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The object of the study is the text classification and
semantic search tailored to the unique linguistic features
of the Kazakh language. The research addresses the chal-
lenge of improving the accuracy, relevance, and efficiency of
semantic search.

This study focuses on improving semantic search for
the Kazakh language by analyzing computational models
tailored to its unique linguistic features, such as agglutina-
tive morphology and rich inflectional systems. The research
compares traditional rule-based approaches and advanced
transformer architectures, including fine-tuned models like
RoBERTa, for their ability to handle semantic nuances, con-
textual relationships, and user intent. The results reveal that
fine-tuned transformer models achieved significant advance-
ments, with the RoBERTa model attaining a Precision@10
of 89.4 %, a Mean Reciprocal Rank (MRR) of 85.6 %, and an
F1-Score of 88.0 %. Additionally, the semantic search system
developed in this study demonstrated a precision of 88.4 %,
recall of 87.6 %, and an F1-score of 88.0 % on a domain-spe-
cific Kazakh dataset.

Key to these improvements were innovations in prepro-
cessing pipelines, including custom tokenization and lem-
matization tailored to Kazakh's agglutinative morpholo-
gy, and the integration of contextual embeddings to resolve
issues such as synonymy and homonymy. Computational
efficiency was enhanced through resource optimization tech-
niques, enabling the deployment of these advanced models
in constrained environments. These findings underscore the
potential of tailored transformer models to bridge the gap in
semantic search capabilities for underrepresented languag-
es like Kazakh, advancing the inclusivity of natural lan-
guage processing technologies
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1. Introduction

In the era of rapid digital transformation and the expo-
nential growth of information, the development of natural
language processing (NLP) systems has become a critical
area of research. Among the many languages supported
by modern NLP technologies, underrepresented languages,
such as Kazakh, often face unique challenges due to limited
resources, fragmented datasets, and a lack of robust linguis-
tic tools. Despite these obstacles, the demand for efficient
semantic search capabilities in Kazakh continues to grow,
fueled by the increasing digitization of Kazakh-language
content and its integration into various domains, including
education, e-governance, and cultural preservation [1].

Semantic search - focused on understanding user intent
and retrieving contextually relevant results — has proven
transformative for major languages with extensive NLP
resources. However, applying similar methodologies to the
Kazakh language presents specific difficulties. These stem
from the agglutinative structure of Kazakh, rich morphology,
and variations in dialects, all of which complicate the task of
processing and understanding semantic meaning. Existing
global models often fail to capture the nuances of Kazakh,
highlighting the need for localized and tailored solutions.

The importance of advancing research in Kazakh lan-
guage processing is further underscored by its role in pro-
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moting linguistic diversity, preserving cultural identity, and
supporting equitable access to information. As digital content
continues to expand, it is essential to ensure that Kazakh speak-
ers can benefit from the same sophisticated search technologies
as those available for widely spoken languages. Moreover, the
development of such tools has practical applications in infor-
mation retrieval, knowledge discovery, and the enhancement of
human-computer interaction for Kazakh speakers [2].

To address these challenges, a comprehensive analysis
of existing Kazakh language processing models and their
application in improving semantic search is essential. This
research area is both timely and critical, as it provides a foun-
dation for the future development of robust tools that support
meaningful engagement with Kazakh-language content.

Therefore, research on the comparative evaluation and
optimization of Kazakh language processing models for
enhancing semantic search results is highly relevant. Such
studies are vital for addressing existing gaps, overcoming
linguistic barriers, and ensuring the inclusion of Kazakh in
the global digital ecosystem.

2. Literature review and problem statement

The challenges of developing effective text classification
methods for the Kazakh language arise from the intersec-




tion of limited linguistic resources, the language’s unique
agglutinative structure, and the computational complexity
of modern machine learning techniques. Text classification,
a core task in natural language processing (NLP), catego-
rizes textual data into predefined groups and is pivotal in
applications such as sentiment analysis, topic modeling, and
information retrieval.

Traditional methods, including Naive Bayes, Support
Vector Machines, and Decision Trees, have been applied
successfully to high-resource languages for simple text clas-
sification tasks, as demonstrated in [3]. However, their
inability to handle the high dimensionality and morpholog-
ical richness of agglutinative languages, such as Kazakh,
limits their applicability. Advanced techniques, including
Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and Transformers, have shown promise in
addressing these limitations for resource-rich languages [4].
Their reliance on large datasets and substantial computation-
al power poses significant barriers to adoption for Kazakh.

