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AI-DRIVEN TEXT AND AUDIO SYNTHESIS
FOR LOW-RESOURCE LANGUAGE DATASETS

Abstract. This paper presents an Al-driven methodology for constructing parallel text corpora and
synthesizing parallel audio datasets for low-resource Turkic language pairs, namely Kazakh-Kyrgyz and
Kazakh-Uzbek. The scarcity of high-quality linguistic and speech resources for these languages poses
significant challenges for the development of neural machine translation and automatic speech recogni-
tion systems. The paper proposes and validates a methodology for parallel dataset construction driven
by artificial intelligence, in which the selection of a translation system is guided by a set of criteria
encompassing free accessibility, translation quality, and processing efficiency, assessed through experi-
ments on a 2000-sentence test set. Based on this evaluation, large-scale parallel corpora for the Kazakh-
Kyrgyz and Kazakh-Uzbek language pairs were generated using the selected Al system. A subsequent
manual error analysis revealed that approximately 3.7% (Kazakh-Kyrgyz) and 4.3% (Kazakh-Uzbek) of
the translations contained inaccuracies, indicating the need for post-editing and further model refine-
ment. Audio synthesis experiments using MMS-TTS and TurkicTTS systems demonstrated that synthetic
speech of near-natural quality can be generated for both languages, with NISQA scores reaching up to
4.44 for Uzbek. The findings confirm that the proposed methodology provides a practical and scalable
foundation for expanding linguistic resources for low-resource Turkic languages and supporting further

research in machine translation and speech processing.
Keywords: low-resource languages, methodology for creating datasets, parallel text corpora, Al sys-

tems, audio synthesis.

1. Introduction

There are more than 7,000 languages spoken
worldwide, yet the majority of digital language
technologies are developed for only a small subset
of them [1]. While more than half of the world’s
population uses fewer than 20 major languages, a
large number of languages remain underrepresented
in the digital space. Many of these so-called low-re-
source languages are official languages of countries
with relatively small populations, including several
states in Central Asia such as Kazakhstan. The scar-
city of digital and linguistic resources severely ham-
pers the advancement of modern language technolo-
gies for these languages.

Low-resource languages often suffer from digi-
tal exclusion due to the lack of essential linguistic
resources required for effective automatic language
processing. The development of natural language
processing (NLP) systems typically requires the
availability of character encoding standards, lexi-
cal resources, and well-described linguistic rules,
including grammar, syntax, and morphology. Al-
though the problems associated with character en-
coding and the coverage of a core vocabulary have

74 [y i | Licensed under CC BY-NC 4.0

been partially solved by modern information tech-
nologies, the creation of comprehensive linguistic
resources remains a difficult and labor-intensive
task. Consequently, these languages suffer from an
acute deficiency of extensive annotated datasets,
lexicons, NLP toolkits, and digitized textual materi-
als required for model development and evaluation.
Compared to well-resourced languages like Eng-
lish, Chinese, Hindi, Spanish, or French, such insuf-
ficient data makes it considerably more difficult to
construct reliable systems capable of handling ma-
chine translation, speech recognition, text classifica-
tion tasks [2—4].

Kyrgyz and Uzbek fall into the category of
low-resource languages, primarily due to the in-
sufficient availability of high-quality linguistic
data required to train contemporary natural lan-
guage processing and machine translation systems.
Among the most pressing challenges is the restrict-
ed access to parallel corpora for these languages.
Although research interest in building and bench-
marking machine translation systems for under-re-
sourced Turkic languages has grown considerably
in recent years [5, 6], the absence of substantial
high-quality parallel datasets continues to be a fun-
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damental bottleneck impeding further advances in
this domain.

Several approaches have been proposed to ad-
dress this problem. One solution involves the cre-
ation of synthetic corpora. For example, by con-
structing sentences based on a complete set of
morphological rules and suffixes [7, 8]. One of
the most widely used approaches today is to create
synthetic parallel data by translating monolingual
texts from one language to another using machine
translation. However, this approach can also lead to
significant difficulties in terms of translation qual-
ity. Machine translation systems for resource-con-
strained languages lack accuracy due to the limited
amount of training data. Consequently, this may
give rise to semantic distortions, grammatical inac-
curacies, and incorrect interpretations of phrases,
ultimately compromising the overall quality of the
resulting parallel corpus.

A common approach to building synthetic par-
allel corpora for low-resource languages involves
using an intermediate language, typically English
[9, 10]. While this method helps compensate for
the lack of direct translation data, it is not always
effective for closely related language pairs such as
Turkic languages. Routing translation through Eng-
lish often results in the loss of semantic and gram-
matical nuances specific to these languages, thereby
reducing the quality of the generated data [11]. This
highlights the need for direct corpus construction
methods that better preserve the linguistic proper-
ties of such language pairs.

