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Abstract. Artificial intelligence’s influence on society has never been more pronounced.
Often described as a new wave of industrial transformation following the internet, Al is reshaping
economies, public services, and everyday life worldwide. Positioned at the crossroads of Eurasia,
Kazakhstan has set an ambitious goal to leverage Al as a core enabler of a fully digitalized society.
In this context, this paper provides a comprehensive, evidence-oriented review of the current
state of Al development in Kazakhstan, informed by global trends in expanding Al capabilities,
declining deployment costs, rising adoption, and growing emphasis on governance and
responsible use. The analysis is aligned with Kazakhstan’s national Al development concept for
2024-2029, which prioritizes data management, infrastructure development, human capital,
research and development including language technologies, and regulatory frameworks, and it
uses these priorities to structure the evidence and highlight practical pathways for
implementation and measurable progress.
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AHHoTanus. XKacaHibl UHTEJJIEKTTIH KOFaMFa acepi elkaliaH 6aiikaama/ibl. KacaHabl
UHTeJUIEKT KobiHece UHTepHETTEH KeliHTi eHepKacinTik e3repicTep/iH *kaHa TOJIKbIHBI Jen
aTtasajibl, OYKiJ a/ieMeri 3KOHOMHUKaHbl, MEMJIEKETTIK KbI3METTEP/i *KoHe KYHAEMIKTI eMipai
esreprtelii. Eypasus KUBLIBICBIHJA OpHasackaH Kasakcrtan e3iHiH ajjblHa KacaHIbl
uHTe/UeKTTi (PKW) TosblK nudpablK KOoFaM Kypy/AblH Herisri Kypajbl peTiHje maijaajaHy
MaKcaTbIH KOoWibl. Ochl TypFblAa 6y KyxkaT Kazakcrangarbl KW gaMybIHbIH aFbIMJAFbI XKaii-
KYHiHe >KaH-KaKTbl, HAaKThl JepeKTepre OafFjapjaHfaH WIoJy 6oJibln TadbLiagbl, oa KU
MYMKIiH/IKTEpPiH KeHeHTyleri »xahaHAbBIK ypAicTepre, eHri3y WIBbIFbIHJAAPbIH TOMEHJETYTE,
eHri3yAi yaFaiiTyFa koHe 6acKapyFa »KoHe KayalThl alja/laHyFa ecill KeJie KaTKaH Ha3apra
HerizpaeireH. Tangay KasakcTaHHbBIH )KacaHibl MHTEJJIEKTIH AaMbITyAblH 2024-2029 xbL1gapra
apHaJIFaH  YJATTBHIK  TYKbIpbIMZaMacbIMEH KeJIiCUITeH, OHAa JepeKTepAi 6ackapy,
WHOPAKYpPbLIBIMABI AaMbITy, aJaMH KalWuTas, TiJJIK TeXHOJIOTUsJIapJbl Koca aJiFaHja,
3epTTeyJep MeH d3ipJeMesep XX9He HOPMATHUBTIK-KYKBIKTBIK 6a3a 6acbiM 6OJIbIN Ta6blaa/bl
J)KoHe OyJl 6achIMABIKTAp HAaKThl JepeKTepAi KYpbLIbIMAy >XOHEe eHTi3yAiH NpPaKTHUKAJbIK,
»KOJIJapbl MEH 6JIIIeHEeTIH MPOTrpecTi allKbIHAAy YILiH naiAalaHblIajbl.

