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Abstract: This paper presents the development of BigTor, a domain-specific chatbot system
designed to address cultural, administrative, and informational gaps in Azerbaijan through the adaptation
of large language models to localized contexts. Existing global Al systems often demonstrate limited
effectiveness when handling low-resource languages such as Azerbaijani, particularly in areas requiring
cultural understanding, legal terminology, and context-sensitive reasoning. To overcome these
limitations, the DeepSeek-R 1-Distill-Llama-8B model was selected as the foundational architecture due
to its balance between computational efficiency and advanced reasoning capabilities. The model was
fine-tuned using Parameter-Efficient Fine-Tuning (PEFT) techniques and Low-Rank Adaptation
(LoRA), combined with 4-bit quantization and bfloat16 precision to optimize hardware usage and reduce
memory consumption.

A large synthetic dataset based on the Alpaca instruction-tuning format was generated through
the AICTIA Al Studio platform, covering more than 50 thematic categories related to Azerbaijani
culture, administration, history, politics, and public services. Experimental evaluation demonstrated that
BigTorV1 significantly outperformed baseline models in localized tasks, achieving 92% accuracy in
national music-related queries and 88% accuracy in historical knowledge tasks while maintaining low
response latency. The findings confirm that synthetic data generation and efficient fine-tuning
approaches can successfully enhance the performance of localized Al systems for low-resource
languages. Furthermore, the project highlights the importance of culturally aware artificial intelligence
in supporting digital sovereignty, preserving national heritage, and improving access to localized
information services.

Keywords: Large Language Models, Fine-tuning, Synthetic Data, Specialized Chatbots, Cultural
Preservation.

Introduction

Artificial Intelligence (AI) and Large Language Models (LLMs) have become central
components of the modern technological ecosystem. However, globally deployed commercial models
often fail to adequately address localized knowledge gaps in low-resource languages such as Azerbaijani,
which possess distinct linguistic and cultural characteristics [14]. This limitation is particularly evident
in domains such as legal terminology, national traditions, and public service systems.

The BigTor project aims to bridge this gap by introducing a specialized model enriched with
localized data and tailored to the specific needs of Azerbaijan. As highlighted by Bafghi (2025), the fine-
tuning process plays a critical role in adapting pre-trained models to domain-specific applications [1].
Furthermore, Weng (2024) emphasizes that Parameter-Efficient Fine-Tuning (PEFT) techniques enhance
memory and energy efficiency, enabling faster and more scalable model adaptation [14].

By leveraging these methodologies, BigTor represents a strategic Al initiative designed to support
Azerbaijan’s digital sovereignty while preserving and promoting its cultural heritage.

Research objective and problem statement

The primary objective of this study is to design and develop a localized large language model
capable of delivering accurate, context-aware, and comprehensive information about Azerbaijan’s
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administrative, cultural, and social structures. The model is intended to address national-level
information demands while ensuring alignment with local linguistic nuances, institutional frameworks,
and socio-cultural dynamics. In this context, the research also aims to contribute to the development of
Al systems that are not only technically robust but also culturally and contextually relevant.

A key challenge underlying this objective is the limited availability of high-quality, structured
Azerbaijani-language training data. As a low-resource language, Azerbaijani lacks sufficiently large and
diverse annotated datasets, particularly in specialized domains such as legal documentation, public
administration, and cultural heritage. This data scarcity directly impacts model generalization, factual
accuracy, and domain-specific performance, creating a critical bottleneck in developing effective
localized Al solutions.

To address this issue, the study employs the AICTIA Al Studio platform to construct a scalable
synthetic data generation pipeline based on the Alpaca instruction-tuning format [11]. This approach
enables the systematic creation of high-quality instruction—response pairs that reflect real-world
scenarios and user queries relevant to Azerbaijan. The generated synthetic data is carefully designed to
preserve linguistic authenticity while incorporating domain-specific knowledge, thereby enhancing both
the depth and breadth of the training corpus.