Publicly available parallel data for the Kyrgyz-
Kazakh and Uzbek-Kazakh language pairs remains
extremely scarce, making it difficult to develop and
train effective neural machine translation (NMT)
models. Research and openly accessible resources
for these language pairs are also notably limited [12],
underscoring the need for systematic approaches to
constructing high-quality parallel corpora.

This article presents an Al-driven methodol-
ogy for constructing parallel text corpora for the
Kyrgyz-Kazakh and Uzbek-Kazakh language
pairs, directly addressing the data scarcity chal-
lenges outlined above. The proposed approach
leverages artificial intelligence techniques for
both text and audio synthesis, aiming to enrich
language resources for low-resource Turkic lan-
guages and to support further research in machine
translation and related natural language process-
ing tasks.

2. Materials and methods

This section outlines the methodological foun-
dations of the proposed Al-driven approach to con-
structing parallel datasets for low-resource Turkic
languages. It begins by reviewing the core chal-
lenges associated with data scarcity and examines
existing resources and strategies for parallel corpus
construction. Next, it discusses the role of modern
Al-based systems in the automatic generation of
both text and audio data, and motivates the selec-
tion of an Al-assisted pipeline for dataset creation.
Finally, the section introduces the overall method-
ology adopted in this study for building and evalu-
ating parallel corpora for the Kyrgyz-Kazakh and
Uzbek-Kazakh language pairs.

2.1 Data Scarcity in Low-Resource Languages
and Approaches to Parallel Corpus Creation

The scarcity of large, high-quality parallel text
datasets represents one of the most significant ob-
stacles for low-resource languages. Turkic lan-
guages including Kazakh, Kyrgyz, and Uzbek are
particularly affected, given that openly accessible
bilingual resources for these languages remain con-
siderably limited [13, 14]. Efforts to bridge this gap
have included developing bilingual dictionaries and
compiling small parallel datasets for pairs such as
Uyghur—Kazakh, Kazakh-Kyrgyz, and Kyrgyz—
Uyghur, alongside pivot-based translation strategies
that rely on English as a bridge language [14, 15].
Despite these efforts, the available resources fall
short in both volume and linguistic coverage, ren-
dering them insufficient for training robust neural
machine translation systems.

Creating parallel data for languages with limited
resources is a complex and multifaceted process that
may involve various sources and methods. Existing
parallel datasets represent the most straightforward
option, and a number of large multilingual resources
are available, including OPUS, TED Talks subtitles,
and Europarl. OPUS stands out as one of the most
extensively utilized open-access repositories of
multilingual parallel corpora among the available
resources [16—18]. Such datasets serve as a fun-
damental resource for training and evaluating ma-
chine translation systems, as well as for advancing
research in multilingual natural language process-
ing. Nevertheless, for a number of Turkic language
pairs — notably Kazakh—Kyrgyz and Kazakh—Uzbek
— the available resources remain inadequate in both
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coverage and scale to effectively support the prac-
tical development of machine translation systems
[19, 20].

Recent advances in neural machine translation
and large multilingual models, such as attention-
based NMT architectures, XLM-R, and the NLLB
project, have substantially enhanced translation
quality for low-resource languages through the uti-
lization of large-scale multilingual pre-training and
cross-lingual transfer learning techniques [21-24].
At the same time, these developments have made it
possible to use machine translation systems not only
as end-user tools but also as instruments for data
generation, enabling the construction of synthetic
parallel corpora from monolingual texts.

Several studies have discussed different strate-
gies for corpus construction, including the use of
open data sources, crowdsourcing, proprietary da-
tasets, and human—machine collaboration [25-27].
In particular, Al-assisted and semi-automatic ap-
proaches have gained increasing attention due to
their scalability and cost-effectiveness. However,

Figure 1
Architecture of the proposed method for text
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the quality of automatically generated parallel data
remains a critical issue, especially for low-resource
languages, and typically requires careful selection
of translation systems as well as subsequent quality
assessment and filtering.

Building on these considerations, this study pro-
poses a methodology that leverages artificial intel-
ligence to construct parallel text corpora for the Ka-
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orous quality evaluation, with the ultimate goal of
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benchmarking neural machine translation models.

2.2 Developed methodology
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The preparation stage consists of several initial
tasks. First, an extensive review of previous stud-
ies is carried out to investigate recent developments
in machine translation for low-resource languages,
with special attention given to Turkic language
pairs such as Kazakh—Kyrgyz and Kazakh—Uzbek.
Next, publicly available parallel corpora for these
language pairs are collected from open resources,
particularly the OPUS platform, followed by an
analysis of their reliability and overall quality. At
the same time, existing neural machine translation
approaches and Al-driven translation systems ap-
plicable to the selected languages are examined.
Based on the outcomes of the literature analysis,
suitable translation evaluation measures are deter-
mined. Furthermore, a number of criteria for select-
ing Al systems are established, including translation
performance, model design, computational require-
ments, and the accessibility of training resources.
Finally, a balanced and domain-diverse benchmark
dataset of parallel sentences is prepared to support
an objective assessment of translation quality.

