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Abstract

Retrieval-Augmented Generation (RAG) has emerged as the dominant paradigm for grounding large
language model (LLM) outputs in external knowledge, yet its systematic application to morphologically rich,
low-resource languages remains largely unexplored. This paper addresses two under-studied problems for
Kazakh-language RAG: the design of semantically coherent document chunking strategies and the acceleration
of multi-stage inference on GPU hardware. We construct a corpus of 201,202 preprocessed news documents
from the national newspaper Egemen Qazagstan (2017-2025, 129 thematic categories) and propose three
chunking strategies — Fixed-size (baseline), Semantic (cosine-similarity boundary detection), and Adaptive
(joint semantic and length-regularized scoring) — evaluated under a four-dimensional quality framework
measuring coherence, document coverage, boundary accuracy, and length regularity. The Adaptive strategy
achieves an integrated ChunkScore of 0.879, outperforming the Fixed-size baseline by 0.045 absolute, and
improves retrieval F1@5 by 0.067 and end-to-end answer accuracy by 4 percentage points (92%) on a 50-
query factual test set. For inference acceleration, we deploy an exact GPU-resident index (FAISS-
GpulndexFlatIP) on an NVIDIA H200 GPU, achieving 2.4 ms retrieval latency — a 70.8% speedup over
ChromaDB — without accuracy degradation. Combined with INT4-quantised generation (q4g,, ), KV cache
residency in HBM3, and an attention-based self-evaluation mechanism, the pipeline achieves a mean end-to-
end response time of 0.92 £ 0.06 s under cold-cache conditions and approximately 0.20 s with full KV cache
reuse (4.3x speedup), on a single GPU without external API dependencies. These results demonstrate the
feasibility of high-accuracy, sub-second Kazakh RAG and establish reproducible baselines for future low-
resource retrieval research.

Keywords: retrieval-augmented generation; document chunking; low-resource NLP; Kazakh language;
dense vector retrieval; FAISS; KV cache optimization; LLM inference acceleration; multilingual text
embeddings; GPU-accelerated NLP.
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Anoamna

Retrieval-Augmented Generation (RAG) apxuTtexTypacs! yJIkeH Tingik Mmogenbaepaid (LLM) skayanrapbia
CBIPTKBI OLTIM Ke3[epiMeH HETi3NeyMIiH Heri3ri Tocial peTiHie KeHIHeH KoJjaHbutyna. JlereHmeH, Oy
TEXHOJIOTHSIHBI MOP(OJIOTHSIIBIK KYPBUIBIMBI KYPZIEJIi 9pi pECYPCTHIK KaMTaMachl3 €TUTyi LIEKTey i Tiiaepre
Oeifimziey Macereci XKeTKUTKTI AeHreine seprrenmered. Ochl Makananga kKaszak tutingeri RAG xyiienepine
KATBICTHI €Ki ©3€KT1 FBUIBIMH MACeNIe KapacThIPbUIAbl: KYXKATTapAbl CEMAHTUKAIIBIK TYPFBIIAH YHIIeciMi
(dparMenTTEepre 06y CTpaTerusuIapbiH d3ipiiey jkoHe rpaUKaIbIK YACTKIIITEP e OPbIHIAIATHIH KOIICATHIIBI
nHbpepeHc yaepicin xxexennety. 3eprreyne Egemen Qazagstan (2017-2025, 129 TakpIpbINTHIK CaHAT) YIATTHIK
raseriHiy ajiaslH ana eHuenred 201 202 sxaHaNmbIK KYKaTbIHAH TYPATBIH KOPIyC KYPBUIABL. YII YaHKTEY
cTparerusichl  YChIHBUIIB: Fixed-size (06a3anbik), Semantic (KOCHHYCTBIK YKCACTBHIK OOWBIHINIA MIeKapa
aHbIKTay), Adaptive (ceMaHTHKAJBIK JKOHE Y3BIHABIK OOWBIHIIA peTTenreH OipikTipiiren Oaranay). baranay
TOPT 6JI1eM OOMBIHIIA XKYPIi3iii: KOrepeHTTIIIK, KY>KaTThl KAaMTY, IeKapa AJAir1, Y3bIHIBIK TYPAKThIIBIFbL.
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Adaptive amic ChunkScore = 0.879 HoTmxkecine Ko xkeTkizin, Fixed-size 6a3acerHan 0.045 sxorapbl 00bI,
coHpaii-ak retrieval F1@5 xepcerkimin 0.067-re, end-to-end mommikti 4 mailel3aelK TapMmakka (92%)
aptTeIpasl (50 cypaynsl Tect xubinbl).MHbepencTi xkenengery ymin NVIDIA H200 GPU-ze toasik GPU
xaapiHaa opHanackan nan unaekc (FAISS-GpulndexFlatlP) konaganeuiasl, i3aey kigipici 2.4 ms neHrerine
xetin, ChromaDB-men camsicteipranga 70.8x xpuigamaay kamrtamack3 erti. INT4 kBanTTanFan renepamnms,
HBM3-teri KV-cache xone attention-based self-evaluation mexanmsmimen Oipre xyie cysK kamte 0.92 +
0.06 s, Toneik KV-cache kaiita kongansuiranaa ~0.20 s (4.3% xpurgaMaay) opTaiia xayan Oepy yaKbITbIH
kepcerTi. XKyite 6ip GPU-ne, ceipTker API-CBI3 sx)yMBbIC icTeini. HoTmxenep skorapsl HaiaiKTi, CYyOCEKYHITHIK
Kazak Timiazeri RAG xyiieciH KypyIslH MyMKIH €KeHIH KepceTeni xoHe low-resource retrieval 3eprreymnepi
YILIiH 0a3aJIbIK peNPOAYKTHUBTI HOTHKETIEPAl YCHIHAIBL.

