementing optimized tokenization, indicating
significant improvements in recognizing and processing
textual data in the Serbian language. This optimization
involved the addition of new tokens specific to Serbian and the
adjustment of existing tokens to achieve greater precision in
processing (Giovanelli et al., 2024).

Model Accuracy Before and After Tokenization Optimization
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Figure 2. Comparative Model Accuracy Results Before and
After Tokenization Optimization.

An analysis of memory management efficiency during
model training was conducted. The results, shown in Table 3,



demonstrate a reduction in memory consumption and an
acceleration in the training process.

Table 3. Memory Management Efficiency.

Parameter Before After
Optimization Optimization

Average Memory 14.2 11.3

Consumption (GB)

Training Time (hours) 41.4 33.4

The optimization of memory management resulted in a
20.4% reduction in average memory consumption and a 19.3%
decrease in training time. These results highlight the
significant efficiency of the applied memory management
methods, enabling model training on smaller resources and
reducing infrastructure costs. Additionally, the reduction in
training time facilitates faster iterations during the research
and development of new models (Bergstra & Bengio, 2012).

MEMORY MANAGEMENT EFFICIENCY DURING
MODEL TRAINING

Using the cross-validation method, the model was
evaluated on different datasets (Watanabe & Hutter, 2023).
Cross-validation provides a more comprehensive assessment
of the model's performance, helping to identify potential issues
and opportunities for further improvement (Watanabe &
Hutter, 2023).

Model Performance Before and After Optimization

3200 Before Optimization

mmm After Optimization
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Metrics
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Figure 3. Model Evaluation Results Before and After

Optimization.

Fig. 3 presents the results of the model evaluation before
and after optimization, including key metrics such as accuracy,
perplexity, and processing time. The optimized model
achieved better results across all key metrics, confirming the
effectiveness of the applied optimizations.

For a more detailed analysis of memory allocation during
training, GPU memory consumption was monitored at various
stages of the experiment. The following graphs illustrate
memory allocation results before and after optimization.
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Fig. 4 and 5 illustrate that the overall GPU memory
allocation decreased after implementing the optimized
techniques, confirming the effectiveness of the applied
methods in resource management during model training. This
reduction in memory consumption enables the training of
larger models on the same infrastructure and minimizes the
risk of "out of memory" errors.

To achieve efficient memory management, several
techniques were applied:

1. Gradient Checkpointing: This technique was employed
to save GPU memory by recomputing intermediate activations
during the backward pass instead of storing them all during the
forward pass. This reduced memory consumption
significantly, allowing for larger batch sizes without exceeding
memory limits.

2. Mixed Precision Training: By using 16-bit floating-
point (FP16) arithmetic instead of 32-bit (FP32), memory
usage was further optimized. This method reduced the overall
memory footprint of the model without compromising
computational accuracy.

3. Memory Mapping and Preloading: Large datasets were
preprocessed and memory-mapped to disk, enabling efficient
loading during training. This minimized memory spikes and
allowed for a smoother training process.

4. ZeRO-Offload: This technique offloaded optimizer
states and gradients to CPU memory when GPU memory
reached capacity, ensuring that the training process could
continue without interruptions.



The combined application of these techniques resulted in
a 20.4% reduction in average memory consumption and a
19.3% decrease in training time. These optimizations ensured
efficient resource utilization and increased the scalability of
the training process, enabling larger models to be trained on
the same hardware infrastructure (Bergstra & Bengio, 2012).

To verify the statistical significance of the findings, a t-
test was used for comparative analysis of performance before
and after optimization.

Table 4. Statistical Analysis.

Metric t-value p-value
Accuracy 5.23 <0.01
Average Memory 4.76 <0.01
Consumption

Training Time 3.89 <0.01

The t-test results indicate that improvements in accuracy,
memory consumption, and training time are statistically
significant (p < 0.01). The statistical analysis confirms that
these enhancements are due to the implemented optimizations
rather than random variations (Atteia et al., 2022).