Despite these advancements, several challenges remain:

1. While synthetic data and weak supervision mitigate
some issues, the lack of comprehensive Kazakh linguistic
datasets (e.g., annotated corpora for domain-specific con-
texts) continues to hinder model performance.

2. Models trained on specific datasets, even with ontolo-
gy-driven enhancements, struggle to generalize across vastly
different domains due to biases in the training data.

3. The fast evolution of language use in social media and
informal settings remains a challenge for static or semi-static
models, as seen in [5].

4. Even advanced tokenization and embedding tech-
niques occasionally fail to capture rare or highly irregular
morphological patterns, limiting semantic understanding.

5. While optimization methods improve performance,
they often reduce interpretability, making it harder to under-
stand why certain classifications are made—an issue partic-
ularly critical in applications like legal or medical document
classification.

A promising avenue to mitigate these challenges is transfer
learning, as outlined in [6], where pre-trained models are adapt-
ed to specific languages and tasks. This approach significantly
reduces the data requirements for Kazakh language processing,
though it often struggles to fully capture language-specific fea-
tures. Another strategy explored in [7] employs hybrid systems
combining keyword-based and semantic matching methods,
achieving improved classification accuracy for specific do-
mains. However, generalizing these methods to broader applica-
tions has proven difficult due to domain-specific biases.

The computational challenges are equally critical. As [8]
pointed out, the high resource requirements of deep learning
models are a fundamental barrier for languages with limited
technological infrastructure. Optimization techniques, such
as parameter reduction and model distillation, have been ap-
plied in [9] to make these models more accessible, but these
methods still struggle to achieve competitive performance
compared to systems built for high-resource languages.

To address these unresolved challenges, a two-pronged
approach is proposed. First, the development of a comprehen-
sive, large-scale, open-source linguistic corpus for Kazakh,
enriched with detailed annotations for various NLP tasks,
is essential. This resource would significantly enhance the
training and evaluation of future models by providing a
robust foundation for handling the unique linguistic com-
plexities of the Kazakh language, including its agglutinative

morphology and rich syntactic structures. The annotated
corpus would enable the development of more precise and
contextually aware models, particularly for text classification
and semantic search tasks.

Second, the implementation of adaptive, resource-effi-
cient machine learning models, such as lightweight trans-
former architectures tailored to agglutinative languages, is
recommended. These models would improve scalability and
real-world applicability, making advanced NLP tools acces-
sible even in computationally constrained environments.
Additionally, exploring hybrid approaches that combine
statistical and neural techniques offers a promising middle
ground between interpretability and performance, allowing
for flexible and efficient model deployment.

These advancements hold the potential to revolutionize
the development of efficient and interpretable text classifica-
tion systems for Kazakh. Moreover, they would contribute to
the broader inclusion of underrepresented languages in NLP
research, fostering equitable access to cutting-edge language
technologies.

All this allows to assert that it is expedient to conduct a
study on developing and integrating large-scale annotated
resources and resource-efficient models for the Kazakh lan-
guage to address its linguistic complexities and advance its
representation in natural language processing research.

3. The aim and objectives of the study

The aim of this study is to develop a computational frame-
work and methods tailored to the linguistic characteristics of the
Kazakh language, such as agglutinative morphology and dual
script usage, to enhance semantic search systems. This will en-
able the creation of accurate and contextually relevant informa-
tion retrieval tools, improving accessibility to Kazakh-language
digital content and supporting the broader adoption of natural
language processing technologies for low-resource languages.

To achieve this aim, the following objectives were
achieved:

- to address linguistic challenges in Kazakh semantic
search and evaluate advanced methodologies for processing
the Kazakh language, focusing on overcoming its unique
linguistic challenges, such as agglutinative morphology, syn-
onymy, homonymy, and dual script usage.

- to implement semantic search in the Kazakh language
and addressing the unique linguistic features of the Kazakh
language, such as its agglutinative morphology and rich in-
flectional system, to improve the system’s understanding of
meaning and context.

4. Materials and methods

4.1. Object and hypothesis of the study

The object of the study is the text classification and se-
mantic search tailored to the unique linguistic features of the
Kazakh language.

The main hypothesis of the study is that tailoring ad-
vanced machine learning models, such as transformer-based
architectures, to the specific linguistic characteristics of the
Kazakh language, combined with the creation of annotated
linguistic resources, will significantly enhance the accuracy,
relevance, and scalability of text classification and semantic
search systems.



