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1. Executive Summary (10%)​ ​  

Problem Statement 
Developing effective natural language processing tools for Kazakh presents unique 
computational linguistic challenges. As an agglutinative Turkic language, Kazakh's 
complex morphological structure, characterized by extensive suffixation and inflection, 
requires specialized handling compared to Indo-European languages. Most existing NLP 
models struggle with Kazakh due to limited training data and inefficient tokenization 
approaches that fail to properly segment its long, morphologically-rich words. Existing 
models often rely on translated datasets, which fail to capture linguistic nuances and 
cultural context, resulting in poor performance for instruction-following tasks such as 
translation, tool use, and open-ended dialogue. This project addresses these challenges by 
developing and evaluating an optimized language model specifically designed for Kazakh's 
linguistic characteristics. 
Key Objectives 
The project pursued four primary technical objectives: 

1.​ Identify and implement the most effective tokenization strategy for handling 
Kazakh's agglutinative morphology.  

2.​ Build a Kazakh NLP model supporting: instruction-following capabilities for 
diverse Kazakh-language tasks including translation, tool use, and conversational 
applications. 

3.​ Optimize for computational efficiency using: 
○​ Parameter-efficient fine-tuning. 
○​ 4-bit quantization to reduce hardware demands. 

4.​ Create a reproducible pipeline for low-resource language adaptation 
These objectives were designed to bridge the gap between theoretical language technology 
research and practical, deployable solutions for Kazakh language processing. 

 

 



Methodology and Preliminary Findings 

Our approach focused on developing an efficient Kazakh language model by combining 
careful evaluation of tools and datasets with optimization techniques that allow for 
effective training in low-resource environments. The process consisted of five main parts: 

1.​ Tokenizer Evaluation and Selection: We started by comparing two tokenizers — 
BERT and Gemma - to see how well they handled Kazakh text. The Gemma 
tokenizer demonstrated superior handling of Kazakh’s Cyrillic script, significantly 
reducing unknown tokens compared to BERT. However, it was more 
computationally demanding, which we noted as an area for later optimization. 

2.​ Model Selection: We chose the Gemma-3 model with 4 billion parameters as a solid 
middle ground between performance and hardware efficiency. To make it more 
lightweight, we applied 4-bit quantization using the BitsAndBytes library, which 
helped lower memory usage without sacrificing too much accuracy. For fine-tuning, 
we used Low-Rank Adaptation (LoRA) through the Unsloth library. This lets us 
fine-tune the model efficiently on a single A100 40GB GPU. 

3.​ Data Collection and Preparation: Since high-quality Kazakh data is limited, we 
combined a variety of sources to create a diverse training set. These included: 

●​ The ner-kazakh dataset for named entity recognition tasks. 
●​ A translated version of MMLU to cover general knowledge. 
●​ Cultural datasets (Dastur, Constitutional Law). 
●​ The Kazakh portion of the MURI-IT dataset and a machine-translated 

version of the Alpaca dataset for instruction tuning. 
4.​ Training and Fine-Tuning: We employed parameter-efficient fine-tuning (PEFT) to 

minimize computational overhead. Also, we Used LoRA adapters to update only 
critical weight matrices, reducing trainable parameters. We experimented with batch 
sizes and learning rates to find a stable and fast training configuration.​  

2. Introduction (10%) 

Recent breakthroughs in Natural Language Processing (NLP) show that the development of 
language technologies for low-resource languages such as Kazakh remains significantly 
limited. Most state-of-the-art models, such as Bert (Devlin et al., 2019), GPT (Brown et al., 
2020), and T5 (Raffel et al., 2020), are predominantly trained on high-resource languages 
like English. As a result, their performance is insufficient when applied to Kazakh, an 
agglutinative language with a rich morphology. This method of processing Kazakh text 
results in weak control of linguistic features, low-quality translations, and syntactic 
mistakes (Blasi et al., 2022). These restrictions limit native Kazakh speakers from 
implementing AI-driven tools and slow down research and development in the context of 
the Kazakh language presence in the digital world. 

 



Accurate and user-friendly Kazakh-specific NLP technologies are rising in demand in a 
range of various fields, including government, business, education, and research. Users 
who speak Kazakh need AI systems that generate outputs in Kazakh language that are both 
culturally relevant and grammatically accurate. Closing this technology gap advances the 
larger objective of unbiased AI and is consistent with international efforts to assist 
low-resource languages (Joshi et al., 2020). Additionally, the creation of a native Kazakh 
language model advances national objectives about Kazakhstan's digital transformation and 
cultural preservation. 