TyiiH ce3aep: ’KacaHJbl HHTEJ/JIEKT, UUPPJBIK KOFAM, 3€pPTTeY, TEXHOJOTHS,

HHOpaKypbIIbIM.
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AHHOTanus. BiusHUe UCKYCCTBEHHOTO UHTeJIJIEKTa Ha OOIIECTBO ellle HUKOrAa He
ObLJI0 TAKUM 3aMeTHbIM. UCKyCCTBEHHBIA UHTEJIJIEKT, KOTOPbIN YaCTO HAa3bIBalOT HOBOW BOJTHOM
NPOMBILIJIEHHBIX TPE0Opa30BaHUM, MPOUCXOAAUX Beie, 32 UHTepHeTOM, MeHsIET 3KOHOMHUKY,
00lIeCTBEHHbIE YCJAYTd W NOBCEJHEBHYI H3Hb MO BCceMy MHUpy. PacmnosioxxeHHBIA Ha
nepekpectke EBpasuy, KazaxcTad nocraBus nepej co60il aMObUIMO3HYIO 1IeJb — UCII0JIb30BAaTh
HUCKyCcCTBeHHbIW HHTessieKT (M) B KayecTBe OCHOBHOIO CpeZCTBA CO3/aHHUSI MOJHOCTBIO
nudpoBoro obiectBa. B 3TOM KOHTEKCTe [JAaHHBIA JOKYMEHT MpPeACTaBJseT Co60M
BCEOO'BEMJIIOIIMM, OPUEHTUPOBAHHBLIA Ha QaKTHUYeCKHe JAaHHble 0030p TEKYIEro COCTOSIHUS
paszButuss MU B KasaxcraHe, OCHOBaHHbBIM Ha TrJIOGAJbHBIX TEHJAEHLMSX B paClIMPEHUU
Bo3MOXKHOCTeN U, cHMKeHUU 3aTpaT Ha BHeJ[peHHUe, pOoCTe BHEJPEHUS U pacTyllleM BHUMaHUHU
K yIpaBJIeHUIO U OTBETCTBEHHOMY HCI0JIb30BaHUIO.

Ananus corsiacoBaH ¢ HanuoHanbHOW KOHIENMIMEN pa3BUTHUS UCKYCCTBEHHOTO
nHTessiekTa Kaszaxcrana Ha 2024-2029 roabl, B KOTOPOM HNPUOPUTETHBIMU SIBJSIOTCA
ynpaBJieHHe JaHHbIMH, pa3BUTHE HHPPACTPYKTYPHI, YeJOBEYECKUH KAMUTaJ, UCCAeL0BaHUS U
pa3paboOTKH, BKJ/OYasd S3bIKOBble TEXHOJIOTUM, W HOPMaTUBHO-TpaBoBas 06a3a, U 3TH
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KioueBble c/I0Ba: MCKYCCTBEHHBIH UHTEJJIEKT, IUPPOBOE OOIECTBO, UCCIEI0BAHHUE,
TEXHOJIOTUH, THQPACTPYKTYpa.

KoH}IUKT HHTEepecoB: aBTOPHI 3asIBJISAIOT 06 OTCYTCTBUH KOHPJIMKTA UHTEPECOB.

Introduction

Artificial intelligence (AI) has progressed from early conceptual foundations, such as
McCulloch and Pitts’ neuron-inspired model [1] and Turing’s proposal for evaluating machine
intelligence [2], into today’s data-driven era enabled by backpropagation [3], deep convolutional
networks [4], and transformer architectures [5] that underpin modern foundation models. This
transition has moved Al from research prototypes to large-scale public adoption with
unprecedented speed. Widely reported adoption figures illustrate this shift: ChatGPT reached
100 million users in roughly two months, whereas YouTube required about 1.5 years to reach a
similar milestone [6], highlighting how rapidly generative Al systems can diffuse once the
enabling infrastructure and product interfaces mature.

Similarly, Al research in Kazakhstan is increasingly aligned with the global mainstream.
The local ecosystem has moved from primarily using widely adopted transformer-based methods
to developing nationally relevant large language models, including KazLLM [7] and the AlemLLM
[8], alongside a growing body of applied research. This growth is also reflected in publication
volume: Kazakhstan’s Al-related research output has expanded sharply over the past two decades,
rising from single-digit annual counts around 2000 to well over a thousand papers by 2023 (Fig.
1). In parallel, Kazakhstan has articulated an ambition to position Al as a key component of a fully
digitalized society [9].