Assumptions made in the study:

- sufficient annotated datasets can be created or aug-
mented for training advanced models;

- pre-trained multilingual models, when fine-tuned on
Kazakh data, will effectively capture the language’s aggluti-
native morphology and syntactic nuances;

- computational constraints can be mitigated using re-
source-efficient architectures or optimization techniques.

Simplifications adopted in the study:

- the study focuses primarily on Cyrillic-script Kazakh
text, with minimal consideration of Latin-script data;

- morphological parsing assumes the availability of stan-
dard linguistic rules and tools, even though irregular forms
may exist;

- the evaluation of semantic search performance is con-
ducted on domain-specific datasets, which may not fully
represent all real-world applications;

- computational experiments are performed on limit-
ed-scale datasets, assuming scalability to larger datasets with
similar linguistic characteristics.

To address these issues, a hybrid text classification frame-
work tailored to the Kazakh language that combines:

1. Building on the work in [10], let’s refine morpholog-
ical segmentation techniques to better capture Kazakh’s
linguistic structure. By integrating token-based subword
embeddings and character-level features, the system more
effectively represents word inflections and derivations.

2. Pre-trained models such as multilingual BERT
(mBERT) and XLM-R were fine-tuned with additional layers
to capture language-specific syntax and semantics. Unlike
earlier efforts in [11], which faced challenges in fully adapt-
ing to Kazakh, our model integrates task-specific pre-training
using synthetically generated and manually curated datasets.

3. Using techniques such as parameter-efficient fine-tun-
ing (e.g., LoRA) and model distillation, it is possible to reduce
the computational overhead while maintaining competitive
performance.

4. Ontology-based semantic frameworks, as proposed
in [12], were augmented with dynamic rule-based systems to
improve generalization across diverse text domains.

4. 2. Methodology

4. 2.1. Methodology stages

This study focuses on the development and evaluation of Ka-
zakh language processing models to enhance semantic search
results. The methodology encompasses several key phases, in-
cluding dataset preparation, feature representation, model devel-
opment, training, semantic search integration, and evaluation.

The first step involved constructing a comprehensive corpus
to serve as the foundation for model training and evaluation.
Texts were collected from diverse sources, such as news articles,
social media posts, literary works, and official documents, to en-
sure broad coverage of linguistic styles and domains. To address
the dual script usage in Kazakh, where both Cyrillic and Latin
scripts are employed, all texts were normalized into the Cyrillic
script to standardize the dataset. The texts were then manu-
ally annotated into predefined categories relevant to semantic
search, such as politics, sports, technology, and entertainment.
This annotation facilitated supervised learning by providing
labeled data for model training.

4.2. 2. Preprocessing of Kazakh texts
Preprocessing was critical to handle the unique linguistic
characteristics of the Kazakh language. Tokenization, tailored

to its agglutinative morphology, ensured that word boundaries
and suffixes were correctly identified. Normalization addressed
spelling variations and script inconsistencies, while stop-word
removal eliminated common functional words that contributed
little to semantic understanding. Lemmatization tools, specif-
ically designed for Kazakh morphology, were employed to re-
duce words to their root forms, minimizing vocabulary size and
enhancing the quality of feature extraction [13, 14].

4. 2. 3. Feature representation

Feature representation was another important step in the
methodology. Traditional methods, such as Term Frequen-
cy-Inverse Document Frequency (TF-IDF), were used to rep-
resent text numerically for simpler machine learning models.
In parallel, more advanced techniques like Word2Vec and
FastText were employed to generate word embeddings that
captured semantic relationships [15]. Contextual embeddings
from pre-trained transformer models, such as BERT and
ROBERTa, were fine-tuned on the Kazakh dataset to capture
sentence-level semantics and linguistic nuances.

4. 2. 4. Model development

Model development involved implementing a variety of
algorithms to compare their effectiveness for text classifica-
tion and semantic search. Traditional machine learning mod-
els, including Naive Bayes, Support Vector Machines (SVM),
and k-Nearest Neighbors (k-NN), were used as baselines.
These models offered insights into the feasibility of sim-
pler approaches for Kazakh text processing. For advanced
approaches, Recurrent Neural Networks (RNN) and Long
Short-Term Memory (LSTM) architectures were designed to
capture sequential dependencies in text. Transformer-based
models, including BERT and RoBERTa, were fine-tuned to
leverage their attention mechanisms, allowing them to un-
derstand the context and semantics in both directions [16].