The involvement of Kazakh speakers in the global digital ecosystem is severely limited by 
the lack of strong NLP solutions tailored to Kazakh language. Intelligent systems for 
communication, education, customer support, and content production in Kazakh will be 
accessible after creating a specialized Kazakh language model. For native speakers, this 
improves the user experience and helps increase digital accessibility (Anastasopoulos & 
Neubig, 2019). Additionally, it establishes a basis for future studies and advancements in 
low-resource language modeling, contributing to the reduction of the technology divide and 
the development of inclusive AI ecosystems (Blasi et al., 2022). 

The goal of this project is to create a language model that is specialized for Kazakh 
language. With a focus on grammatical and contextual accuracy, the system will handle key 
natural language processing (NLP) functions such as text generation, automatic 
summarization, and grammar error correction. In this study, we used the Gemma-3 model 
with 4 billion parameters, which we chose because of its balance between computational 
efficiency and performance when working with text in Kazakh. The custom dataset was 
created from various sources, including named databases for entity recognition 
(ner-Kazakh), translated general knowledge tests (MMLU), culturally relevant texts and 
data for customizing instructions (Alpaca, MURI-IT). Since we had hardware-related 
limitations, fine-tuning of the parameters (on the left) was applied using LoRa adapters and 
4-bit quantization, optimizing both learning speed and resource usage without 
compromising accuracy. 

This report is organized as follows: Chapter 3 takes a look at the existing work in Kazakh 
NLP and related multilingual models to give some background and context. Chapter 4 
walks through how we approached the project — including the model architecture, tools 
we used, our workflow, and how tasks were divided among the team. Chapter 5 reflects on 
how the project was implemented in practice, the timeline we followed, the obstacles we 
faced, and how we addressed them. In Chapter 6, we dive into how the model was 
evaluated, what benchmarks we used, and what the results showed. Chapter 7 wraps things 
up by highlighting our key achievements as a result and laying out some ideas for where 
this work could go next. Finally, Chapter 8 lists all the sources and references we used 
throughout the report. 

 



3. Background and Related Work (15%) 

As a background we searched for different sources, research papers that deal with the same 
problem. We found out that the problem of developing effective NLP tools for Kazakh has 
been increasingly recognized in computational linguistics research. Koto et al. (2025) 
highlight how multilingual LLMs often fail to provide accurate, culturally-grounded 
responses for low-resource languages like Kazakh, particularly for domain-specific queries 
about government procedures or cultural traditions. Similarly, Conover et al. (2023) 
demonstrate that translated instruction datasets retain Anglocentric biases, while 
Yeshpanov et al. (2024) highlight the notable absence of Kazakh datasets specifically 
designed for instruction-following tasks. These studies collectively underscore the critical 
need for specialized approaches in Kazakh language processing. These papers helped shape 
our understanding of the core challenges in Kazakh NLP development.​
Several existing studies have considered similar tasks of adapting language models for 
low-resource contexts. The MURI project (Köksal et al., 2024) attempted to address this 
through multilingual instruction generation, while KazLLaMA (2023) focused specifically 
on Kazakh through fine-tuning approaches. However, our analysis revealed gaps in these 
works - particularly in their handling of culturally-specific content and their computational 
requirements. Our current project seeks to make possible improvements.  

The research reports that were reviewed were particularly influential for our approach to 
dataset creation. After reviewing the data collection methods, we wanted to expand the data 
using manual data collection and then use back translation for Kazakh text, although the 
data was small, it still gave us insight into how to expand the dataset. The cultural domain 
annotations in Layik et al. (2025) provided a valuable template for data collection and 
categorization. Most of the datasets we use in our work were found in research papers in 
which they are well described and used. For example, Layik et al. (2025) reviews and 
compares various datasets, then uses the main ones such as: MURI, Alpaca datasets. The 
selection of datasets for our project followed a systematic evaluation process based on three 
crucial criteria: linguistic coverage, task diversity, and computational feasibility. Our 
primary dataset, the Muri-it Kazakh Split sourced from KazakhAI (2023), was chosen for 
its rich collection of authentic instruction-response pairs. These samples cover a broad 
spectrum of usage, including government procedures, cultural narratives, and daily 
conversations. This represents a significant improvement over alternatives like 
KazParCorp, offering greater task variety and more comprehensive language coverage. For 
the translated component of our training data, we employed the Alpaca-KZ dataset.  The 
synthesis of these various sources has allowed us to develop a more comprehensive 
solution than any single previous approach.  