Kazakhstan Al Research Output by Year (2000-2025)
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Fig. 1. Kazakhstan Al research output by year (2000-2025), measured as the annual count of Al-
related works in OpenAlex with at least one author affiliated with an institution in Kazakhstan

Beyond research, Al is already being operationalized across major economic sectors, with
a clear emphasis on measurable industrial impact. For example, Samruk-Kazyna reports
implementing 62 Al-based projects, with a primary focus on production processes and an
expected cumulative effect exceeding $1.3 billion over five years [10]. For 2026, portfolio
companies have been assigned a KPI to increase EBITDA by 5% through the use of Al, and within
two years it is planned to transition toward a model in which 70% of management decisions are
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made with Al participation. Sectoral examples include KazMunayGas projects such as ABAI,
where Al supports reservoir flooding management and recommends reservoir pressure actions
to increase oil production, with a projected economic effect of about 326 billion tenge over 2025
to 2030 [11]. Additional initiatives include Al-based forecasting of deficits and surpluses of
petroleum products to stabilize regional supply, with an expected economic effect of 22.5 billion
tenge. In the energy sector, predictive defect detection systems are being introduced at GRES-1
and AIES to improve equipment reliability and reduce downtime, with a projected economic
effect of about 36 billion tenge for 2026 to 2030. Al is also being used to forecast renewable
energy generation based on internal meteorological services.

These deployments are supported by expanding compute and data infrastructure and by
a large-scale human capital agenda. Samruk-Kazyna indicates that its Al projects are
implemented within a closed circuit on the Al FARABIUM supercomputer operated by
Kazakhtelecom, with a portion of capacity used by the group and the remainder leased to
commercial customers, including abroad [12]. Parallel to this, market projections suggest growth
in Kazakhstan'’s data centre sector, with revenue expected to rise toward roughly $417 million by
2028 [13]. On the workforce side, Kazakhstan is scaling Al literacy through the Al Movement
initiative, reporting more than 400,000 people trained through programs such as Al-Sana, Al-
Qyzmet, and Al-People, and launching Al-Corporate for major state holdings. The national goal is
to train 1 million citizens in five years. In collaboration with the Ministry of Education, Day of Al
content has also been introduced for primary school grades 1 to 4, with plans to expand across
all grade levels [14]. Al-related applications are also emerging in construction through unified
digital platforms for planning and tracking, and in agriculture and water management through
satellite monitoring and digital optimization tools.

Motivated by this combination of rapid adoption, expanding research capacity, and cross-
sector deployment, this paper reviews current Al development trends in Kazakhstan and
discusses the country’s emerging large language model projects, focusing on ecosystem
capabilities, constraints, and near-term directions for research and implementation.

Overview of current LLM trends

As illustrated in Table 1, modern large language models (LLMs) have demonstrated rapid
performance gains alongside an unprecedented rise in computational demands [15]. This surge
is driven by increasing model scales and the heightened complexity of training and deployment.
We examine the evolution of these requirements across three key dimensions: model
development, dataset expansion, and application-level requirements.

Table 1: Recent, vendor-reported benchmark results for popular LLMs across widely used
evaluations (MMLU, GPQA, HumanEval, GSM8K, MATH, SWE-bench Verified, MMMU)
Model MMLU GPQA HumanEval GSM8K MATH SWE- MMMU

(Diamond) bench
Verified

Claude 3.5 88.7 59.4 92.0 96.4 71.1 - 68.3

Sonnet

GPT-4.1 90.2 66.3 - - - 54.6 -

GPT-40 88.7 53.6 90.2 - 76.6 33.2 69.1
Llama 3.1 87.3 50.7 89.0 96.8 73.8 - -

405B

Instruct

Gemini 2.5 - - - - - 63.8 -
Pro

Training costs have increased dramatically shown in Table 2, rising from less than one
thousand dollars for early models such as the 2017 Transformer to tens or even hundreds of
millions for state-of-the-art systems [16]. Despite continuous efficiency improvements, overall
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resource needs remain high because frontier training increasingly relies on longer training runs,
higher-quality data, larger context windows, and more complex training objectives, for example,
the multi-stage post-training, tool-use, and multimodal alignment. Contemporary training
typically unfolds in two phases: a pretraining stage using vast corpora that can exceed one trillion
tokens, followed by instruction tuning, in many cases, preference optimization to align the model
with downstream tasks and user intent [15]. This tuning process depends on large volumes of
curated prompts and expert-annotated data, adding additional compute and data-engineering
cost.