4.2.5. Model training and tuning

Model training and tuning were conducted rigorously.
The dataset was split into training, validation, and test sets
in an 80-10-10 ratio to ensure reliable evaluation. Transfer
learning was applied to pre-trained transformer models to
adapt them to the Kazakh language, significantly improving
performance on the semantic search task. Hyperparameter
optimization techniques, such as grid search and Bayesian
optimization, were utilized to fine-tune parameters like
learning rates, batch sizes, and dropout rates. Regularization
methods, including dropout layers, were incorporated to
prevent overfitting, while cross-entropy loss was used as the
primary loss function for classification tasks.

4. 2. 6. Semantic search pipeline

The semantic search pipeline was designed to integrate
these models into a functional search system. Queries were
preprocessed similarly to the dataset, including tokeniza-
tion and embedding generation. Documents in the corpus
were also represented as embeddings, allowing for efficient
semantic similarity calculations. The system ranked doc-
uments using cosine similarity and advanced ranking al-
gorithms, such as cross-encoder architectures, to ensure
contextually relevant results.

4.2.7. Evaluation metrics and analysis
The evaluation of the models was comprehensive and
multi-faceted. Classification metrics such as accuracy, preci-



sion, recall, and F1-score were used to assess text classifica-
tion performance.

Finally, a comparative analysis was performed to high-
light the strengths and weaknesses of each model type. Tradi-
tional models, such as Naive Bayes and SVM, provided strong
baselines but struggled with Kazakh’s linguistic complexi-
ties. Deep learning models, particularly transformer-based
architectures like BERT and RoBERTa, demonstrated supe-
rior performance by effectively capturing semantic nuances
and bidirectional context [9]. The study also considered com-
putational efficiency, scalability, and resource requirements
for each model, ensuring their practical applicability.

By combining robust data preparation, advanced feature
representation, and cutting-edge model architectures, this
study provides a comprehensive framework for improving se-
mantic search results in the Kazakh language. The findings
contribute to the broader field of natural language processing
for low-resource languages and offer a pathway for further
advancements in multilingual semantic search systems.

5 Results of Kazakh language processing models for
improving semantic search results

5.1. Addressing linguistic challenges in Kazakh
semantic search

The unique linguistic characteristics of the Kazakh lan-
guage significantly influence the development of solutions
for technical problems such as semantic search and natural
language processing (NLP). These features, when compared
to other languages, highlight specific challenges and oppor-
tunities that shape the methodologies and models employed.
Below is an in-depth interpretation:

1. Agglutinative morphology.

Kazakh, like other Turkic languages, is agglutinative, mean-
ing that words are formed by attaching multiple suffixes to a root.
Each suffix carries grammatical or semantic information, re-
sulting in high morphological complexity. A single root can gen-
erate numerous forms (e.g., “yxa3”—"Ka3yNUIbIAPBIMBI3/IbIH’
for “of our writers”), making tokenization and embedding gen-
eration more complex than in analytic languages like English.
Morphological richness leads to a sparse dataset representation,
as the same word can appear in many inflected forms. Tokeniz-
ers and lemmatizers tailored to Kazakh were developed to
segment words into meaningful units, unlike simpler tokenizers
used for English or Chinese [17]. Techniques like Byte-Pair En-
coding (BPE) or WordPiece were used to capture subword-level
semantic information, mitigating sparsity.

2. Rich case system.

Kazakh employs a complex case system, with nouns
inflected to indicate grammatical roles such as subject, ob-
ject, or possessive. This contrasts with English, which relies
heavily on word order. The rich case system allows free
word order, complicating dependency parsing and context
understanding. Cases can add ambiguity, requiring models
to consider the broader context to resolve meanings [18].
Transformer-based models like BERT and RoBERTa were
fine-tuned to capture sentence-level semantics, effectively
addressing the free word order issue. Suffix-based grammat-
ical analysis was implemented to resolve case ambiguities.

3. Synonymy and homonymy.

Kazakh exhibits a high degree of synonymy (e.g., multiple
words for the same concept) and homonymy (words with iden-
tical spelling but different meanings), similar to Russian. Identi-

fying the correct meaning of a word within a sentence requires
deep contextual understanding. Synonymy can cause search
systems to miss relevant results if synonyms are not accounted
for [19]. Lexicons of Kazakh synonyms were built to enhance
query expansion. Fine-tuned transformer models addressed
homonym disambiguation by analyzing contextual embeddings.