 

 



4. Project Approach (20%) 

We built our pipeline end-to-end in Python, as it has the widest community in ML and AI. 
The core inference and training engine is PyTorch (with CUDA) with BitsAndBytes library 
providing 4-bit quantization to decrease memory footprint of the models and increase 
training speed. We rely heavily on Unsloth and its FastModel wrapper to load and inference 
the models. Data we used lives in Hugging Face Datasets, and we load them directly to 
Colab storage while streaming during runtime. The hardware we used is Google Colab’s 
NVIDIA A100 40GB GPU instance.  

We apply additional instruction-tuning using LoRA adapters. Lightweight 
rank-decomposition approach freezes the base model’s most weights and only updates 
small subset of low-rank parameter matrices. This approach drastically reduces the VRAM 
consumption and makes the training faster, while still providing substantial learning 
outcomes. We perform the training with Unsloth’s train_on_completions method, which 
masks out the prompt and computes loss only on the completion tokens. What is 
noteworthy is that we also set the quantization config to dynamic 4-bit (“BNB 4-bit”) for 
weight. This trades minimal accuracy loss for huge memory savings, crucial for projects 
under low compute. Evaluation uses standard causal-LM perplexity on held-out Kazakh 
text of the dataset, and exact match/accuracy benchmarks adapted for Kazakh language.  

Workflow of the project implementation is as this: 

1.​ Environment Setup 
a.​ Install dependencies: pip install unsloth vllm bitsandbytes torch datasets 

pandas matplotlib. 
b.​ Verify GPU and memory availability (torch.cuda.max_memory_reserved()) 

before and after training. 
2.​ Data Preparation 

a.​ Convert raw Kazakh conversational logs into the “Gemma-3 style” JSON 
format: each example has <bos> instruction <eos> response <eos>. 

b.​ Merge and shuffle, then split into train/validation folds. 
3.​ Model Loading & Adapter Injection 

a.​ Load base model via FastModel.from_pretrained(). 
b.​ Attach a LoRA adapter with model.add_adapter(). 

4.​ Training Loop 
a.​ Call trainer = UnslothTrainer(...) with our dataset and adapter config. 
b.​ Run trainer.train() for 3 epochs (≈ 4 hours total). 

5.​ Evaluation & Visualization 
a.​ Compute validation perplexity and our custom QA benchmarks. 
b.​ Export metrics to a Pandas DataFrame and generate bar charts. 

 



6.​ Record runtime and peak memory usage for inclusion in the report. 

Colab notebook is available via this link: 
https://colab.research.google.com/drive/1b82oXLne4cFFGHzJ6CjRMom9dmJVXqOf
?usp=sharing 

Third-Party Components Involved in this project are: 

●​ Unsloth – wraps model loading, LoRA, and training loops into a concise API. 
●​ BitsAndBytes (bnb) – provides 4-bit weight quantization (via 

bnb.QuantizationConfig) to reduce VRAM usage. 
●​ Hugging Face Datasets – handles efficient sharding, caching, and streaming of 

large corpora. 
●​ Torch (PyTorch) – the primary deep-learning framework for all tensor operations 

and GPU dispatch. 
●​ Pandas & Matplotlib – for tabular data manipulation and visualization of 

benchmarks. 

5. Project Execution (15%) 

In the preceding semester, our research commenced with the selection of a base model for 
natural language processing tasks. We concentrated on evaluating models for low-resource 
languages, specifically targeting the Kazakh language. The tokenizers of four 
models—QWEN2-7B, gemma-7b, SmOLLM-1.7B, and phi-2—were assessed, and their 
performance metrics were recorded. The results, presented in Table 1, include the number 
of words, number of tokens, fertility (defined as the ratio of tokens to words), and 
vocabulary size for each model. 