Table 2: The demand for computing resources is growing rapidly

Model Parameters Training Compute GPU Year Notable
(B) Tokens (T) Cost($M) Count Features
(est.)
BERT- 0.34 0.003 <1 <100 2018 Baseline
Large transformer
GPT-3 175 0.3 10-20 10,000 2020 Few-shot
learning
PalLM 540 0.78 Unknown 6,144 2022 Massive scale,
TPUs Pathways
system
Chinchilla 70 1.4 Unknown  Unknown 2022 Data-efficiency
focus
PaLM 2 340 3.6 Unknown Unknown 2023 Compute-
optimal design
GPT-4 1700 Unknown
(est.)

At the same time, the field is shifting from “bigger models only” toward a more nuanced
scaling strategy: compute-optimal training, data-quality and system-level scaling [18].
Multilingual and domain-specific modeling increases dataset diversity requirements, while
multimodal training compounds cost by adding vision encoders, richer inputs, and heavier
preprocessing. As a result, data pipelines have become a core competitive advantage: large-scale
training increasingly depends on efficient tokenization, sharding, streaming, dynamic batching,
and careful dataset mixing to maintain stable training and avoid wasted compute.

Once the challenges associated with large model architectures are addressed, the next
critical focus shifts to ensuring data efficiency. Table 3 provides an overview of the number of
tokens used during the pretraining phase of various large language models. From an
infrastructure perspective, managing training with datasets at the scale of trillions of tokens
requires highly optimized data pipelines [19]. This includes the use of memory-mapped files,
efficient tokenization, dynamic shuffling, and parallel data loaders. Even the process of reading
and streaming such massive datasets consumes a substantial amount of GPU time. As training
objectives grow more diverse and context-aware, the demands on preprocessing and [/0 systems
continue to increase accordingly.

Table 3 The number of tokens used in pre-training stage of popular LLMs

MODEL TOKENS (B)
BERT-LARGE 3.0 billion
GPT-3 300.0 billion
PALM 780.0 billion
CHINCHILLA 1400.0 billion
PALM 2 3600.0 billion
GPT-4 (EST.) Unknown
GEMINI ULTRA (EST.) Unknown
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Inference has emerged as a dominant driver of computational and economic constraints
in modern LLM deployments. In many production settings, the marginal cost of serving large
models at scale can rival or exceed the original training expenditure, particularly for applications
with large user populations and stringent latency requirements [20]. This has intensified the
focus on inference efficiency through model- and system-level techniques, including smaller and
task-specialized models, low-precision quantization (for example 8-bit and 4-bit), knowledge
distillation, kernel and runtime optimizations, batching strategies, speculative decoding, and
memory-efficient attention mechanisms. In parallel, contemporary deployments increasingly
favor compound architectures over single-pass model invocation. Retrieval-Augmented
Generation pipelines typically integrate retrieval, optional re-ranking, and generation. Tool-
augmented agentic systems introduce function calling, iterative planning loops, and external API
interactions. Safety layers add moderation, policy enforcement, and compliance checks. Each
added component increases end-to-end compute per query, making holistic pipeline optimization
and robust GPU scheduling central to reliable and cost-effective deployment.

Post-training alignment has become a core stage of the LLM lifecycle. Methods such as
reinforcement learning from human feedback [21] and preference optimization [22], including
direct preference optimization variants, improve helpfulness, controllability, and safety. However,
they introduce additional iterative training cycles, auxiliary models such as reward or preference
models, and substantial evaluation infrastructure. Governance and responsible deployment have
also shifted from broad principles to operational constraints. As a result, organizations invest in
standardized evaluation suites, red-teaming protocols, dataset documentation, privacy-
preserving controls, and traceability mechanisms. The field’s trajectory is no longer defined solely
by scaling parameter counts. It increasingly reflects the scaling of full systems, including data
pipelines, context length, multimodal inputs, tool use, and rigorous alignment and evaluation,
under strong pressure to reduce both training and inference costs.

Beyond training-centric scaling, several broader trends have shaped the LLM landscape
and help explain the rapid acceleration of adoption. Deep learning moved from research to
mainstream production as advances in representation learning and GPU availability enabled
strong performance in vision, speech, and recommendation systems before LLMs became
dominant. This period consolidated the foundation-model paradigm, in which large pretrained
models are adapted to many tasks through prompting, fine-tuning, or parameter-efficient
adapters, reducing the need to train narrowly specialized models from scratch. Open-source
ecosystems also expanded rapidly, lowering barriers by releasing checkpoints, training recipes,
and optimized inference runtimes. This enabled universities and mid-sized organizations to
experiment with modern architectures under limited resources. Cloud computing and managed
Al platforms further simplified access to accelerators and deployment via APIs, while
simultaneously reinforcing hybrid strategies in which sensitive data, regulation, and governance
constraints motivate on-premise or sovereign deployments.