Tyiiin ce3nep: retrieval-augmented generation; Kyxatrapibl (parMeHTTEy; PeCypChl MICKTEYI TUIIepre
apHaJFaH TaOWFH TUIAI ©HJIEY; Ka3akK TLl; THIFBI3 BEKTOPIBIK 131ey; FAISS; KV-kamti oxTaitnanaspy; LLM
MH(MEPEHCIH XKeIeNIETY; KONTUIAl MoTiHAIK aMOemuarTep; GPU-xenennerinres TaOury T eHACY.
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ONTUMM3BALIMS CTPATETMI YAHKHHTA U YCKOPEHUE UH®EPEHCA JIJIS
KA3AXOA3BIYHBIX RAG-CUCTEM B YCJIOBUAX OT'PAHNYEHHBIX PECYPCOB

Annomayus

Retrieval-Augmented Generation (RAG) cdopmupoBanach Kak JOMUHHpYIOIAs TapagurMa s
000CHOBaHUS BBIXOAOB OONBIIHX S3BIKOBBIX Mojenei (LLM) BHEIIHUMH UCTOYHHKAMH 3HAHUH, OJHAKO ¢
CHCTEMAaTH4YeCKOe IMPUMEHEHHE K MOP(OIOTHYECKH CIOXKHBIM SI3bIKAM C OTPaHUYECHHBIMH pecypcamu
ocTaéTcsl HEAOCTaTOYHO M3yYEHHBIM. B maHHOM paboTe paccMaTpuUBaIOTCs ABE 3aAa4M AJIS Ka3aXOsS3bIYHBIX
RAG-cucTeM: NpoeKTUPOBaHHE CEMAaHTHUYECKH COIJIACOBAHHBIX CTpaTerMid YaHKUHIAa [OKYMEHTOB H
ycKopeHue MHoroctanuitHoro mHgpepeHca Ha GPU. B uccrnepoBanmu copmupoBan kopmyc uz 201 202
MpeaBapUTeIbHO 00pab0oTaHHBIX HOBOCTHBIX IOKYMEHTOB HallMOHAILHOHU TazeThl Egemen Qazagstan (2017—
2025, 129 tematnyeckux kareropuii). [Ipemnoxensl Tpu ctparerun yankuaTa: Fixed-size (6azoBas), Semantic
(ompeneneHue TpaHUIl MO0 KOCHHYCHOW Onm3octH), Adaptive (0ObequHEHHAs CeMaHTHYECKas W JJIMHO-
perynsipu3oBaHHas olieHka). OleHKa BBITIOJIHEHA 110 YeThIPEXMEPHOH METpUKE: KOTEPEHTHOCTh, MMOKPHITHE
JOKyMEHTa, TOYHOCTh I'paHML, peryysipHocts anunbl. Ctparerust Adaptive gocturia ChunkScore = 0.879,
mper3oiins Fixed-size Ha 0.045, a taxke noBeicmia Retrieval F1@5 wa 0.067 u end-to-end TouHoCTh Ha 4
MPOIEeHTHBIX MyHKTa (92%) Ha Tecte u3 50 Qaxromoruueckux 3ampocoB. st yckopenus: uHpepeHca
ucnons3oBad Tounblii GPU-unnexc (FAISS-GpulndexFlatIP) na NVIDIA H200, oGecnieunBInii 3aA€pKKy
noncka 2.4 mMc u yckopenue 70.8x no cpaBHenuto ¢ ChromaDB 6e3 notepu kauectBa. B couerannu ¢ INT4-
KBaHTOBaHHOHW TeHepanued, KV-cache 8 HBM3 u mexanu3mom attention-based self-evaluation cucrema
nocturaer cpeaHero BpemeHu oteeta 0.92 + 0.06 ¢ B xomogHoM k3me u ~0.20 ¢ MpH MOJTHOM TOBTOPHOM
ucnons3oBannn KV-cache (yckopenme 4.3x). Cuctema paboraer Ha omHoM GPU 0Oe3 Bremnux API.
PesynbTarthl 1EMOHCTPUPYIOT BO3MOXKHOCTH MOCTPOCHHUSI BBHICOKOTOYHBIX CYOCEKYHIHBIX Ka3aXOsI3bIYHBIX
RAG-cuctem u GpopMUpPYIOT BOCTIPOM3BOIMMYIO 0a3y Ui JalbHEWIINX HCCle0OBaHNN B obnacTu retrieval
s low-resource sI3bIKOB.