 

Table 1. Comparison of Tokenizer Performance Metrics for Kazakh Language Across Four 
Models 

 

https://colab.research.google.com/drive/1b82oXLne4cFFGHzJ6CjRMom9dmJVXqOf?usp=sharing
https://colab.research.google.com/drive/1b82oXLne4cFFGHzJ6CjRMom9dmJVXqOf?usp=sharing


To evaluate the performance of various language models on mathematical reasoning and 
multilingual natural language understanding tasks, we conducted a series of benchmark 
tests on the aforementioned models. The evaluation included a mathematical reasoning test 
(Math Test) and two language understanding benchmarks: BELEBELE and XCOPA, with 
XCOPA tests conducted in both English (en) and Kazakh (kk). The Math Test required 
models to solve 78 mathematical problems, with scores reported as the number of correct 
responses. BELEBELE assessed natural language understanding in Kazakh, reporting 
scores as the average accuracy across tasks, with random baseline results provided for 
comparison. XCOPA evaluated the models’ ability to perform commonsense reasoning in 
English and Kazakh, with scores reflecting accuracy. Not all models were evaluated on 
every benchmark due to computational constraints or model limitations, as noted in the 
results. The outcomes of these evaluations are summarized in Table 2, providing a 
comparative analysis of model performance across the specified tasks. 

Test QWEN2-1.5B-Instruct gemma-2-2b-it smol 1.7b 

Math Test 0/78 28/78 30/78 

BELEBELE 0.244 (random: 0.200) 0.254 (random: 
0.200) 

Not evaluated 

XCOPA (en) 0.606 0.632 Not evaluated 

XCOPA (kk) 0.220 (random: 0.552) Not evaluated Not evaluated 

Table 2. Performance of Language Models on Mathematical Reasoning and Multilingual 
Natural Language Understanding Benchmarks 

Subsequently, we investigated the potential applications of the selected model for further 
development. Our initial objective was to pretrain the model, which necessitated the 
acquisition of suitable datasets in the Kazakh language. To this end, we compiled data from 
three prominent Kazakh language datasets, which exhibited diversity in size, source, and 
content type, encompassing articles, books, and online content. These datasets were 
sourced from HuggingFace, specifically including CulturaX (Nguyen et al., 2023), 
MADLAD-400 (Kudugunta et al., 2023), and the Multidomain Kazakh Dataset 
(KZ-Transformers, HuggingFace). However, upon thorough evaluation, we identified 

 



significant constraints, including the scarcity of datasets in the Kazakh language, limited 
computational resources, and insufficient expertise in pretraining. Consequently, we shifted 
our focus to fine-tuning existing language models to better align with our project objectives 
and available resources.  

Even though our professor provided access to Yandex DataSphere along with credits to 
support our computational needs, we encountered numerous challenges in effectively 
utilizing the platform. The screenshots provided illustrate a specific technical issue 
encountered while utilizing Yandex DataSphere for our natural language processing tasks. 
During the setup of the computational environment, we attempted to configure the system 
to leverage GPU resources for model training. However, the process was interrupted by a 
runtime error, as shown in Figure 1. The error message further suggests running the 
command python -m bitsandbytes to diagnose the issue and potentially locate the CUDA 
libraries, pointing to a possible mismatch or misconfiguration in the environment setup. 
This challenge highlights the difficulties in configuring Yandex DataSphere for 
GPU-accelerated tasks, particularly due to the platform's dependency on external library 
compatibility and the steep learning curve associated with its setup procedures. 

 

Figure 1. Screenshot of CUDA Setup Failure in Yandex DataSphere During Environment 
Configuration 

The next screenshot highlights an issue encountered during the deployment of our code on 
Yandex DataSphere, specifically related to the creation of a Docker container. As shown in 
Figure 2, the process involved two key steps: setting the environment library path and 
running a command to create a virtual environment using python3 -m venv. This failure 
occurred despite the same code functioning seamlessly on Google Colab, where the virtual 
environment was successfully created. The issue likely stems from discrepancies in the 
system environment or dependencies between the local setup and Yandex DataSphere’s 
containerized environment, such as missing permissions, incompatible library paths, or the 
absence of required packages like python3-venv. This challenge underscores the difficulties 

 



in replicating a locally validated setup within Yandex DataSphere’s Docker-based 
infrastructure. 