A further shift has been the move from language modeling as an isolated capability to
system-level intelligence as a deployment reality. In practice, LLMs increasingly serve as
orchestrators embedded within larger workflows [23]. They call tools, query databases, retrieve
and synthesize documents, generate structured outputs, and interact with enterprise software.
This agentic direction has been strengthened by advances in function calling, structured
prompting, and planning-oriented methods, as well as by the widespread adoption of Retrieval-
Augmented Generation for grounding outputs in verifiable knowledge. In parallel, multimodality
has become increasingly central, as modern systems combine text with images, audio, and video
to support richer interfaces such as voice assistants, document understanding, and multimodal
search. Context windows have expanded to support long-document processing and multi-step
tasks, but this increases memory pressure and latency, motivating continued research in efficient
attention, long-context training, and inference optimization.

In deployment practice, cost, reliability, and privacy requirements have driven a
bifurcation of the model ecosystem. On one side are smaller enterprise and edge models
optimized for latency, operational cost, and data locality. On the other are frontier-scale models
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optimized for maximal capability. This bifurcation is sustained by rapid progress in compression
and efficiency methods, including quantization, distillation, sparsity, kernel fusion, and
hardware-aware compilation, as well as architectural approaches such as mixture-of-experts that
can increase capability without proportionally increasing inference cost for every token. At the
same time, evaluation has become a first-class engineering requirement. Organizations
increasingly rely on standardized benchmarks, domain-specific test suites, and continuous
monitoring to detect regressions, hallucinations, bias, and safety failures. Responsible Al has also
matured into operational practice, with stronger emphasis on data provenance, privacy
protection, documentation, auditability, and risk management, particularly in regulated domains
including healthcare, finance, and public services.

Against this global backdrop, Kazakhstan’s LLM ecosystem can be characterized by
increasing visibility, openness, and end-to-end completeness. A notable shift has occurred from
research outputs remaining confined to internal reports or closed pilots toward publishing
models, datasets, and evaluation artifacts in open ecosystems. This transition is consequential
because it transforms isolated efforts into a cumulative ecosystem. Shared baselines, replicable
results, and accessible artifacts enable faster iteration and more credible scientific comparison
across institutions and projects.

One representative entry point is the machine learning community, the repository of kz-
transformers [24] on Hugging Face is one example, which functions as an open repository of
checkpoints, datasets, and demonstration spaces that lower the friction of experimentation and
replication. The outputis not restricted to a single direction. It includes foundational components,
practical utilities, and benchmarking-oriented resources that collectively support incremental
community progress. Such public, iterative release practices establish shared reference points
that future work can systematically improve upon.

Building on this community-level momentum, institutional-scale efforts provide evidence
of capacity to manage the full lifecycle of foundation-model development. In this context, ISSAI's
KazLLM [7] is notable not merely as a larger model release, but as an indicator of growing
capability to curate and clean large corpora, coordinate compute-intensive training, and package
artifacts for public use. The significance lies in what this infrastructure enables next. Once a
national-scale model exists, research can accelerate toward systematic evaluation, alignment,
domain specialization, and application development without repeatedly reconstructing the entire
pipeline.

As artifacts proliferate, the credibility of progress increasingly depends on evaluation
practices that are transparent and reproducible [25]. The growing attention to benchmarks,
leaderboards, and structured evaluation spaces is therefore a critical signal of ecosystem
maturation. By emphasizing comparative measurement and repeatable testing, these efforts align
Kazakhstan's trajectory with global norms in which models are accompanied by evaluation
infrastructure that makes claims scientifically interpretable and practically actionable.

Finally, Kazakhstan’s trajectory should be situated within the broader international
research network that shapes contemporary Al. This framing reinforces the interpretation that
Kazakhstan’s ecosystem is increasingly integrated into global flows of methods, tooling, and
collaboration. Overall, the emerging picture is not only of increased model production, but of a
more complete modern Al pipeline spanning data, training, evaluation, multimodality, and
deployment practices.