4. Dual script usage.

Kazakh is written in both Cyrillic and Latin scripts, compli-
cating text normalization and model training. Texts in different
scripts require standardization for effective processing. Most
pre-trained models focus on a single script, limiting their utility
for Kazakh. A preprocessing step was added to convert all text to
Cyrillic, ensuring uniformity. Models like mBERT and XLM-R
were adapted to process both scripts effectively [20].

5. Resource scarcity.

Kazakh is a low-resource language, with limited anno-
tated datasets and linguistic tools compared to high-resource
languages like English or Chinese. Limited labeled data im-
pacts model training and evaluation. Pre-trained multilingual
models often underperform for Kazakh due to insufficient
language-specific data. Techniques like back-translation and
data augmentation increased dataset size. Multilingual mod-
els were fine-tuned on Kazakh-specific corpora, leveraging
transfer learning to mitigate data scarcity [21].

Table 1 is summarizing the comparison of the Kazakh
language’s features with English and Chinese.

Table 1
Comparison with other languages
Feature Kazakh English Chinese
Agglutinative, | Analytic, relies Isolating,
Morphology rich inflections | on word order | logographic
Word Order Free Fixed Fixed
. s . . Simplified,
Scripts Cyrillic, Latin Latin Traditional
Synonymy and High Moderate Low
Homonymy
Linguistic Limited Abundant Abundant
Resources

The development of a mathematical framework for pro-
cessing the Kazakh language in semantic search systems
required addressing the language’s unique linguistic fea-
tures, such as its agglutinative morphology, vowel harmony,
and rich case system. This section outlines the key com-
ponents of this implementation, including morphological
modeling, semantic embeddings, algorithmic adaptations,
and practical applications in semantic search. The heatmap
presents in Fig. 1 a detailed correlation matrix, showcasing
the relationships among eight critical variables influencing
the development and performance of Kazakh language pro-
cessing models.

Training Data Size and Model Complexity (0.88) indi-
cates that larger training datasets often lead to the develop-
ment of more complex models. Search Query Accuracy and
User Satisfaction (0.85) suggests that accurate responses
directly enhance user satisfaction. Implementation Cost
and User Satisfaction (-0.70) highlights a trade-off where
high implementation costs may lead to reduced user satis-
faction due to inefficiencies or resource constraints. Model
Latency and Search Query Accuracy (-0.50) indicates that
higher latency negatively impacts the accuracy of query
responses [10].
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Fig. 1. Heatmap for correlation matrix of Kazakh language processing models

Kazakh’s agglutinative morphology was mathematically
modeled to process its rich inflectional and derivational
structures. A word in Kazakh was represented as:

W=R+isi, Q)

i=1

where W is the constructed word, R is the root or base form,
S; are the suffixes (i=1,2,...,n).

For example, the word “xa3ymbinapsiMbi3zsiH” (“of our
writers”) can be decomposed into:

R - xa3zy (write);

S1 — mbLnap (pluralizer);

S, — b1 (possessive suffix);

S; — mbI3 (first-person plural);

S4 - 1BIH, (genitive case marker).

This decomposition enabled the system to identify the
root meaning and derive semantic relationships effectively.

To capture semantic nuances, contextual embeddings
were generated using pre-trained transformer models fine-
tuned on Kazakh corpora. The embedding of a sentence S
was computed as:

QK"
N

where Q, K, V - query, key, and value matrices, d; - dimen-
sionality of the key vectors.

These embeddings allowed the system to understand con-
text, semantic similarity, and user intent in the Kazakh lan-
guage.

E(S) = Attention(Q,K,V) = sofmax vV, 2

To ensure effective semantic search, standard natural
language processing (NLP) algorithms were adapted to ac-
commodate Kazakh'’s unique linguistic features:

- customized tokenization algorithms were developed to
handle agglutinative words, breaking them into meaningful
subwords. Lemmatization tools reduced words to their base
forms, simplifying vocabulary without losing semantic integrity;

- a morphological parser was designed to analyze suffix
sequences, enabling the system to recognize grammatical
relationships and syntactic roles;

- semantic similarity between query and document em-
beddings was measured using cosine similarity:

Zi:l q;° di ®)

\V inzl qi2 \/2:1:1 di2 ’

where Q and D are the query and document embeddings.

Preprocessing pipelines normalized queries by applying
tokenization, stemming, and stop-word removal. For example,
the query “KasakcranusiH Tapuxbl” (Kazakhstan’s history)
was reduced to its key components for semantic analysis.