Moreover, synthetic data generation serves not only as a substitute for limited real-world data but
also as a strategic mechanism for improving model robustness, consistency, and adaptability. By
diversifying the training distribution and introducing controlled variations, the model becomes better
equipped to handle a wide range of queries, including those related to governance, cultural practices, and
everyday informational needs. Prior research indicates that such approaches significantly enhance model
accuracy and task-specific performance when properly aligned with real-world contexts [4].

Overall, this research frames the development of a localized LLM as both a technical and strategic
initiative, addressing data scarcity challenges while advancing the broader goal of building inclusive,
efficient, and nationally relevant artificial intelligence systems.

Methods for problem solving and validation

Model Selection and Reasoning Mechanism:

As the core architecture of the BigTor system, the DeepSeek-R1-Distill-Llama-8B model was
selected. With 8 billion parameters, this model provides an optimal trade-off between computational
efficiency and language understanding capability. A key advantage of the distilled variant lies in its
internal “thinking tag” mechanism, which enables structured, step-by-step reasoning prior to generating
responses. This capability is particularly critical when addressing complex administrative and cultural
queries, ensuring logical coherence and contextual accuracy within the Azerbaijani domain.

PEFT and LoRA Implementation:

The fine-tuning process was conducted using the Unsloth framework, applying the Low-Rank
Adaptation (LoRA) method as part of a Parameter-Efficient Fine-Tuning (PEFT) strategy [7]. To further
optimize resource utilization, 4-bit quantization and bfloatl6 data types were employed. The
hyperparameters were configured as follows:

e Rank (r): 16

e Alpha: 32

e Dropout: 0.05

e Optimizer: AdamW (learning rate: 2e-4)

This configuration resulted in approximately a 70% reduction in memory consumption compared
to conventional fine-tuning approaches, with peak GPU usage reduced to around 14GB. Additionally,
distributed training was implemented across three local servers, reducing synchronization latency to
below 5% and improving training throughput by approximately 2.8% compared to a single-node setup.
The entire training process was monitored using the Weights & Biases platform [13].

Synthetic Data Generation and Dataset Composition:
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The synthetic dataset, generated via the AICTIA Al Studio platform, follows the Alpaca
instruction-tuning format and spans over 50 thematic categories. To ensure domain depth and contextual
relevance, several specialized categories were incorporated:

e General information about Azerbaijan: 570 entries
RIIN (Real Estate Information Infrastructure): 183 entries
Numerology and symbolic patterns: 107 entries
Space industry: 84 entries
Historical memory (January 20 martyrs): 66 entries
Politics and international sanctions: 92 entries

This diversified dataset design enhances the model’s ability to generalize across both formal
institutional knowledge and culturally embedded concepts.

System Architecture

The overall system architecture follows a client—server paradigm and consists of four main layers:

1. Model Service Layer: The BigTorV1 model is deployed on GPU servers using Ollama [8].

2. API Layer: A RESTful API built with Python-based frameworks such as Flask and FastAPI.

3. Frontend Layer: An interactive user interface developed using Vue.js.

4. Database Layer: Integration of MySQL and PostgreSQL for managing user sessions and
system logs.

Validation and Testing (Aprobation):

The model was evaluated through a combination of qualitative and quantitative validation
procedures. Domain-specific test queries were designed to assess accuracy, contextual relevance, and
reasoning consistency. Comparative analysis with baseline models demonstrated improved performance
in Azerbaijani-language comprehension and domain-specific response generation. Additionally, user-
based testing scenarios confirmed the system’s practical applicability in real-world informational
contexts, particularly in public services and culturally sensitive domains.

Application of the obtained results

Quantitative Analysis

The performance of the BigTorV1 model was evaluated through a comparative analysis against
the benchmark model Mistral-7B-Instruct. The evaluation focused on key performance indicators,
including accuracy, contextual relevance, response coherence, and domain-specific understanding within
Azerbaijani-language queries.

The results indicate that BigTorV1 demonstrates a measurable improvement in handling localized
and culturally contextualized tasks, particularly in areas such as administrative procedures, legal
terminology, and nationally specific knowledge domains. This performance gain can be attributed to the
integration of synthetic datasets and domain-focused fine-tuning strategies, which enhance the model’s
ability to generate precise and context-aware responses.