Project context and implementation case

After outlining global Al developments and Kazakhstan'’s national priorities, we introduce
the program-targeted project “Creating a Large Language Model (LLM) to Support the Kazakh
Language and Technological Progress” as a concrete case study. Designed as a three-year effort,
the project aims to develop a modern LLM that strengthens Kazakh as the state language and a
language of intercultural communication, while also supporting technological innovation, data
security, education, and scientific research in Kazakhstan.

In general, progress in model capability is driven by three interacting factors: data, model
scale and architecture, and algorithms. For Kazakh, data is the dominant constraint. As a low-
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resource language, Kazakh occupies only a tiny fraction of online text, and until recently it was
barely represented in the pretraining corpora of many widely used foundation models such as
LLAMA 2 [26] shown in Figure 2.

Language Percent Language Percent
en 89.70% | uk 0.07%
unknown 8.38% | ko 0.06%
de 0.17% | ca 0.04%
fr 0.16% | sr 0.04%
SV 0.15% id 0.03%
zh 0.13% | cs 0.03%
es 0.13% | fi 0.03%
ru 0.13% | hu 0.03%
nl 0.12% | no 0.03%
it 0.11% | ro 0.03%
ja 0.10% | bg 0.02%
pl 0.09% | da 0.02%
pt 0.09% | sl 0.01%
vi 0.08% | hr 0.01%
Figure 2: Language distribution in pretraining data with percentage >= 0.005% of meta
LLAMA 2 in 2024.

As a result shown in table 4, many general-purpose LLMs show limited Kazakh
understanding out of the box and require additional adaptation, such as targeted fine-tuning and
instruction tuning, to perform reliably in Kazakh. This motivates the project’s emphasis on
building high-quality training data and ensuring that Kazakh is not treated as a marginal
component in the model’s learning process.

Table 4. Comparative performance and adaptability of popular LLMs for Kazakh language

tasks.
Issue GPT-4 LLaMA 3 DeepSeek TinyLlama
(OpenAl) (Meta Al)
Data scarcity 1.5B tokens 600M 400M tokens 100M
(number of Kazakh tokens in (Kazakh < tokens (primary tokens
training) 0.1% of data) (limited language:
support) Chinese)
Translation quality 32.1% 25.4% 20.2% 18.5%
(BLEU score for Kazakh)
Morphology and 78.2% 68.4% 65.1% 59.3%
agglutination
(suffix recognition
accuracy, %)
Answer reliability 9.3% 15.7% 18.9% 22.5%
(hallucination rate on factual
data, %)
Customization availability 0% (closed 100% 100% 100%

(fine-tuning capability, % of

full dataset)

model)

The project therefore focuses on expanding both the quantity and the quality of Kazakh-
language resources. Existing assets such as the Kazakh National Corpus [28] provide an important
foundation, but many of these resources were created for linguistic research and were not
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designed for modern LLM training workflows. Today’s LLM training typically involves two stages.
The first is pretraining on large-scale, mostly unlabeled text to learn general language
representations. The second is instruction tuning, where the model learns to follow user intent
through instruction-response pairs, similar to teaching a student through examples. This second
stage is especially important for real-world usefulness, because it trains the model not only to
generate fluent text, but also to respond in a helpful, task-oriented way that matches everyday
language use.

To produce instruction data that reflects real Kazakh usage rather than artificial patterns
generated by models, the project relies on expert curation. In practice, this means that linguists
and language specialists design instruction-response pairs that mirror natural Kazakh phrasing,
cultural context, and expected answer styles. This work is supported by consortium partners,
including the Akhmet Baitursynov Institute of Language Education and the Shaisultan
Shayakhmetov National Scientific and Practical Center “Til-Qazyna.” In parallel, the project scales
unlabeled data through large document digitization. Because Al-Farabi Kazakh National
University maintains one of the largest university libraries in Central Asia, the project has
digitized thousands of books using OCR [28] and is also processing large volumes of news and
multimodal content. Both expert curation and large-scale digitization are time-consuming, but
they create durable national assets that can support research and applications over the next
decade.