Documents were indexed using contextual embeddings,
allowing for efficient semantic similarity computations
during retrieval.

A ranking function was developed to prioritize docu-
ments based on semantic relevance and user query context:

Similarity(Q,D)=

Rank (D)=o-Similarity (Q, D)+f-Document Importance, (4)

where o and 8 are weights optimized during model training.



The mathematical implementation was evaluated on a
Kazakh semantic search dataset, achieving high precision
and recall in Table 2.

Table 2
Performance metrics
Metric Value (%)
Precision 88.4
Recall 87.6
F1-Score 88.0

The system effectively resolved common linguistic chal-
lenges, such as:

- synonymy identifying words with similar meanings;

- homonymy disambiguating words with multiple mean-
ings based on context;

- idiomatic expressions treating multi-word phrases as
single semantic units.

The semantic search system for Kazakh was designed to
address the language’s complexities, including agglutinative
morphology and dual scripts. Queries and documents were
preprocessed using tokenization and lemmatization tailored for
Kazakh. Transformer models like RoBERTa were fine-tuned
to generate embeddings, enabling contextual understanding.
Semantic similarity was calculated using cosine similarity, and
documents were ranked based on relevance. Challenges like
synonymy and homonymy were resolved with custom dictio-
naries and context-aware algorithms. The system demonstrated
high retrieval accuracy, with RoBERTa achieving 89 % precision,
making it a robust solution for Kazakh semantic search in Fig. 2.

class MorphologicalParser:
def init  (self, root dictionary, suffix rules):
self.root_dict =root_dictionary
self.suffix_rules = suffix_rules

def parse(self, word):
root = None
suffixes =[]
for r in self.root_dict:
if word.startswith(r):

root=r

suffixes = word[len(r):]

break
suffixes = self.split_suffixes(suffixes)
return root, suffixes

def split_suffixes(self, suffix_string):
result =[]
for rule in self.suffix_rules:
if suffix_string.startswith(rule):
result.append(rule)
suffix_string = suffix_string[len(rule):]
return result

# Example usage

root_dict = ["xa3y", "oky"]

suffix_rules = ["mputap", "siMbI3", "nBIH"]

parser = MorphologicalParser(root_dict, suffix_rul¢

print(parser.parse(">ka3ynbuiapsIMBI3IBIH"))

Fig. 2. Python-based morphological parser for Kazakh language

The mathematical implementation of Kazakh language
processing provided the foundation for accurate and efficient

semantic search. By addressing agglutinative morphology, de-
veloping contextual embeddings, and adapting algorithms,
the system achieved state-of-the-art performance for Kazakh
semantic search. These advancements pave the way for further
innovations in processing underrepresented languages in natu-
ral language processing.

5. 2. Implementing semantic search in the Kazakh
language

The implementation of semantic search for the Kazakh
language required addressing its linguistic complexities,
including agglutinative morphology, rich inflectional struc-
tures, and dual script usage. This section details the meth-
odology, components, and evaluation of a semantic search
system tailored to Kazakh, leveraging advanced natural
language processing (NLP) techniques.

The Kazakh language presents unique challenges that
influence semantic search implementation:

- words are formed by combining a root with multiple
affixes, leading to high lexical diversity;

- grammatical cases impact word forms and meanings,
requiring advanced morphological analysis;

- synonyms and homonyms complicate semantic disam-
biguation;

- both Cyrillic and Latin scripts are used, necessitating
script normalization.

The system preprocesses user queries to standardize and
prepare text for semantic analysis:

- queries are converted to a unified script (Cyrillic);

- Kazakh-specific tokenization methods segment text
into words and morphemes;

- morphological tools reduce words to their root forms,
improving consistency;

- common functional words are excluded to focus on
meaningful terms.

A simplified implementation of semantic search is shown
below in Fig. 3.

from kaznlp import Tokenizer, Stemmer

query = "Ka3zakcTaHHBIH TapuXbl TypaJbl aKmapat”
tokenizer = Tokenizer()
tokens = tokenizer.tokenize(query)

stemmer = Stemmer()
processed_query = [stemmer.stem(token) for token in tokens]
print(processed_query)

Fig. 3. Query preprocessing

Documents in the corpus are represented using embeddings
generated by fine-tuned transformer models, such as BERT and
RoBERTa. Each document is embedded into a high-dimension-
al vector space, capturing semantic nuances [22].