 

Figure 2. Screenshot of Docker Container Build Failure in Yandex DataSphere During 
Virtual Environment Setup 

Another screenshot illustrates a critical issue encountered during the fine-tuning process of 
our language model on Yandex DataSphere, specifically an out-of-memory error that halted 
training. As shown in Figure 3, the training script (trainer.train()) was executed with a batch 
size of 12, gradient accumulation steps of 4, and a total of 48 trainable parameters, utilizing 
a single GPU with 39.56 GiB of total memory, of which 21.96 GiB was free. However, the 
process failed with an "OutOfMemoryError: CUDA out of memory," indicating that the 
allocated memory (17.00 GiB by PyTorch, with an additional 52.88 MiB reserved but 
unallocated) exceeded the available GPU memory. The training statistics reveal that at step 
400, the training loss was 1.429600 and the validation loss was 1.436312, but the process 
could not proceed further due to memory constraints. This issue underscores the challenges 
of managing GPU memory in Yandex DataSphere, particularly when fine-tuning large 
language models with limited hardware resources. 

 

 



 

Figure 3. Screenshot of OutOfMemoryError During Model Fine-Tuning on Yandex 
DataSphere 

After dedicating over a month to resolving the challenges associated with Yandex 
DataSphere, we opted to transition to a Google Colab Pro subscription, where all 
subsequent work was conducted to ensure a more stable and efficient computational 
environment for our fine-tuning tasks. Additionally, to address the computational and 
resource constraints encountered, we sought a cost-effective and efficient method for 
fine-tuning our language model. Consequently, we adopted Low-Rank Adaptation (LoRA), 
a parameter-efficient fine-tuning technique, and integrated it with the Unsloth optimization 
framework to minimize costs and accelerate the process. LoRA, introduced by Hu et al. 
(2021), enables the adaptation of large pre-trained language models (LLMs) for specific 
tasks without updating all model parameters. This method freezes the original model 
weights and introduces a small number of trainable low-rank matrices into selected layers, 
typically the dense (linear) layers, thereby reducing computational overhead while 
maintaining performance. To further enhance efficiency, we utilized Unsloth, a 
computational optimization framework that accelerates LoRA training through 
Triton-based implementations (Han & Han, 2023, as cited in Zheng et al., 2024). Unsloth 
optimizes backward propagation by reducing floating-point operations (FLOPs) during 
gradient descent, ensuring memory efficiency through hardware-aware kernel 
optimizations. This combination of LoRA and Unsloth enabled us to fine-tune the model at 

 



a significantly reduced cost, making it a practical solution for our resource-limited 
environment.  

Our fine-tuning process heavily utilized Unsloth’s official guiding notebook, which 
required substantial modifications to meet our project’s needs. To ensure proper dataset 
integration, we developed a custom Conversation Style converter tailored to the Gemma 3 
model’s format, as the default Unsloth converter introduced errors. Several challenges 
arose during this process. Initially, we encountered formatting issues with dataset inputs, 
specifically the presence of duplicate <bos> tokens, which we traced back to both the 
Unsloth converter and the tokenizer appending these tokens independently. Resolving this 
required careful adjustment of the tokenization pipeline. Additionally, we faced difficulties 
with dataset masking, where the assistant’s role outputs were inadvertently converted into 
padding tokens and subsequently lost. This necessitated a complete overhaul of the dataset 
merger and converter to preserve the integrity of the assistant’s responses. Through 
experimentation, we determined that an effective batch size of 24 was optimal for the A100 
40GB GPU, though this process involved overcoming multiple out-of-memory errors. 
Furthermore, we observed that evaluation steps were time-intensive and identified an 
opportunity to enhance efficiency by increasing the evaluation batch size to 32, up from the 
default of 24, thereby accelerating the evaluation process while maintaining stability. 

The additional problem is illustrated in the screenshot below that shows a sample of the 
input-output pairs used for fine-tuning our model, revealing a significant issue with the 
dataset quality. As shown in Figure 4, many of the outputs were excessively brief, often 
consisting of single-word responses such as "OK," "Yes," "No," or "Topic," which lack 
depth and fail to provide meaningful conversational value. For example, in response to the 
input "Кірс: бул хох," the model output was simply "Ережепер: Бас әріптен 
басталуы;басталады херері бас әріптер жоқ," and for "Сіз маған кемектесті ме?" the 
output was "Topic." The dataset, processed at a rate of 10891.07 examples per second, 
contained numerous such instances where the outputs were limited to one or two words, as 
seen in responses like "C. Барша" to "Полданып отсташы қандай?" and "На" to "Он 
керегін сіңкты қымсак болды." Recognizing that these short, low-quality responses could 
hinder the model’s ability to generate coherent and informative replies, we implemented a 
filtering criterion to exclude all outputs shorter than five words. This decision was made to 
encourage the model to produce more detailed and contextually appropriate responses, 
thereby improving its conversational performance during fine-tuning. 