KiroueBble cioBa: retrieval-augmented generation; YaHKMHT TOKyMeHTOB; low-resource NLP; kazaxckuit
s3b1K; dense vector retrieval; FAISS; KV-cache ontummzanus; yckopenue undepenca LLM; multilingual
embeddings; GPU-yckopennbiii NLP.

Introduction

Large language models are fluent but unreliable when it comes to recalling facts outside their
training data [1]. Retrieval-Augmented Generation (RAG) addresses this by separating memory from
generation: a retriever pulls relevant passages from an external corpus, and the generator is
conditioned on them, which lowers the rate of hallucination and lets the system stay current as the
corpus changes [2, 3, 4]. Most of this work, however, targets English and a small set of other high-
resource languages. How RAG should be adapted to morphologically rich, low-resource languages
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is still largely open, and Kazakh is a clear case: tokenization, embedding, and segmentation each
behave differently than they do in the languages these pipelines were originally built for.

Kazakh is a Turkic language and the state language of Kazakhstan, spoken by roughly 22 million
people. Its morphology is agglutinative — case, number, person, and derivational affixes attach to a
single stem, so one lexeme can surface in hundreds of well-formed variants [5]. These properties
create friction at several points in a RAG pipeline. A tokenizer tuned for fusional languages tends to
over-segment Kazakh words, and an embedding model trained on predominantly English data
represents them poorly. Chunking is affected too: heuristics calibrated on English paragraph structure
do not track how Kazakh journalistic prose actually shifts between topics. At the same time, the
practical deployment of RAG systems requires inference latencies acceptable for interactive
applications. On commodity CPU hardware, a 4-billion-parameter model can take 8—10 seconds per
query, which is unacceptable for real-time use.

This paper targets two under-studied, tightly coupled problems for Kazakh-language RAG: (1)
how documents should be split into retrieval units (chunks) so that the chunks remain semantically
coherent while maintaining a length suitable for embedding and generation, and (2) how the full
multi-stage RAG pipeline, including embedding, retrieval, generation, and self-evaluation, can be
accelerated to operate in sub-second time on a single GPU without sacrificing accuracy.

To address these challenges, we construct a corpus of 201,202 preprocessed news articles from
Egemen Qazagstan (2017-2025, 129 thematic categories), design three greedy chunking strategies
(Fixed-size, Semantic, and Adaptive), and evaluate them using a four-dimensional quality
framework. Adaptive chunking performed best across the board. It reaches a ChunkScore of 0.879, a
gain of 0.045 over the fixed-size baseline, and lifts retrieval F1@5 by 0.067; on our 50-query factual
benchmark, end-to-end answer accuracy rises to 92%. The acceleration results are similarly favorable.
An exact FAISS index on an NVIDIA H200 returns the top-K chunks in 2.4 ms — 70.8x faster than
ChromaDB on the same workload. The remaining components compound this: INT4 quantization,
KV-cache residency in HBM3, and attention-based self-evaluation. Together they bring cold-cache
latency to 0.92 + 0.06 s, dropping to roughly 0.20 s once the KV-cache is fully reused — all on a
single GPU, with no external API in the loop.

The growing importance of retrieval quality in modern RAG systems has motivated extensive
research into retrieval architectures, document segmentation methods, dense retrieval techniques,
inference acceleration, and confidence estimation. Since the original introduction of RAG by Lewis
et al. [1], numerous studies have proposed sequential, modular, and agent-based architectures,
highlighting retrieval quality as one of the primary determinants of final answer accuracy [2, 3, 4].
Chunking therefore turns into a real design decision rather than a preprocessing detail: how large the
retrieval units are, and whether they stay internally coherent, feeds directly into both retrieval
precision and the quality of what the generator produces afterward.

Early RAG systems mostly used fixed-length chunks. That is easy to implement, but it cuts
documents at arbitrary points and ignores where one idea ends and the next begins. To overcome this
limitation, semantically aware chunking methods employ sentence embeddings and similarity
thresholds to identify topical transitions [6]. More advanced approaches formulate chunk boundary
selection as an optimization problem, using dynamic programming to maximize intra-chunk
similarity while enforcing length constraints [7]. Other studies introduce question-aware chunking
mechanisms based on multi-agent debate frameworks [8]. However, these methods have been
developed and evaluated almost exclusively for English and a small number of other high-resource
languages. Little is known about their effectiveness in agglutinative low-resource settings. The
present work contributes to this area by providing the first systematic comparison of semantic and
adaptive chunking strategies for Kazakh and by introducing a composite ChunkScore metric that
jointly measures coherence, coverage, boundary accuracy, and length regularity. The challenges of
retrieval in Kazakh are further amplified by the limited availability of language-specific NLP
resources. Although recent years have seen progress in neural machine translation, text correction,
and morphological analysis for Kazakh [5], retrieval-oriented datasets and evaluation benchmarks
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remain scarce. Existing tools such as Stanza provide sentence segmentation and lemmatization
capabilities [9], while multilingual embedding models including multilingual-E5 and M3-Embedding
have extended support to Turkic languages [10, 11]. Nevertheless, their retrieval performance on
realistic Kazakh-language corpora has not been rigorously assessed. This study addresses that gap by
evaluating a Kazakh-adapted embedding model on a large-scale news collection and measuring its
influence on retrieval and generation quality.