A Kazakh synonym dictionary was integrated to improve
query expansion, allowing the system to retrieve documents
containing synonyms of query terms [23]. Context-aware al-
gorithms, supported by transformer models, disambiguated
homonyms by analyzing their surrounding context. Multi-
word expressions were treated as single semantic units, en-
suring accurate interpretation of idiomatic phrases common
in Kazakh.



The semantic search system was evaluated using

standard information retrieval metrics in Table 3.

For the query “A6aii KyHaHGaeB LIbIFapMaJiapbl”
(“Works of Abai Qunanbaev”), the system retrieved
relevant documents with an average similarity score
of 89 %, demonstrating its effectiveness in understand-
ing complex queries.

# Query and document embeddings
query = "AGaii KynanOaeB msrapmanaps”
query_embedding = model.encode(query)

from sklearn.metrics.pairwise import cosine_similarity

documents = ["AbGaiinsIH noa3usacer", "Ka3zak onebueri Typaisr"]

doc_embeddings = model.encode(documents)

A simplified implementation of semantic search is

shown below in Fig. 4.
Transformer-based models significantly outper-
formed traditional approaches in understanding Ka-

zakh text, as shown in Table 4.

The implementation of semantic search for the
Kazakh language achieved significant advance-
ments in precision, contextual understanding, and

# Calculate similarity scores

user query relevance. By addressing linguistic chal-
lenges such as agglutinative morphology and dual
script usage, the system demonstrated its potential
for scalable applications in information retrieval. This
work provides a foundation for further advancements
in Kazakh NLP and semantic search for low-resource

languages.

Dataset Size (tokens)

# Display ranked results
for doc, score in ranked_docs:
print(f"Document: {doc}, Score: {score}")

similarity scores = cosine_similarity([query_embedding], doc_embeddings)
ranked_docs = sorted(zip(documents, similarity scores[0]), key=lambda x:
x[1], reverse=True)

Fig. 4. Semantic Search

The paired scatter plots in Fig. 5 are visualizations de-
signed to analyze and explore relationships between key vari-
ables involved in building and evaluating Kazakh language
processing models for improving semantic search results.
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Fig. 5. Paired scatter plots for Kazakh language processing models: a — datasets; b — accuracy;

¢ — relevance score; d — similarity score



Table 3
Performance metrics

Metric Value

Precision@10 (%) 88.7

Mean Reciprocal Rank (MRR) (%) 85.6

Normalized Discounted Cumulative Gain (nDCG) (%) 87.2

Table 4
Comparative analysis
Model Precision@10 (%) MRR (%) nDCG (%)

Naive Bayes 70.3 68.7 69.5
SVM 76.5 74.9 75.8
BERT 88.7 85.6 87.2
RoBERTa 89.4 86.9 88.1

Semantic search for the Kazakh language was imple-
mented by addressing its unique linguistic features, in-
cluding agglutinative morphology, rich inflectional system,
and dual script usage. Queries were tokenized, normalized,
and lemmatized to handle morphological variations and
dual-script challenges effectively. Documents were rep-
resented using contextual embeddings from transformer
models, which captured the semantic nuances of Kazakh
text. Semantic similarity between query and document
embeddings was computed using cosine similarity, fol-
lowed by ranking documents based on relevance. Synonym
dictionaries and context-aware disambiguation algorithms
improved retrieval precision, especially for queries involv-
ing homonyms and idiomatic expressions. Metrics such as
Precision@10, MRR, and nDCG demonstrated high retriev-
al accuracy, with RoBERTa achieving the best performance
at 89 % Precision@10. This implementation represents a
robust framework for retrieving contextually relevant in-
formation in Kazakh, paving the way for advancements in
low-resource language processing.

6. Discussion of results of comparison of natural
language processing models

Table 1 provides a comparative analysis of Kazakh with
English and Chinese, showcasing Kazakh’s distinct features.
Formula (1) mathematically models Kazakh word formation
by decomposing words into roots and suffixes. For example,
“)Ka3ylmbpLIapbIMBI3AbIH” is segmented into root R=jka3y
and suffixes S;, S,, S;, Sy, enabling efficient tokenization
and lemmatization (Fig. 3). This addresses the sparsity and
variability of Kazakh word forms. Transformer-based models
(BERT, RoBERTa) were fine-tuned to capture sentence-level
semantics and resolve ambiguities caused by free word order.
These models effectively handled complex grammatical rela-
tionships by leveraging suffix-based analysis. Preprocessing
pipelines normalized text to Cyrillic script, ensuring con-
sistency in training data. The effectiveness of this normal-
ization is reflected in improved retrieval precision metrics
shown in Table 3.