Several Al-based translation systems were eval-
uated against a set of predefined criteria, including
accessibility, translation quality, and processing ef-
ficiency. The systems considered for comparison
were Google Translate, NLLB, ChatGPT, Deep-
Seek, GitHub Copilot, and Gemma [32-37], which
can be broadly divided into specialized translation
systems and general-purpose large language mod-
els. Each system was used to translate a test set of
Kazakh sentences into Kyrgyz and Uzbek, and the
resulting outputs were assessed using the metrics
described in Section 2.4. The system demonstrating
the best overall performance in terms of translation
quality, efficiency, and accessibility was subse-
quently selected for large-scale corpus generation.

The second stage is devoted to the comparative
selection of Al systems. During this process, ev-
ery candidate model translates the Kazakh portion
of the evaluation dataset into Kyrgyz and Uzbek.
The generated outputs are then assessed using the
previously chosen evaluation metrics. Considering
both the metric results and the predefined selection
conditions, the candidate systems are systematically
compared and filtered through several evaluation
rounds until the most effective model is selected for
further large-scale synthetic data generation.

The final stage focuses on corpus construc-
tion. At this stage, the chosen Al system is applied
to translate the Kazakh component of an existing
Kazakh—English parallel corpus into Kyrgyz and
Uzbek. As a result, extensive synthetic parallel da-

tasets for the Kazakh—Kyrgyz and Kazakh—Uzbek
language pairs are created. These newly generated
corpora can later serve as training and evaluation re-
sources for neural machine translation systems.

2.2.2 Text-based audio synthesis

This study uses a cascade methodology for cre-
ating a text-based audio corpus. It aims to create a
parallel text-audio corpus for Turkic languages. The
source language is Kazakh, and the target languages
are Uzbek and Kyrgyz.

The proposed approach differs from the tradi-
tional speech data collection and automatic recog-
nition methodology. In the classical method, the
quality of the corpus depends on the speakers, the
writing environment, dialect features, and the ac-
curacy of ASR/STT systems. In low-resource lan-
guages, this leads to transcription errors, phonetic
distortions, and lower data quality.

Based on high-quality audio and text in the in-
put language (Kazakh), first, supervised parallel text
data is generated, and then converted into synthetic
speech using TTS systems. This approach increases
the scalability, repeatability, and controllability of
the corpus creation process.

The stages of the proposed methodology consist
of the following:

1 Kazakh data preparation. At this stage, the
source texts in Kazakh are preprocessed: normal-
ized, standardized, and unnecessary elements re-
moved. Morphological and syntactic features are
taken into account. This text is taken from the origi-
nal high-quality audio dataset from NU corpora.

2 Al- based machine translation. The transcrip-
tions are translated into Uzbek and Kyrgyz using
the NLLB neural translation model. If necessary,
additional grammatical and syntactic corrections are
made, as in the previous text data processing sec-
tion.

3. Speech synthesis — Kazakh, Uzbek, and Kyr-
gyz texts are converted into audio files using TTS
systems. For each sentence, a corresponding “text —
audio” pair is created.

In the study, only a limited number of TTS sys-
tems were identified that support the Kazakh lan-
guage and our target languages (Uzbek and Kyrgyz).
These systems are: MMS-TTS and TurkicTTS. The
TTS systems were evaluated according to the fol-
lowing criteria: support for the target languages
(Uzbek and Kyrgyz), availability under an open
license, local deployment, scalability, naturalness,
and suitability for generating a synthetic speech cor-
pus. During the work, for 2 languages, the Kyrgyz
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Based on the analysis, MMS-TTS and Tur-
kicTTS were selected for the study. Although there
are also systems for the Turkic languages, CoquiTTS
and ElevenLabs, they were excluded because they
did not fully meet the methodological requirements.

The CoquiTTS model does not support the Kyr-
gyz language. Therefore, additional training on a
fixed Kyrgyz speech corpus would be required to
use CoquiTTS in this study. Since such a corpus was
not used in the study, the system was excluded from
the analysis. As an additional limitation, the discon-
tinuation of the Coqui company reduces the reliabil-
ity of the system’s long-term support. ElevenLabs,
on the other hand, supports many languages, includ-
ing Kyrgyz and Uzbek, and provides high-quality
speech synthesis. However, the platform is commer-
cial and closed. It does not offer open-source code,
does not support local deployment, and limits the
amount of generation available through tariff plans.
In addition, dependence on external APIs reduces
the reproducibility of experiments. For these rea-
sons, ElevenLabs was excluded as a system that
does not meet the requirements of openness, scal-
ability, and independent scientific use.