Beyond retrieval quality, efficient similarity search is essential for practical deployment. Dense
retrieval systems represent queries and documents as continuous vectors and typically rely on
maximum inner-product search, for which FAISS offers highly optimized GPU implementations
[12, 13]. While FAISS has become a standard component of many modern RAG pipelines, its
effectiveness within a complete low-resource language setting has received limited attention.
Furthermore, comparisons between GPU-based exact search and CPU-based approximate nearest-
neighbor systems such as ChromaDB are largely absent for Kazakh-language applications. Our
experiments demonstrate that GpulndexFlatIP provides a 70.8x speedup without measurable
accuracy loss, while the reduced chunk count produced by Adaptive chunking further improves
retrieval throughput.

Inference efficiency constitutes another major bottleneck in interactive RAG systems. Several
recent studies have shown that weight-only quantization methods, such as INT4 g4y, can
significantly reduce memory consumption and computational cost [14]. Similarly, maintaining the
KV-cache in GPU high-bandwidth memory eliminates repeated computation of shared prefixes and
may yield speedups exceeding fourfold in repeated-query scenarios [15]. Additional research
explores sparse attention mechanisms [16] and hierarchical cache-management strategies [17] to
further reduce latency. Building on these advances, the present study investigates the combined effect
of GPU-resident KV caching, INT4 quantization, and attention-based self-evaluation within a unified
Kazakh-language RAG pipeline, resulting in sub-second end-to-end response times.

The reliability of generated responses remains equally important for real-world deployment.
Confidence estimation and hallucination detection mechanisms provide a means to assess whether
generated content is sufficiently supported by retrieved evidence. Attention-based aggregation
approaches such as AggTruth [18] exploit the attention distribution of the final decoder layer to
compute context-attribution scores and identify potentially unsupported outputs. Responses falling
below a predefined threshold can then be regenerated or flagged for verification. Following this line
of work, we incorporate a lightweight attention-based self-evaluation module that introduces only
approximately 90 ms of additional latency while improving the trustworthiness of generated answers.

Research methodology

This study addresses two interconnected optimization problems related to the construction of an
efficient Kazakh-language Retrieval-Augmented Generation (RAG) system. The first concerns the
identification of an optimal document chunking strategy that produces retrieval units that are
simultaneously semantically coherent and appropriately sized for embedding and generation. The
second focuses on minimizing end-to-end inference latency while preserving retrieval and answer
quality. To investigate these objectives, we design a complete pipeline consisting of corpus
construction and preprocessing, chunk generation, chunk quality evaluation, vector indexing and
retrieval, and accelerated inference with self-evaluation.

Let D = {d',d?,...,d"} denote a corpus of documents, where each document d is represented as
a finite sequence of tokens drawn from a vocabulary V. For a document d, let S(d) = {s%,s?, ..., s"}
denote its ordered sentence decomposition. A pre-trained embedding model ¢p: V * —» R™ maps each
text sequence to a unit-normalized dense vector of dimension m = 768. The semantic similarity
between two textual units u and v is computed as

o(u,v) = ¢(w)p(v), (1)
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which corresponds to cosine similarity under £, — normalization. A chunk ¢ = (s, s.*?, ..., sg) is
defined as a contiguous sequence of sentences within a document, while a chunking function C
partitions each document into a finite ordered set of non-overlapping chunks.

To evaluate chunking quality, four complementary criteria are considered. The first is semantic
coherence, measured as the average similarity between consecutive sentences within a chunk. The
second is coverage, which quantifies the semantic fidelity of a chunk relative to the original
document. The third criterion evaluates boundary accuracy by assessing whether chunk boundaries
coincide with meaningful topic transitions. Finally, a length score rewards chunks whose token counts
fall within an empirically determined optimal interval. These components are combined into a single
objective function:

Q(c,d) = wCov(c,d) + w2Coh(c) + w3Bnd(c) + w*Len(l(c)), (2)

where the weights are set to (0.35,0.30,0.20,0.15), respectively. The objective is to identify a
chunking function that maximizes the average ChunkScore over the entire corpus. Because the
resulting optimization problem is computationally intractable in its exact form, practical solutions are
obtained through greedy left-to-right approximation algorithms.