ANALYSIS OF THE IMPACT OF OPTIMIZATIONS ON
THE OVERALL MODEL EFFICIENCY

While improvements are evident across all metrics, an
unexpected observation was that the average processing time
per token varied depending on the specific characteristics of
the dataset. Detailed analysis revealed that certain datasets
contained texts with more complex structures or specific
linguistic constructs that required more processing time. For
example, texts with numerous complex sentences, specific
technical terms, or dialectal expressions caused longer
processing times per token. These results highlight the need
for further research to understand all factors affecting model
efficiency. Variations in processing time per token may stem
from differences in the structure and complexity of the texts
within the dataset, necessitating additional adjustments to the
processing workflows. Future studies should delve deeper into
how different linguistic features impact model performance
and develop specific strategies for their more efficient
processing (llievski et al., 2017).

One of the key factors in optimization is balancing
training speed and model accuracy. The formula for assessing
this balance is as follows:

Accuracy
Training Timex Memory Consumption’

Efficiency = (4)

Eq (4) considers three key aspects of model performance:
accuracy, training time, and memory consumption. Higher
accuracy relative to shorter training time and lower memory
consumption results in greater model efficiency. This metric
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enables the quantification of the model's overall efficiency,
taking into account all relevant resources, which is crucial for
optimizing the training process and real-world applications.

Based on the presented results, it is clear that optimizing
tokenization and memory management can significantly
enhance the performance of language models for the Serbian
language. Increased accuracy, reduced memory consumption,
and shortened training time confirm the effectiveness of the
applied methods. These findings indicate that further research
and development can continue to improve the efficiency and
applicability of the model across various domains.

The results of this study clearly demonstrate that
optimizing tokenization and memory management can
significantly  improve  model  performance.  These
improvements have been validated through statistical analysis
and empirical results, providing a solid foundation for further
research and practical application of these techniques.

Future research will focus on further enhancing the
model and memory management methods, as well as adapting
techniques for other languages with similar characteristics.
Additionally, the exploration of new methods for even more
efficient memory management during the processing of large
textual datasets is planned.

CONCLUSION

This study focuses on optimizing tokenization and
memory management during the processing of large datasets
in the Serbian language. The key findings indicate that the
application of specific tokens for Serbian and advanced
memory management methods can significantly improve
model performance. Specifically, the results demonstrate an
8% increase in model accuracy following tokenization
optimization, a 20.4% reduction in average memory
consumption, and a 19.3% decrease in training time (Dodi¢ &
Regodi¢, 2024b; Bergstra & Bengio, 2012). These
improvements are directly aligned with the research
objectives, which include enhancing the efficiency and
accuracy of language models for Serbian.

The implications of these findings for the field are
multifaceted. Tokenization optimization and memory
management provide a foundation for the development of
more efficient NLP tools and applications for the Serbian
language, including automated translation, sentiment analysis,
and customer support systems. More efficient text processing
enables more precise recognition and understanding of
linguistic structures, which is crucial for various application
domains. Additionally, the reduction in resource requirements
facilitates more economical use of available computing
resources, which is especially significant for organizations
with limited IT budgets (Ren et al., 2021; Watanabe & Hultter,
2023).



One of the primary limitations of this research is the
variation in average processing time per token, depending on
the specific characteristics of the dataset. Detailed analysis
revealed that the complexity of texts and specific linguistic
constructs could influence processing time, underscoring the
need for further adjustments in processing workflows (Ilievski
et al., 2017). Future research should focus on a deeper analysis
of these factors and the development of specific strategies for
their more efficient handling. It is also recommended to
explore the application of these techniques to other languages
with similar characteristics to expand the applicability of the
results and advance the field of natural language processing.

Through this research, a deep understanding was gained
of the importance of adapting language models to the specific
characteristics of a language, as well as the importance of
efficient resource management during model training. It was
learned that tokenization optimization can significantly
improve model accuracy and efficiency, while advanced
memory management methods can reduce resource demands
and accelerate the training process (Atteia et al., 2022; Wolf et
al.,, 2019). These insights are crucial for the further
development and application of language models across
various domains, providing a foundation for improving
existing methods and developing new strategies for processing
large textual corpora.

Based on the presented results, it is evident that
optimizing tokenization and memory management can
significantly enhance the performance of language models in
Serbian. These improvements have been validated through
statistical analysis and empirical results, providing a solid
foundation for further research and the practical application of
these techniques (Dodi¢ & Regodi¢, 2024b; Ren et al., 2021).
Future research will continue to focus on improving models
and memory management methods, as well as adapting
techniques for other languages with similar characteristics.
Additionally, the exploration of new methods for even more
efficient memory management during the processing of large
textual datasets is planned.
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