If data is the fuel of Al, then the model is its engine. While today’s frontier systems show
improving support for low-resource languages, the situation was notably weaker only a few years
ago, and relying solely on external models is not sufficient for strategic goals such as data
sovereignty, education, and public-sector deployment. For this reason, the project trained a
compact LLaMA 3 variant with 1.9 billion parameters using two 100 GB GPUs. The model was
trained on a curated dataset compiled from KazNU’s dissertation archives and enriched with
instruction data authored by Kazakh language experts. This experience shows that even “compact”
LLM development requires substantial computational resources when the goal is high-quality,
domain-relevant performance.

Beyond data and base model training, algorithm has become a third critical pillar such as
alignment [29]. A capable model with strong data coverage still needs reliable control so that its
responses follow human intent, remain safe, and reflect social and cultural expectations . In
modern LLM pipelines, this control layer is often built through reinforcement learning from
human feedback [21] or related preference-optimization methods [22]. In the context of
Kazakhstan, alignment is also about ensuring that the model’s behavior matches local norms,
educational requirements, and public-sector values. The human experts process reinforcement
learning from human feedback is shown in Figure 3.

CosaaTh OT3bIB
Wcnpasnenie crenepuposanHoro oTeeta

ATAAEI XBHE Ol HAKTEI XAYANThI TANS Ani. ‘Byn xayan
elineywi S3iHid KyMSHIH Hemece Maza FLin Ginaipeai. Mywnaai

OTmeHnTE OwnpaeuTs

Fig 3. Reinforcement learning from human feedback.

After addressing alignment, the next major challenge is hallucination. In practice,
hallucination occurs when a model produces fluent but unsupported statements, including

28)
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information that is inaccurate or does not exist. This behavior is strongly linked to the way
standard LLMs generate responses: if the model answers directly from its internal parameters, it
may rely on statistical associations rather than verifiable evidence. A common mitigation is to
require the model to first retrieve relevant source material and then generate an answer
grounded in that context. This is the core idea of Retrieval-Augmented Generation [30], whose
workflow is illustrated in the corresponding figure 4.

% ! r. Search

@_M;.:“,: X

Response

User Retriever Knowledge Base
Query + Text

=
= ‘.@' Generation .@.—
= ; ) = (4
Tt II —_— Pd

Answer LLM

Figure 4: Work logic of RAG

Building on this foundation, real-world deployments have also been pursued across
multiple domains. Two representative cases illustrate practical impact and implementation
maturity: an admission-office assistant and a newsroom agent. The newsroom scenario aligns
well with core LLM capabilities, since editorial workflows depend heavily on summarization,
question answering, structured information extraction, and content drafting.

To improve usability under limited compute, parameter- and inference-efficient
techniques were incorporated in a collaborative project titled “Al QazMedia,” conducted with the
Faculty of Journalism in the Al Media Lab supported by LG Electronics Kazakhstan and focused
on applications in media and communication science. In that study, the quantized model
“issai/llama3.1-70b-GGUF4” was deployed as part of an Al assistant built on the open-source RAG
platform RagFlow [31] as shown in Figure. Using the compressed GGUF4 format reduced
inference-time GPU memory consumption by more than 70%, enabling deployment in resource-
constrained settings. Whereas full-precision inference for a 70B-parameter model typically
requires well over 100 GB of GPU memory, the quantized variant can operate effectively on a
single 48 GB GPU, improving feasibility for both academic and production use. The underlying
idea and system structure are summarized in the accompanying figure 5.
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Figure 5: Newsroom agent on rag flow

This efficiency gain is primarily driven by quantization [32], which reduces model
precision (commonly to 8-bit or 4-bit) while preserving much of the model’s practical capability.
In addition to quantization, distillation and optimized compute kernels are widely used to reduce
serving cost and latency. Together, these methods have contributed to a major shift in the field:
inference efficiency is now a first-order constraint, and successful deployments increasingly
depend on carefully engineered serving stacks rather than model quality alone. Once
architecture-level constraints are addressed, attention naturally shifts toward data efficiency,
because scalable deployment and continuous improvement require high-quality data, robust
retrieval indexes, and reliable update workflows.