In contrast, the benchmark model, while strong in general-purpose language understanding,
exhibits limitations when addressing queries that require deep localization or familiarity with Azerbaijan-
specific structures and terminology. These findings highlight the effectiveness of the proposed approach
in bridging the gap between global language models and localized information needs.

A detailed comparison of the two models is presented in Table 1, where the performance
differences are clearly illustrated across multiple evaluation metrics.

Table 1. Comparison of BigTorV1 and Benchmark Model Mistral-7B.Instruct

Metrics BigTorV1 Mistral-7B-Instruct
Cultural Prompt Score 50/5 30/5
National Music Accuracy 92% 45%
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Historical Knowledge Accuracy 88% 51%
Avg. Response Naturalness 4.7/5 32/5
Avg. Response Time 1.2 sec 1.1 sec

The model demonstrates a strong understanding of the grammatical and idiomatic features of the
Azerbaijani language, particularly its agglutinative morphological structure. It is capable of accurately
interpreting and contextualizing culturally specific terms such as “elgilik,” “xinayaxdi,” and “yall1,”
providing explanations that are consistent with their sociocultural and traditional meanings.

In addition, the model shows high precision in responding to queries related to Azerbaijani
musical heritage, particularly Mugam. It correctly identifies the seven principal dastgahs—Rast, Sur,
Segah, Cahargah, Bayati-Siraz, Siistor, and Humayun—and provides appropriate descriptions of their
associated emotional and expressive characteristics [15].

Empirical evaluation indicates that the model achieves 92% accuracy in national music-related
tasks and 88% accuracy in historical knowledge domains, demonstrating strong domain adaptation
capabilities. Furthermore, the system maintains an average response latency of 1.2 seconds, indicating
efficient inference performance suitable for real-time applications.

Overall, these results confirm that the model effectively integrates linguistic competence with
culturally grounded knowledge representation, particularly in music, history, and cultural heritage
domains.

Conclusion

This project demonstrates that effective artificial intelligence systems for low-resource languages
can be successfully developed through the combined use of synthetic data generation and Parameter-
Efficient Fine-Tuning (PEFT) techniques. The results indicate that these approaches significantly reduce
data dependency while maintaining high model performance in domain-specific tasks.

By the 40th training step, the model had already reached approximately 90% of its final
performance level, which clearly validates the efficiency and convergence speed of the adopted
methodology. This rapid performance gain highlights the effectiveness of the training strategy and the
quality of the constructed dataset.

The results further show that BigTorV1, even when trained and deployed on limited hardware
resources (14GB GPU), is capable of outperforming large-scale global models in tasks requiring
localized understanding and contextual awareness. This demonstrates that computational efficiency and
high task performance are not mutually exclusive when appropriate optimization techniques are applied.

Future development directions include extending the system’s capabilities toward multimodal
learning, implementing containerized deployment using Kubernetes, and preparing the platform for full
public release. These improvements aim to enhance scalability, robustness, and accessibility, further
strengthening the system’s role in supporting localized Al applications.
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Anparna. byn makamana BigTor arTel MamaHmaHIBIpBUIFaH 4yaT-00T KYHECiHIH o3ipJeHyl
ycoiHbUIaab. JKobOa OzepbaiikaHIarbl MOJCHH, OKIMIIIIIK JKOHE aKMapaTTHIK OJIKBUIBIKTapIbl KOO
MakcaThlH/a ipl TUAIK MOJAETBbACPAl KEepPriuliKTi KOHTEKCKe OeliMIey apKbUIbl KY3€re achIpbUIFaH.
Konnansictarsl skahaHIbIK KacaHIbl HHTEIUIEKT JKylenepi 93epOaiiaH Tili CUSKTHI HUPPIBIK PECYpPCHI
a3 TUIIEPMEH XKYMBIC ICTeyJie, SCIpece MOJCHU TYCIHIK, KYKBIKTHIK TEPMUHOJIOTHUS JKOHE KOHTEKCTKE
TOyeI Il MalbIMIay KaXKeT OOJaThIH caaiapaa, MeKTey i THIMILTIK kepceTeai. Ocbl Mocenenep i menry
YIIIH ecenTey THUIMAUIN MEH KEHEWTUITeH JIOTUKAIbIK MYMKIHIIKTED apachIHIaFbl Tere-TeHIIKTI
kamTamacei3 eteTiH DeepSeek-R1-Distill-Llama-8B mMopeni Herisri apXutekTypa peTiHAe TaHIaJJIbl.
Mognens Parameter-Efficient Fine-Tuning (PEFT) xxone Low-Rank Adaptation (LoRA) axictepi apkbuibl
KaiiTa OKBITBUIBII, alllIapaTTHIK PECYPCTAp bl OHTAMIAHIBIPY JKOHE JKaJl TYTHIHYBIH a3aiTy MaKcaThIHIA
4-0utTik KkBaHTTay MeH bfloatl6 monmairi KOJaIaHBUIIBL.