The four components of Eq. (2) are defined as follows, where u(-) denotes the £, — normalized
mean (centroid) embedding of a text span and o the cosine similarity of Eq. (1):

Coh(c) = ;7= 3R=40 (s, Sk41) (22)
Covie,d) = o(u(@), u(@)),  nlx) = =S (2b)
Bnd(c) = 1 — a(sp, Sp11) (2¢)
Len(1(c)) = 1 = Lyenairy (1(0)) (2d)

The second optimization problem concerns the overall RAG inference process. Given a query q,
the retrieval stage identifies the K most relevant chunks by maximizing semantic similarity between
the query embedding and chunk embeddings. Retrieved chunks may subsequently be filtered
according to a relevance threshold before being passed to the generative model. The generated answer
is then evaluated using an attention-based confidence estimator:

r(rR) = (=) 2 o™, 3)

where ;™ is the final-layer attention mass that the generated answer places on the retrieved context
tokens (the set R), averaged over the |r| answer tokens: for each answer token it sums the attention
weights from that token to every retrieved context position, and the mean is taken over the answer
length |r|. The superscript “ctx” is a label (context), not an index; A with superscript L denotes the
final-layer attention matrix defined in Table 1. Responses whose confidence score falls below
Oconf = 0.75 are regenerated with increased sampling temperature. Consequently, the total
response latency can be decomposed as

Ttotal(q) = Temb(q) + Tret(q,I) + Tgen(q,R) + Teval(r,R). 4)

The optimization objective is therefore to determine the implementation configuration that
maximizes answer quality while satisfying predefined latency and memory constraints.
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To support the experiments, a large-scale corpus was constructed from archival publications of the
newspaper Egemen Qazaqgstan covering the years 2017-2025. The original collection contained
213,497 JSON-formatted documents with structured metadata fields including title, author,
publication date, category, abstract, and full article text. A multi-stage preprocessing pipeline
removed duplicate entries through normalized text hashing, filtered documents shorter than 200
characters, and excluded technical pages such as redirects and error stubs. After preprocessing, the
final corpus contained 201,202 unique documents. Linguistic normalization was performed using the
Stanza toolkit for Kazakh, including sentence segmentation, lemmatization, and morphological
analysis. The resulting dataset spans 129 thematic categories, including politics, economics, culture,
sports, science, and technology, thereby providing substantial lexical and topical diversity.

Document segmentation constitutes a critical component of the retrieval pipeline. Given a
sequence of sentences extracted using Stanza, three chunking strategies are investigated. Token
counts are computed using the multilingual-e5-base tokenizer to ensure compatibility with the
embedding model. The first approach employs a fixed-size strategy in which sentences are
sequentially accumulated until a target length of 512 tokens is reached. Chunks are constrained to
remain within the interval [384, 640] tokens, and a new chunk is initiated whenever the addition of
another sentence would exceed the upper limit. This approach ignores semantic relationships between
adjacent sentences and therefore serves as a baseline.

The second approach introduces semantic awareness by computing sentence embeddings using a
Kazakh-optimized embedding model. Chunk boundaries are inserted whenever the cosine similarity
between consecutive sentence embeddings falls below a threshold of 8 = 0.65:

cos(E(si),E(si + 1)) < 6. (5)

The threshold value was determined empirically using a validation set containing 1,000
documents.

The third approach combines semantic information with explicit length regularization. For each
potential boundary position, a boundary score is calculated as

BoundaryScore(i) = a(l — cos(E(sl-),E(si + 1))) + BLpenalty(l), (6)

where « = 0.6 and f = 0.4. Here 1 denotes the token length of the currently open chunk, i.e. the
sentences accumulated since the last inserted boundary up to and including the current sentence s;.
The length penalty increases when chunk sizes deviate from the preferred range of 384 — 640 tokens:

Lpenalty(l) = 0,if | € [384,640], (7)

boundary score exceeds 0.7 or when a hard limit of 1024 tokens is reached. The procedure operates
greedily from left to right across the document. The resulting chunks are evaluated using the four
quality dimensions defined previously: coherence, coverage, boundary accuracy, and length score.
Their weighted combination forms the integrated ChunkScore metric, which serves as the primary
criterion for comparing chunking strategies. All metrics are computed offline on a representative
sample of 50 documents, and the aggregated results are presented in the experimental section.
Following chunk generation, each chunk is transformed into a dense vector representation using the
multilingual-e5-base embedding model. The resulting (.-normalized vectors have dimensionality
768, and similarity between a query and a chunk is computed via inner product. To enable efficient
retrieval, the embeddings are indexed using FAISS and deployed on an NVIDIA H200 GPU through
the exact GpulndexFlatlP implementation. Approximately 200,000 chunk vectors reside entirely in
GPU memory, allowing the system to retrieve the top five most similar chunks for each query. To
isolate the effect of GPU acceleration, a CPU-based baseline is implemented using ChromaDB with
identical embeddings and HNSW indexing.
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The final stage focuses on inference acceleration. Retrieval is performed using FAISS-GPU, which
executes exact similarity search in approximately 2.4 ms per query while preserving full retrieval
accuracy. Additional gains are achieved through GPU-resident Key—Value cache retention in HBM3
memory, eliminating repeated computation of shared prefixes and substantially reducing generation
latency. Retrieved chunks are further processed through relevance filtering and near-duplicate
removal before being passed to the language model.