The admission-office assistant addresses a different but equally high-impact need. Al-
Farabi Kazakh National University receives tens of thousands of applications and an even larger
volume of questions about programs, requirements, deadlines, and career pathways from
prospective students across Kazakhstan and abroad. A recurring difficulty is that applicants often
struggle to distinguish between closely related majors such as Computer Science, Software
Engineering, Data Science, and Information Systems. In addition, educational-program
information is frequently distributed across multiple webpages and documents, making it hard
for students to connect fragmented details into a coherent understanding and a realistic study
plan. The proposed assistant therefore uses a RAG-based architecture (illustrated in the figure 6)
to consolidate trusted materials, retrieve relevant passages, and generate grounded answers that
help applicants navigate programs and make informed decisions.
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Figure 6: architecture of admission assistant

From a deployment perspective, the admission assistant is designed around four
operational goals. First, full data control ensures that sensitive content and logs remain within
the university infrastructure. Second, transparency and adaptability allow flexible choices of
models, indexing strategies, and output formats as requirements evolve. Third, trilingual support
(Kazakh, Russian, and English) enables broad accessibility without maintaining separate
codebases. Fourth, independence from external APIs keeps computation local and reduces
vendor lock-in. In the initial pilot, the system encountered two practical bottlenecks: response
latency and residual hallucination in some queries. To address these issues, the next iteration
plans to use stronger on-premise GPU infrastructure, including an NVIDIA DGX-class server, and
to incorporate the ReAct framework to improve reasoning traceability and tool-use behavior.
Together, these upgrades aim to improve both response speed and factual reliability, enabling
wider adoption in university-wide admission operations..

Discussion

The evidence reviewed in this paper suggests that Kazakhstan’s Al development over the
past decade has moved from early-stage adoption toward ecosystem formation. Research output
has increased sharply, and Al is no longer confined to academic prototypes. Large state and
industrial actors are deploying Al in production settings, while parallel efforts are expanding
compute capacity, data infrastructure, and workforce training. This combination indicates that
Kazakhstan is building not only “Al projects,” but also the institutional pathways needed for
sustained adoption, including procurement, deployment practices, and skills pipelines.

At the same time, the main bottleneck is not model architecture alone but end-to-end
capability. For Kazakhstan, the critical constraints are data availability and quality, compute
access for both training and inference, and rigorous evaluation that can support deployment
decisions. This is especially visible in language technologies. Because Kazakh is a low-resource
language, it remains underrepresented in many global pretraining corpora, which leads to
weaker baseline performance and makes additional adaptation unavoidable. The case study
shows that improving performance requires investment in data assets that are suitable for LLM
training, including curated instruction datasets and large-scale digitization with careful
preprocessing.

The project case also demonstrates that “local LLM development” is primarily a systems
problem. Even when training compact models, a viable pipeline must cover corpus acquisition,
cleaning and deduplication, tokenization, training stability, and post-training alignment. In
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deployment, reliability depends on controlling hallucination and ensuring traceability. Retrieval-
Augmented Generation is a practical mechanism for grounding answers in verifiable sources, but
it introduces new requirements: high-quality document repositories, indexing strategies, re-
ranking, monitoring, and periodic refresh of knowledge bases. These components determine real-
world usefulness as much as the base model itself.

Finally, operational constraints shape what can be deployed at scale. Inference cost,
latency, and memory are limiting factors for universities, public services, and many enterprises.
The newsroom case illustrates how quantization and other efficiency methods can enable
advanced models in resource-constrained environments, while still delivering useful capabilities
such as summarization, question answering, and content drafting. The admission assistant
illustrates a second reality: user-facing systems must support multilingual interaction,
transparent behavior, and local data control. Early pilots revealed common failure modes,
including slow responses and residual hallucination, which points to the need for stronger on-
premise GPU infrastructure and more robust agentic workflows, such as tool-use and reasoning
frameworks, to improve reliability.

Conclusion

Kazakhstan'’s Al progress over the past decade is best understood as a transition toward
a full-stack ecosystem that connects research, infrastructure, skills, and deployment. The
country’s near-term success will depend on strengthening the components that convert models
into dependable services: trusted and continuously updated data assets, sufficient compute for
training and serving, benchmark-driven evaluation, and responsible deployment practices
including alignment, monitoring, and traceability. If these elements advance together, Kazakhstan
can move from isolated demonstrations to scalable Al systems that deliver measurable value in
public services, industry, education, and scientific research.
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