AICTIA Al Studio mmardopmaceiHbiH kemeriMeH Alpaca instruction-tuning ¢opmarbiHa
HEri3ZieNiTeH ipi CHHTETUKANBIK JEPEeKTep KUBIHTBIFBI JKacalblll, OFaH d3epOaiikaH MOJEHHETI,
MEMJICKETTIK 0ackapy, Tapux, cascarT >KOHE KOFaMJIBIK KbhI3METTepre KarbicThl S0-7A¢H actam
TakKbIPBINITBIK CaHAT EHT3UIAl. OKclepuMeHTTIK Oaramay Hotmxkenepi BigTorV1 wmoneninig
JOKaNM3alMsUIaHFaH  TarchblpManapaa 0as3allblKk  MOJENBICPJCH AaWTapibIKTall JKOFapbl HOTHXKE
KOPCETKEHIH JaJeNAe/li: YIATThIK My3bIKara KaThICThI cypaHbicTapaa 92% aomnaikke kKoHe Tapuxu Ou1iM
TarnceIpManapbiHaa 88% Ao IiKKe KOJI )KEeTKI3UI/1, COHBIMEH KaTap )kayarl 0epy yakbIThl TOMEH JICHIeiIe
CakTanJbl. 3epTTey HOTHKEIepl CUMHTETHKANIBIK JACPEKTEp/li TeHepalusiay MeH THIMII KaiiTa OKBITY
TOCUIZIEPl peCypchl MIEKTEYJl TUIAEpre apHaiFaH Jokamu3anusianrad Al sxylenepiniH eHIMIUTITIH
ailiTapipIKTali apTThIpa aaThIHBIH KepceTe . COHBIMEH KaTap, )k00a MOJIEHU epeKIIeNiKTepAl ECKepPETiH
KacaHJIbl MHTEJUIEKTTIH LUQPIBIK €reMEeHJIKTI KoJjfay, YITTHIK MYpaHbl CaKTay >XoHE >KEpTuTiKTi
aKIMapaTThIK KbI3METTEPre KOMKETIMILTIKTI dKaKCapTy YIIiH MaHBI3IbUTBIFBIH alKbIHIAU B,