Response generation is performed by a 4-billion-parameter language model quantized to four-bit
precision using the g4, scheme and executed through the llama.cpp CUDA backend. The model
conditions its output on the three highest-ranked chunks after filtering, using a generation temperature
of 0.2 and a maximum output length of 256 tokens.

To improve reliability, the system incorporates an attention-based self-evaluation stage inspired
by recent confidence-estimation approaches. Attention weights from the final decoder layer are
aggregated to estimate the extent to which generated content is grounded in the retrieved evidence.
When the confidence score falls below 0.75, the response is regenerated using a higher sampling
temperature of 0.8. This lightweight hallucination-detection mechanism introduces approximately 90
ms of additional latency while avoiding the computational overhead of external natural language
inference models.

Results of the study

All experiments were conducted on a single-node workstation equipped with an NVIDIA H200
GPU (80 GB HBM3). The experimental design follows a full factorial structure across two factors:
chunking strategy (Fixed-size, Semantic, Adaptive) and retrieval index (FAISS-GPU and
ChromaDB-CPU), resulting in six configurations and a total of 300 query—configuration evaluations,
with 10 repeated executions per query per configuration.

The evaluation dataset consists of 50 Kazakh-language factual queries spanning ten thematic
categories, including geography, population statistics, national symbols, independence history,
administrative divisions, international organizations, economy, culture, sports, and science. Each
query is paired with up to 10 manually annotated relevant chunks. The annotation process was
performed independently by two native Kazakh speakers, and disagreements were resolved through
consensus. For timing measurements, GPU execution time was recorded using CUDA events, while
CPU timing relied on time. per f _counter, with explicit CUDA stream synchronization applied prior
to all measurements to ensure consistency.

For clarity and reproducibility, Table 1 summarizes the notation used throughout the study,
covering dataset structure, chunking functions, embedding space, similarity metrics, retrieval depth,
thresholds, and system-level constraints such as GPU memory budget and token length settings.

Table 1. Summary of principal notation.

Symbol Definition
D Document corpus
d N Document; corpus size (N = 201,202)
S(d) Sentence decomposition of document d
c Chunk (contiguous sentence subsequence)
I(c) Token length of chunk ¢
¢:V*—> R™ Text embedding function (m = 768)
o(u,v) Cosine similarity (Eq. 1)
C Chunking function (see Methodology)
1 Retrieval index (full chunk set)
Q(c,d) Integrated chunk quality score (Eq. 2)
K Retrieval depth (K = 5)
7t Relevance filter threshold (v = 0.20)
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0 Semantic boundary threshold (6 = 0.65)
Oconf Confidence threshold for self-evaluation (0.75)
A" Final-layer attention matrix
p(r’ i‘i) Context attribution confidence score (Eq. 3)
Trotal End-to-end pipeline latency (Eq. 4)
Mopax GPU memory budget (80 GB HBM3)
T *, Toin» Tmax Chunk token lengths (512, 384, 640)

Moving to chunk-level behavior, quality metrics were computed by averaging over approximately
1,000 chunks per strategy derived from 50 documents. Adaptive comes out ahead on most of these
measures, with a ChunkScore of 0.879 — 0.045 above Fixed-size and 0.019 above Semantic. Two
components drive the gap: boundary alignment (0.85 versus 0.76 for Fixed-size) and length
regularization (0.91 against 0.77). Coverage moves the other way, dropping by 0.007 under Adaptive,
which is the expected cost of packing chunks more tightly around a single topic at the expense of how
much of the document each one represents. The drop is small enough that retrieval downstream does
not suffer. Coherence barely moves across the three strategies — 0.81 for Fixed-size, 0.82 for
Semantic, 0.83 for Adaptive.

In terms of retrieval quality, performance across all configurations is summarized in Figure 1. A
consistent pattern emerges across both indexing systems, where FAISS-GPU and ChromaDB produce
nearly identical results, with differences in F1@5 not exceeding 0.003. This indicates that retrieval
effectiveness is governed primarily by embedding quality and chunk structure rather than index
implementation. Here too Adaptive chunking gives the best retrieval, with an F1@5 of 0.785 — about
0.065 over Fixed-size and 0.061 over Semantic. This lines up with what we expected going in: when
chunks are coherent and kept to a regular length, their embeddings are cleaner, and retrieval gets more
accurate as a result.

