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Introduction. Natural language processing (NLP) has become a cornerstone of artificial intelligence in the 

IT field, enabling computers to understand and generate human language effectively. NLP plays a crucial 

role in various applications such as machine translation, sentiment analysis, chatbots, and information 

retrieval systems. However, the development of NLP tools for low-resource languages like Uzbek has been 

limited due to the scarcity of large annotated datasets and the linguistic complexities inherent in the 

language. 

Deep learning has revolutionized NLP by providing powerful tools for data-driven language understanding. 

With the advent of transformer models like BERT and GPT, significant progress has been made in text 

classification, machine translation, and sentiment analysis tasks across multiple languages. However, most 

state-of-the-art models are trained on high-resource languages, leaving low-resource languages 

underrepresented [1]. 

Uzbek, a member of the Turkic language family, presents unique challenges for NLP due to its rich 

morphology, agglutinative structure, and limited digital resources. Developing effective deep learning 

models for Uzbek requires language-specific preprocessing steps, data augmentation strategies, and 

customized model architectures that can handle the linguistic intricacies of the language. 

This study aims to bridge the gap in Uzbek language processing by developing and fine-tuning deep learning 

models and algorithms tailored specifically for the language. The research explores various deep learning 

architectures, including recurrent neural networks (RNNs), long short-term memory (LSTM) networks, and 

transformer-based models such as BERT and GPT. These models are evaluated on tasks such as text 

classification, machine translation, and language understanding. 

The methodology involves several key steps: data collection from various Uzbek digital sources, thorough 

preprocessing including tokenization and normalization, and the design and implementation of deep learning 

architectures. Performance metrics such as accuracy, F1-score, and BLEU score are used for model 

evaluation, ensuring a comprehensive assessment of the models' effectiveness [2-4]. 

By developing deep learning tools for Uzbek, this research not only contributes to the advancement of NLP 

but also promotes language inclusivity in the digital age. The findings from this study can be instrumental 
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for further research in low-resource language processing and can aid in the development of language 

technology solutions such as machine translation systems, spell checkers, and virtual assistants for Uzbek 

speakers. 

The subsequent sections of this article will delve into the specific methods employed, the results obtained 

from the models tested, and a detailed discussion of the implications and future directions for Uzbek 

language processing in the IT field. [5]. 

 
Figure 1. Algorithm for developing deep learning models. 

Methods: The development of deep learning models for Uzbek language processing involves data 

collection, preprocessing, model selection, and evaluation. The data collection phase involved gathering 

large-scale corpora from Uzbek websites, newspapers, literature, and social media platforms to ensure 

diverse linguistic representation. Preprocessing included cleaning the data by removing duplicates, noise, 

and irrelevant content. Tokenization was performed using language-specific tokenizers designed to handle 

agglutinative structures unique to Uzbek. Text normalization techniques such as lowercasing and removal of 

special characters were applied, and in some cases, lemmatization and stemming were performed to simplify 

word forms for better modeling efficiency. During model selection, various deep learning architectures were 

explored, including Recurrent Neural Networks (RNNs) for sequential data modeling, Long Short-Term 

Memory (LSTM) networks for capturing long-term dependencies, and transformer-based models such as 

BERT and GPT for state-of-the-art contextual language understanding. Some models were fine-tuned on the 

Uzbek dataset, while hybrid architectures combining RNNs and transformer layers were also tested. The 

algorithm design phase involved the implementation of language-specific tokenizers, byte-pair encoding, 

and word embedding techniques such as Word2Vec and FastText for capturing semantic relationships. 

Attention mechanisms were incorporated to improve contextual understanding further. During the training 

and evaluation phase, the dataset was split into training (70%), validation (15%), and test sets (15%). 

Transfer learning was employed to optimize performance on limited data, and hyperparameter tuning was 

performed on batch sizes, learning rates, and dropout rates. Performance metrics included accuracy for 

classification tasks, F1-score for balanced performance measurement, and BLEU score for machine 

translation quality assessment [6-8]. 

Result and Discussion: Several deep learning models were trained and tested on the collected Uzbek 

language corpus. Transformer-based models consistently outperformed traditional RNN and LSTM 

architectures across all tasks, demonstrating higher accuracy and efficiency. Fine-tuning a multilingual 

BERT model on Uzbek-specific datasets resulted in a 15% improvement in language understanding and 

classification tasks compared to baseline models. Transformer models also excelled in machine translation 
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tasks, producing more fluent and contextually accurate translations. Custom tokenizers developed during 

this research significantly improved the handling of agglutinative word structures, leading to better word 

segmentation and context retention. Despite these successes, data sparsity remained a challenge, limiting 

model generalizability on highly domain-specific texts [9]. 

 
Figure 2. Diagram of deep learning models and algorithms for uzbek language processing . 

The results demonstrate that transformer-based models, particularly BERT and GPT, are highly effective for 

Uzbek language processing when properly fine-tuned and combined with language-specific preprocessing 

strategies. However, challenges such as data scarcity and the complex morphology of Uzbek continue to 

pose difficulties. Expanding annotated datasets and integrating domain-specific lexicons could further 

improve model performance. Additionally, more exploration into unsupervised and semi-supervised learning 

techniques could address data scarcity issues more effectively. The successful application of attention 

mechanisms and customized tokenizers underscores the importance of language-specific adaptations in deep 

learning models [10-12]. 

Conclusions.  The development of deep learning models and algorithms for Uzbek language processing 

within the IT domain has shown promising results, with transformer-based models achieving high accuracy 

and reliability. Future research should focus on expanding datasets by including domain-specific corpora, 

improving tokenization strategies with advanced morphological analyzers, and developing customized deep 

learning architectures optimized for agglutinative languages. Additionally, exploring multilingual transfer 

learning and self-supervised learning techniques could further enhance the model's ability to handle low-

resource languages like Uzbek, paving the way for broader applicability in various NLP tasks and industry 

solutions. 
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