 



 

Figure 4. Screenshot of Input-Output Pairs from the Fine-Tuning Dataset Highlighting 
Short Responses 

We addressed the challenges encountered by strategically pivoting our project approach, 
adapting to the constraints identified during the process. With the support of Professor 
Braslavskii, who facilitated access to expert contacts, we were able to resolve these issues 
effectively and obtain the results presented in this report. 

Throughout the course of the project, several team configurations were explored. 
Ultimately, the following structure was adopted: Yerkebulan and Aksultan were assigned to 
fine-tuning and model evaluation tasks. Fatima and Ayazhan focused on dataset collection 
and literature review, ensuring the team remained informed about recent developments in 
the field of natural language processing. Murat was primarily responsible for project 
coordination and maintaining communication with the supervising professor. This team 
structure demonstrated effective collaboration and contributed positively to the project’s 
progress. 

6. Evaluation (20%) 

Link to the evaluation/benchmarking code on Google Colab (separate from the model 
learning code for cleanliness) - 
https://colab.research.google.com/drive/1Zxr9EHQ_c6g09Lr1bnIfL5ueBY2aGuk9?us
p=sharing 

 

https://colab.research.google.com/drive/1Zxr9EHQ_c6g09Lr1bnIfL5ueBY2aGuk9?usp=sharing
https://colab.research.google.com/drive/1Zxr9EHQ_c6g09Lr1bnIfL5ueBY2aGuk9?usp=sharing


Languages like Kazakh, which belong to the agglutinative family, often stack multiple 
suffixes and inflections onto root words. This creates a huge variety of word forms, making 
it tough for traditional tokenizers to handle effectively. Subword tokenization methods like 
Byte Pair Encoding (BPE) and WordPiece offer a strong solution. They break down 
complex or rare words into smaller, more common subword units—helping models cover 
more vocabulary with fewer unknowns. This approach works especially well for 
low-resource languages, where every bit of generalization counts. 

WordPiece tokenization is utilized by models such as BERT, developed by Google. 
Although the exact implementation details are not publicly available, the tokenizer’s 
behavior can be replicated based on their original research paper. Another notable model, 
Gemma3 (Google), has demonstrated strong performance on non-space-delimited 
languages, such as those using ideograms. Interestingly, we observe that it also performs 
reasonably well on morphologically rich Cyrillic scripts, such as Kazakh. 

We used the ner-kazakh dataset from HuggingFace, which provides labeled Named Entity 
Recognition (NER) data in Kazakh. 

 



We evaluated the tokenizer’s performance by computing the token-to-word ratio, also 
known as the fertility rate, which indicates the average number of tokens generated per 
word. This metric gives insight into how fragmented the output is, which can impact model 
efficiency and inference latency. 

Tokenization Results 

Total Tokens: 3,173,340 

Total Words: 999,921 

Tokenizer Fertility Rate: 3.17 tokens per word 

Observations 

From preliminary visual inspection, Gemma appears to tokenize Kazakh words written in 
Cyrillic more meaningfully compared to BERT, which often fails to handle the script 
appropriately, leading to a large number of “UNK” unknown tokens. However, this 
advantage comes with a trade-off: Gemma’s 3.17 tokens per word implies a heavier 
computational load, potentially affecting inference time and resource utilization. 

To evaluate the Gemma-3’s based model performance on BLEU and perplexity metrics 
running the validation tests on 3000 translated/curated Kazakh sentences and MURI-IT and 
Kazakh Alpaca datasets, respectively.  

BLEU benchmarks on Gemma-3​

 

 



Perplexity of baseline Gemma-3 4B 

 

As such, Kazakh-Alpaca results in better precision of the answers as its respective 
perplexity score is lower than that of MURI-IT by ~2.42. Overall, such numbers are quite 
within the best benchmarks for this metric which indicates that the base model provides 
stable and less prone to halucinating answers given better next-word prediction, and, as 
such, better language understanding .  