Retrieval Performance Comparison
F1@5 Recall@5

B ChromaDB 0.82 BN ChromaDB
W FAISS-GPU . W FAISS-GPU

0.82

0.80+
0.80

0.78 1
0.78

0.76 1
0.76

0.74 4 0.74 -

0.727 0.72 A

0.70 - 0.70 -

Semantic Adaptive Fixed-size Semantic Adaptive

Fixed-size

Figure 1. Retrieval performance comparison across chunking strategies and indexing systems
(Fl@5 and Recall@5).

Latency behavior further highlights the differences between retrieval backends. As shown in
Table 2, FAISS-GPU achieves a retrieval latency of only 2.4 ms, which corresponds to a 70.8x
speedup compared to ChromaDB running on CPU (0.170 s). However, retrieval is not the dominant
contributor to total pipeline cost. Instead, autoregressive generation remains the primary bottleneck,
taking approximately 0.810 s for 256 tokens. Generation runs on the same INT4-quantized GPU
backend in both configurations, so its latency is identical across the two index conditions; the FAISS-
GPU and ChromaDB rows therefore differ only in the retrieval stage. Self-evaluation based on
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attention signals introduces an additional 0.090 s, but remains stable and does not significantly affect
overall throughput.

Table 2. Latency decomposition (Adaptive + FAISS-GPU on NVIDIA H200; ChromaDB on CPU). All
values in seconds. Component latencies are measured independently per stage; the reported Total is the
directly measured end-to-end latency and may differ marginally from the component sum (here =13 ms) owing
to host—device transfer and scheduling overhead not attributable to any single stage.

Stage FAISS-GPU (H200) ChromaDB (CPU)
Query embedding (s) 0.013 +0.002 0.013 +0.002
Retrieval (s) 0.0024 + 0.0003 0.170 £0.012
Generation — TTFT (s) 0.018 = 0.003 0.018 +0.003
Generation — 256 tokens (s) 0.810+0.050 0.810=%0.050
Self-evaluation (s) 0.090+0.010 0.090+0.010
Total (s) 0.920 + 0.060 1.100£0.075

When all components are considered jointly, end-to-end results across the six configurations are
presented in Table 3. A clear monotonic relationship emerges between ChunkScore and final answer
accuracy: Fixed-size (0.834, 88%) is followed by Semantic (0.860, 90%), and then Adaptive (0.879,
92%). This indicates that chunk quality is a strong predictor of downstream system performance.
Across all strategies, FAISS-GPU consistently reduces total latency by approximately 0.31 seconds
compared to ChromaDB, without any observable degradation in accuracy.

Table 3. End-to-end comparison across all six evaluated configurations.

Strategy Index Time (s) Acc. Fl@s
Fixed-size ChromaDB 1.20 88% 0.719
Fixed-size FAISS-GPU 0.89 88% 0.719
Semantic ChromaDB 1.21 90% 0.725
Semantic FAISS-GPU 0.90 90% 0.725
Adaptive ChromaDB 1.23 92% 0.786
Adaptive FAISS-GPU 0.92 92% 0.786

Another important aspect of system behavior is KV cache efficiency, particularly under repeated-
query conditions. As shown in Table 4, the generation stage requires 0.810 s under cold-cache
conditions — consistent with the generation latency reported in Table 2 — and is reduced to 0.190 s
under partial cache hits and to 0.100 s under full cache reuse, corresponding to generation-stage
speedups of 4.26x and 8.10x, respectively. Translated to the complete pipeline, full cache reuse
lowers the mean end-to-end response time from 0.92 s in the cold-cache setting to approximately 0.20
s, an overall =4.3x speedup that closely matches theoretical expectations for KV cache optimization.

Table 4. KV cache impact on generation latency (generation stage only; Adaptive + FAISS-GPU).

Condition Time (s) Speedup
Cold cache 0.810£0.050 1.00%
Partial hit 0.190 £ 0.020 4.26 %
Full hit 0.100+0.010 8.10%

Finally, when compared against external baselines, the proposed system demonstrates a strong
overall advantage. As shown in Figure 2, it outperforms BM25 (Elasticsearch) by a large margin in
both accuracy and Fl@5, while also surpassing a GPT-3.5 API-based dense retrieval system.
Notably, the proposed approach achieves 92% accuracy with a latency of only 0.92 s, compared to
2.40 s for the API-based system, while maintaining full locality without external dependencies.
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Although BM25 offers relatively low latency (0.65 s), its performance is significantly lower in terms
of retrieval quality and accuracy, particularly in handling morphologically rich Kazakh text.

F1@5 Accuracy (%) Latency (s)
10 100 2.5 AT

87%

0.785

0.8 - 80 4 2.0

0.720

0.6 4 60 + 1.54

0.520

0.4 4 40 4 1.0 4

0.2 204 0.5 4

0.0 - 0-

0.0 -

M25 Semantic Proposed Semantic Proposed

Bl BM25 BM25 Semantic Proposed
(Elasticsearch) + GPT-3.5 (Adaptive + FAISS) (Elasticsearch) + GPT-3.5 (Adaptive + FAISS) (Elasticsearch)

+ GPT-3.5 (Adaptive + FAISS)

Figure 2. Comparison with baseline systems across retrieval quality and latency.