Formula (2) describes the attention mechanism used to
compute contextual embeddings. These embeddings allowed
models to understand semantic similarity and user intent
effectively [24]. Formula (3) calculates cosine similarity be-
tween query and document embeddings, ensuring precise
relevance ranking [25]. Fig.4 demonstrates the pipeline,

where documents are represented as embeddings and ranked
based on similarity scores. Formula (4) introduces a weighted
ranking function, optimizing semantic relevance and docu-
ment importance. The implementation improved user satis-
faction, as indicated by correlations shown in Fig. 1, such as
the positive relationship between search query accuracy and
user satisfaction (r=0.85).

Table 2 summarizes the system’s performance, achiev-
ing 88.4 % precision, 87.6 % recall, and 88.0 % F1-score. Ta-
ble 4 compares traditional models (Naive Bayes, SVM) with
transformer-based models. ROBERTa outperformed all mod-
els with 89.4 % Precision@10, showcasing its superior capa-
bility in handling Kazakh’s linguistic features. Fig. 5 (paired
scatter plots) highlights relationships between dataset size,
accuracy, and relevance [26]. Larger datasets positively
impacted model accuracy and relevance scores, validating
the need for expanded linguistic resources [27]. The query
preprocessing workflow (Fig. 3) successfully standardized
queries, while synonym dictionaries and context-aware algo-
rithms resolved challenges related to synonymy, homonymy,
and idiomatic expressions. This is supported by high retrieval
accuracy metrics, as shown in Table 3.

The results demonstrate that addressing linguistic com-
plexities through mathematical modeling, advanced embed-
dings, and preprocessing pipelines significantly enhances
semantic search in Kazakh. By achieving the stated research
objectives, this study provides a foundation for scalable and
accurate information retrieval systems in low-resource lan-
guages.

This study relies on limited annotated datasets and
focuses on Cyrillic script, potentially limiting its general-
izability and applicability to informal language or future
Latin script users. High computational requirements may
restrict its practical adoption, especially in resource-con-
strained settings.

The use of pre-trained multilingual models, not specifi-
cally designed for agglutinative languages like Kazakh, may
hinder optimal performance. Additionally, the emphasis on
precision and recall over model interpretability limits its ap-
plication in domains like governance and education.

Future work should develop language-specific models,
expand annotated datasets for both Cyrillic and Latin scripts,
and explore lightweight architectures to enhance accessibil-
ity. Combining rule-based methods with deep learning can
improve interpretability and applicability, addressing critical
gaps in Kazakh NLP.

7. Conclusion

1. A mathematical framework was developed to handle
agglutinative morphology by decomposing words into roots
and suffixes, enabling accurate tokenization and lemmati-
zation. For instance, “>xa3ynslaapbIMbI3/iblH” was decom-
posed into its root and affixes. This approach mitigated
sparsity caused by the rich morphological structures of
Kazakh. Contextual embeddings from models like ROBER-
Ta further captured semantic nuances. These methods sig-
nificantly improved model understanding of Kazakh text,
as evidenced by high retrieval Precision@10=88.7 %. The
effectiveness of the proposed methods is explained by their
ability to capture Kazakh’s unique linguistic features. For
example, for accurate morphological segmentation, while
contextual embeddings from transformers leveraged glob-



al contextual understanding. The semantic search system
achieved a precision of 88.4 %, recall of 87.6 %, and F1-
score of 88.0 %.

2. Contextual embeddings were computed using the at-
tention mechanism. Cosine similarity was used to calculate
semantic similarity between queries and documents. The
weighted ranking function prioritized documents based on
semantic relevance and importance. The semantic search
pipeline ensured contextually relevant results, reflected in
metrics such as MRR=85.6 % and nDCG=87.2 %. Trans-
former-based models significantly outperformed traditional
approaches, with RoBERTa achieving Precision@10=89.4 %
and F1-Score=88.0 %. These models leveraged fine-tuned
embeddings tailored to Kazakh’s linguistic characteris-
tics. Comparative analysis demonstrated the effectiveness
of advanced models in handling complex queries and
linguistic variability. The use of hybrid approaches, com-
bining statistical and neural methods, provided a balance
between interpretability and performance, especially for
domain-specific queries. ROBERTa outperformed tradition-
al models like Naive Bayes precision@10=70.3 % and SVM
precision@10=76.5 %.
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