Model Selection and Optimization Strategy 

Given the resource constraints of our project—both in terms of budget and hardware—we 
opted to use quantized models throughout our experimentation and fine-tuning phases. 
Specifically, we leveraged 4-bit quantization with the Unsloth framework, which 
significantly reduces the memory footprint and computational requirements of large 
language models, allowing us to run them efficiently on more modest hardware setups. 

We utilized models provided by the Unsloth project, which offers high-performance 4-bit 
versions of popular architectures, including LLaMA 3.2, Gemma 2, and Phi 3.5, among 
others. These models retain competitive accuracy while being up to 2× faster in inference 
and significantly lighter on GPU memory usage—ideal for prototyping and 
experimentation in low-resource and low-budget settings. 

For our Kazakh language tasks, we specifically used a 4-bit quantized version of 
Gemma-3, which we fine-tuned using LoRA (Low-Rank Adaptation) with unsloth 
optimizations. These include efficient memory handling, larger batch sizes, and longer 
context capabilities through gradient checkpointing. 

 

 

 

 

https://huggingface.co/unsloth


Model learning rate evaluation 

 

The training loss steadily decreases from around 1.9 to 1.2 over approximately 3200 steps. 
In the early phase, there is a sharp drop as the model quickly learns basic patterns. In the 
later phase, the decline becomes more gradual, indicating smooth convergence. Toward the 
end, there is a very slight uptick in loss, which might suggest some minor noise or a small 
risk of overfitting. Overall, our quantized model is learning well without signs of instability 
or divergence. 

 

 



The learning rate follows a classic warmup and linear decay schedule. It starts near 
0.00016, slightly peaks during the warmup phase, and then steadily decreases toward zero. 
There are no sudden jumps or sharp drops that could destabilize the training process. 
Overall, the learning rate policy appears to be correctly applied and stable. 

 

The gradient norm fluctuates between approximately 0.6 and 0.85 throughout training. 
While there is noticeable oscillation, there are no extreme spikes or sudden collapses that 
would indicate instability. The variations are relatively controlled, suggesting that the 
optimizer is handling the updates well and that training remains stable overall. 

 

 



The chart illustrates the evaluation throughput measured in steps per second across training 
checkpoints. Initially, there is a sharp increase in speed, stabilizing around 0.86 steps/sec 
after the first few hundred global steps. Minor fluctuations are observed throughout 
training, with a slight dip around step 1.5k and a temporary peak near step 2k. Overall, the 
performance remains consistent, with no drastic drops or instability. These controlled 
variations suggest that evaluation efficiency is stable and not significantly impacted by 
model updates or checkpointing. 

Fine-Tuning Objective and Dataset 

Our focus was on evaluating Kazakh language models on instruction-following tasks, using 
quantized Gemma-3 4B model as a comparative baseline since it was the model we fine 
tuned from. We trained and evaluated models on datasets containing trivia-style and 
situational multiple-choice questions translated into Kazakh. These datasets included: 

●​ Translated MMLU for general knowledge​
 

●​ Kazakh Constitutional law​
 

●​ Kazakh Cultural traditions (Dastur) 

For the evaluation, we used the lm_eval script with the following task sets, including both 
MMLU-style and UNT-oriented benchmarks: 

●​ mmlu_translated_kk 
●​ kazakh_and_literature_unt_mc 
●​ kk_biology_unt_mc 
●​ kk_constitution_mc 
●​ kk_dastur_mc 
●​ kk_english_unt_mc 
●​ kk_geography_unt_mc 
●​ kk_history_of_kazakhstan_unt_mc 
●​ kk_human_society_rights_unt_mc 
●​ kk_unified_national_testing_mc 
●​ kk_world_history_unt_mc 

The primary evaluation metric was accuracy (acc), which reflects the percentage of correct 
answers. All evaluations were conducted in a zero-shot setting (--num_fewshot 0).  

Our procrastipredator/gemma-3-kk-qlora-adapter model was evaluated on a diverse set of 
multiple-choice tasks covering Kazakh-language educational and general knowledge 
benchmarks. These include a translated version of MMLU and a range of subjects typically 
found in the UNT (Unified National Testing) framework. 

 



Despite the challenging nature of these trivia-style, fact-based tasks, the model performed 
consistently across domains, achieving an average accuracy of approximately 20% in a 
zero-shot setting, which is in line with the base 4B quantized Gemma-3 model. 