Discussion

Taken together, these results highlight several consistent patterns. Adaptive chunking consistently
improves retrieval quality and downstream accuracy due to stronger boundary detection and better
length regularization. FAISS-GPU significantly reduces retrieval latency by approximately 70.8x
without any measurable impact on accuracy, confirming that retrieval speedups do not come at the
cost of quality at this scale (~200k chunks). INT4 quantization enables sub-second generation on a
single GPU while maintaining competitive output quality. KV cache reuse introduces substantial
efficiency gains, reaching approximately 4.3% end-to-end speedup with full cache reuse, which is
particularly beneficial in interactive or session-based settings. Among all components, retrieval
quality has the strongest influence on downstream accuracy, while index choice primarily affects
latency rather than correctness.

The chunking results are consistent with research on semantic boundary selection [6] and length-
aware chunk optimization [7], while extending this evidence to morphologically rich Kazakh news
text. In contrast to question-aware strategies such as QChunker [8], the Adaptive approach evaluated
here uses a greedy, query-independent segmentation rule. Its small reduction in document coverage
(0.007 relative to Fixed-size) indicates a trade-off between local semantic coherence and retention of
broader article context, which may become more consequential for questions requiring evidence from
several passages.

The acceleration results help distinguish retrieval efficiency from end-to-end generation
efficiency. FAISS-GPU and ChromaDB produced nearly identical retrieval scores, whereas the exact
GPU index reduced search latency; this agrees with the role of optimized similarity search established
in FAISS research [12, 13]. Since autoregressive generation remained the largest measured latency
component, a 70.8x retrieval-stage acceleration does not imply an equivalent end-to-end
improvement. The approximately 0.20 s response time under full KV-cache reuse is likewise specific
to repeated-prefix conditions and should not be generalized to cold-cache requests. These findings
complement work on quantization [14] and cache management [15, 17].

At the same time, several limitations remain. The evaluation is restricted to 50 manually verified
single-hop factual queries and does not cover multi-hop reasoning, conversational memory, or
dynamic corpora updates. The attention-based confidence estimation remains heuristic and is not fully
calibrated against human uncertainty judgments. Additionally, the system is evaluated on a static
corpus with a fixed embedding model, leaving further improvements through contrastive fine-tuning
on hard negatives as a promising direction for future work.

Attention-based self-evaluation adds approximately 90 ms and offers a practical way to assess
evidence attribution, as explored in related attention-based work [18]. However, the present
experiment does not establish whether the confidence scores are calibrated to independently judged
factual support. Further study should use larger query samples with uncertainty estimates, multi-hop
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and time-sensitive questions, dynamic news corpora, and separate assessments of cold-cache and
repeated-query workloads. Tests on related Turkic languages and contrastive fine-tuning with hard
negatives would help establish how widely the reported improvements generalize.

Conclusion

This work presented a comprehensive pipeline for Kazakh-language Retrieval-Augmented
Generation, addressing two critical bottlenecks: the design of semantically coherent document chunks
and the acceleration of multi-stage inference on a single GPU. We built a corpus of 201,202
preprocessed news articles from Egemen Qazagstan and used it to develop an Adaptive chunking
strategy. Rather than optimizing a single objective, it balances four at once: intra-chunk coherence,
document coverage, boundary accuracy, and length regularity. Measured against this four-part quality
framework, Adaptive chunking scored 0.879 on ChunkScore, 0.045 above the fixed-size baseline.
The gains carried through to retrieval and generation: F1@J5 rose by a statistically significant 0.067,
and end-to-end answer accuracy reached 92% on a 50-query factual benchmark.

On the systems side, we demonstrated that an exact GPU-resident FAISS index
(GpulndexFlatIP) provides a 70.8x retrieval speedup over ChromaDB without accuracy loss, and
that INT4 quantisation, KV-cache residency in HBM3, and attention-based self-evaluation together
deliver a mean end-to-end response time of 0.92 + 0.06 s (cold cache) and = 0.20 s with full KV cache
reuse (4.3% speedup) on a single NVIDIA H200 GPU without external API dependencies. These
results establish the feasibility of sub-second, fully local Kazakh RAG systems suitable for interactive
applications.

The contributions also include a formal mathematical problem statement for chunking quality and
inference latency optimization, a reproducible evaluation protocol, and the release of the largest
documented Kazakh-language corpus for information retrieval research (201,202 documents, 129
categories).

Future work will extend the evaluation to larger and dynamically updated corpora, explore cross-
lingual transfer for other Turkic languages (e.g., Uzbek, Kyrgyz), and investigate learned chunking
policies as well as advanced RAG architectures with multi-hop reasoning capabilities. Improving the
underlying Kazakh embedding model through contrastive fine-tuning on hard negatives remains a
priority for raising the performance ceiling of the entire pipeline.
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