Tyiin ce3mep: ipi TUINIK MOJENbJIEp, KaillTa OKBITY, CHHTETHKAJIBIK JEpEKTep,
MaMaHJaH IBIPBLUIFaH 4aT-00TTap, MOJIEHU MYpaHbI CaKTay.
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A3BIKOBBIX MOJIEJIEN: PASPABOTKA YAT-BOT CUCTEMBI BIGTOR
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AocTpakT. B nanHoi cratbe nmpencrabiieHa pazpadborka BigTor — cnenuanmn3upoBaHHOM YaT-
00T cHCTEeMBbI, TpEeTHA3HAYCHHOW I YCTPAaHEHUS KYyJbTYpPHBIX, aJMHUHUCTPATUBHBIX U
nH(OPMaLMOHHBIX MPO0EIOB B A3zepbaiiaHe MoCpeICTBOM aJanTalluyi OOJBIINX S3bIKOBBIX MOJIENIEH
K JIOKQJIM30BaHHBIM ycloBUsM. CyIIECTBYIONINE TI00AIBHBIE CHUCTEMBI UCKYCCTBEHHOTO WHTEIJICKTA
4acTo JIEMOHCTPUPYIOT OTpaHUYEHHYI0 3()PEeKTUBHOCTh IMpU pabOTe C S3bIKAMU C HU3KUM YPOBHEM
U(POBBIX PECYpPCOB, TAaKUMHU Kak a3zepOail/KaHCKHil S3bIK, OCOOCHHO B 3aJayax, TpPeOYIOLIHX
KyJbTYPHOT'O IOHUMaHUS, FOPUANYECKON TEPMUHOIOTHH U KOHTEKCTHO-3aBUCUMOT0 paccyxaeHus. J{is
MIPEOIOJICHUS ITUX OTPAHUYCHHUH B Ka4eCcTBE 0a30BOM apXHUTEKTYpHI ObLIa BeIOpaHa Moaens DeepSeek-
R1-Distill-Llama-8B 6naromaps 6anancy Mex 1y BEIUUCIUTENbHOM 3PPEKTUBHOCTHIO U PACIIUPEHHBIMU
BO3MOYKHOCTSIMH JIOTHYECKOTO BBIBOJA. Mojenb Obuta 1000y4eHa C WCIIONIBb30BAHUEM METOIOB
Parameter-Efficient Fine-Tuning (PEFT) u Low-Rank Adaptation (LoRA), a Takxke 4-6utHoit
KBaHTH3AIlMK W TOYHOCTH bfloatl6 miis onTHMH3aIUKM HMCIONB30BAHMS AaIIIApaTHBIX PECypCcoB M
CHIDKEHUS MOTPEOICHUS TaMSITH.

Kpymusiii cuaTeTndecknii naracet B popmate Alpaca instruction-tuning ObIT CO3/1aH € TOMOIIBIO
wiargopmbel AICTIA Al Studio u oxBaTtbiBanm Oosnee 50 TeMaTUYeCKUX KATETOPUid, CBA3AHHBIX C
azepOalDKAaHCKOW  KyJIbTYpOH, TOCYJapCTBEHHBIM YIPABICHUEM, HCTOPHUEH, TIOJUTHKOW U
roCy/IapCTBEHHBIMU yCIyraMu. DKCIIEpUMEHTalbHas OlleHKa Mokasana, yto BigTorV1 3nauutensHo
MPEBOCXOIUT 0a30BbIE MOJEIHM B JIOKAJIM30BAHHBIX 3a7adax, qocturas 92% TOYHOCTH B 3ampocax,
CBSI3aHHBIX C HAI[MOHAJIbHOW My3bIKOH, M 88% TOYHOCTM B 3a7auax HCTOPHUYECKHUX 3HAHWHA MpU
COXPAaHEHWW HU3KOW 3aJiepKKH OTBeTa. [lonmydeHHBIE pe3ybTaThl MOJATBEPXKIAIOT, YTO TeHEpPAIUS
CUHTETUYECKUX HaHHBIX U A((EKTHBHBIE METOABI JOOOYYEHHS CIIOCOOHBI CYIIECTBEHHO IMOBBICUTH
MIPOU3BOIUTEIIEHOCTD JIOKAJTM30BAaHHBIX Al-CHCTeM ISl SI3BIKOB C OTpaHUYEHHBIME pecypcamMu. Kpome
TOTO, MPOEKT MOJYEPKUBAECT BAXKHOCTH KYIbTYPHO-OPHUEHTHPOBAHHOTO MCKYCCTBEHHOTO WHTEIJICKTA
s obecrieueHuss MU(PPOBOrO CYBEPEHHUTETA, COXPAHCHHS HAIIMOHAIBHOTO HACICIUS W YIyUIICHUS
JIOCTyTa K JIOKATHM30BaHHBIM HH(POPMAITMOHHBIM CEPBUCAM.

KiioueBbie cioBa: OoJblue S3BIKOBBIE MOEIH, T000yYEHHE, CUHTETUYECKHE JIaHHBIEC,
CHeIHaTN3UPOBAHHbBIE YaT-00ThI, COXpAHEHUE KYJIbTYPHOTO HACIEIHSI.
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