While accuracy on these fact-recall, choose-right-answer-out-of-multiple-questions tasks is 
a useful baseline, the true strengths of the QLoRA-adapted model are expected to emerge 
in more generative and nuanced tasks—such as: 

●​ Grammar correction​
 

●​ Text comprehension​
 

●​ Summarization​
 

●​ Coherent and fluent rephrasing in Kazakh 

These capabilities will be assessed in the next chapter of evaluation, with qualitative 
feedback.from native speakers (who are project authors as well), ensuring the model is 
tested on more practical and linguistically rich scenarios beyond structured testing formats. 

 

 



Notable task accuracies: 

●​ kk_biology_unt_mc: 0.2508 ± 0.0196 
●​ kk_english_unt_mc: 0.2491 ± 0.0180 
●​ kk_constitution_mc: 0.1968 ± 0.0280 
●​ kk_world_history_unt_mc: 0.2017 ± 0.0189 

These results are promising, particularly given that the questions require specific 
knowledge and are not formulated as open-ended or contextual prompts. The 
multiple-choice format provides minimal contextual grounding, which makes them harder 
to solve without direct factual recall. 

Generative and real Kazakh fluency tasks 

Within the next series of text answer records, we’ll see the qualitative performance of our 
trained model on the tasks mentioned above. ​
 

 

On the screenshot provided above, we can see a significantly better translation result of the 
given Russian when temperature is lowered to 0.9, and top_p metric lowered to 0.8. This 
shows that our model shows better understanding of the language than the baseline 
Gemma-3 4B. 

Likewise, our model have outperformed the baseline as can be seen in the screenshot 
below: 

 



 

Consequently, our fine-tuned QLoRA model provides considerably better grammar and 
stylistic correction as can be seen on two records below - it does also follow the 
instructions more strictly than the base model.  
 

 

 

 



Furthermore, the following record illustrates better, more nuanced summarization of a 
lengthy Kazakh text.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



Interestingly, our fine-tuned adapter is less verbose than the base Gemma-3 model - it tends 
to generate text less wordy yet keeping the essence of the input text as can be seen on the 
Google Colab compilation records below:  

 
 
Importantly, it does not tend to generate words/symbols from other languages unlike the 
base model as can be seen on the record below, yet both outputs are not straight to the 
points since the morphological structure is trickier here though our model still sticks to the 
only Kazakh-text generation:​
​

 
 
To sum up, the nuanced Kazakh language generation tasks, such as summarization, 
grammar correction, redundancy check, instruction following, language dexterity and 
creativity are more pronounced within our fine-tuned model, which is a testament to 
QLoRA adapters and specific token-rich Kazakh datasets.  

 



7. Conclusion and Possible Future Work (5%) 

The initiative of this project represents an important advancement in minimizing the gap in 
Kazakh-language NLP by launching the first dedicated language model designed explicitly 
for Kazakh. According to the evaluation results, the improved QLoRA model demonstrates 
significantly improved performance compared to the basic Gemma-3 4B model in many 
aspects of Kazakh language processing. The evaluation performance remained stable 
throughout the training, which indicates the stability of the model and the effectiveness of 
defining control points. The model perfectly copes with complex tasks, such as grammar 
correction, generalization, and stylistic refinement, where it consistently produces more 
accurate, concise, and instructional results compared to the original version. It is 
noteworthy that this also demonstrates stricter adherence to Kazakh language rules and 
language structures, avoiding non-Kazakh lexemes and excessive verbosity. These results 
confirm the effectiveness of our approach combining LoRa adapters with a carefully 
selected dataset in Kazakh, rich in lexemes. 
 
Even with the significant advancements made, some restrictions are still present. The 
variety and size of the training dataset, although adequate for preliminary modeling, could 
be enhanced to more effectively reflect the entire linguistic range of the Kazakh language. 
Moreover, restricted access to advanced computing resources limited our capacity to test 
larger model structures and extended training periods, possibly enhancing model accuracy 
and generalization for further model development cycles.  
 
In future work, we can expand the data set both in size and diversity, paying more attention 
to improving the quality of translations in order to better reflect the nuances of the Kazakh 
language. In addition, we would like to experiment with larger model architectures, such as 
versions with parameters 12B and 27B, in order to study their ability and operability to 
capture complex linguistic patterns. Future experiments may also include systematic tuning 
of hyperparameters to optimize learning stability and output quality. It is expected that 
these areas will further enhance the effectiveness and generalizability of the model in the 
tasks of Kazakh NLP. 
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