MMS-TTS was selected as an open, multilin-
gual system supporting more than 1,100 languages,
including Uzbek and Kyrgyz. Its local deployment,
lack of commercial restrictions, and ability to auto-
matically generate audio data make it suitable for
working with low-resource Turkic languages. In ad-
dition, the use of phonemic representations across
languages increases their applicability to languages
with limited speech resources.

Figure 2

TurkicTTS was selected as a special speech syn-
thesis system for Turkic languages. Its advantage is
its focus on the phonetic and morphological features
of this language group, including agglutinativity,
pronunciation, and word-form variability. Support
for Uzbek and Kyrgyz languages, as well as the
ability to further train on user data, make TurkicTTS
suitable for the tasks of this study. Thus, MMS-TTS
and TurkicTTS were selected as the most suitable
systems for synthetic speech generation in Uzbek
and Kyrgyz languages. One is a universal multilin-
gual model, the other is a system adapted to Turkic
languages. Using both together increases the study’s
objectivity.

4. Corpus formation — All texts and audio files
are combined into a single structure:

{text KAZ} — {text UZB/KYR} — {audio KAZ
(high-quality human voice)} — {audio UZB/KYR
(synthetic) )

The advantages of the proposed methodology
are as follows:

- High data quality control.

- Independent of narrators and recording condi-
tions.

- Easy to scale and repeat.

- Reduces data collection costs and reduces tran-
scription errors.

The proposed text-based audio synthesis meth-
odology allows for the efficient and reliable forma-
tion of a parallel text-audio corpus in the Turkic
language

An illustrative diagram of the proposed method-
ology is presented in Figure 2.

The scheme of Text-based audio synthesis Generation for Uzbek and Kyrgyz languages
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2.3 Parallel Data Sources and Preprocessing

To conduct the experimental study, parallel text
datasets were obtained from publicly available cor-
pus resources. A review of existing multilingual
corpora indicated that datasets suitable for Kazakh—
Kyrgyz and Kazakh—Uzbek machine translation re-
main limited in both quantity and quality. The main
available corpora from the OPUS collection are
summarized in Table 1.

Table 1
Available OPUS Parallel Corpora for Kazakh—Kyrgyz and Ka-
zakh—Uzbek

Name of Parallel Dataset link
Dataset sentences

https://opus.nlpl.eu/
OPUS [13] 214 183 KZ-KG corpora-search/kk&ky
OPUS [15] 249 941 KZ-UZ https://opus.nlpl.eu/

corpora-search/kk&uz

According to these resources, 2000 Kazakh-
Kyrgyz and Kazakh-Uzbek sentence pairs were
taken to create a test set. Kyrgyz and Uzbek sen-
tences were considered as gold standard references,
and Kazakh sentences were used as source texts for
translation and evaluation.

In addition to building large parallel corpora
for low-resource Turkic languages, a monolingual
Kazakh dataset was selected as the source material.
The dataset was obtained from an open-access re-
source and originally contained ~—300 thousands
parallel Kazakh—English sentence pairs [28]. In the
context of this study, only the Kazakh side of the
corpus was selected and utilized as the source input
for automatic translation. Using the artificial intel-
ligence system selected here, this corpus was trans-
lated into Kyrgyz and Uzbek, resulting in newly
created Kazakh-Kyrgyz and Kazakh-Uzbek parallel
corpora.

This approach allows for the efficient creation
of large parallel datasets for low-resource language
pairs by using monolingual or bilingual resources
and modern artificial intelligence-based translation
systems.

2.4 Quality metrics

2.4.1 Translation Quality Metrics for Text

Machine translation quality was evaluated using
several complementary metrics, since a single eval-

uation method cannot fully reflect translation perfor-
mance, especially for morphologically rich Turkic
languages. The selected metrics measure translation
quality from different perspectives, including lexi-
cal similarity, character-level correspondence, edit-
ing distance, and semantic adequacy.

Among the applied metrics, BLEU evaluates
the overlap between generated and reference trans-
lations using n-gram matching and remains one of
the most widely used metrics in machine transla-
tion research [29]. In contrast, WER focuses on
the number of editing operations required to trans-
form the generated sentence into the reference text,
where lower values indicate better performance.
To better capture morphological variations com-
mon in Kazakh, Kyrgyz, and Uzbek, the ChrF
metric was additionally employed. Unlike word-
based metrics, ChrF operates at the character level,
making it more sensitive to agglutinative language
structures [30]. Semantic and linguistic aspects of
translation quality were assessed using METEOR
and COMET. METEOR considers factors such as
stemming, synonym matching, and word order,
while COMET applies neural-based evaluation
techniques to estimate translation fluency and se-
mantic consistency [31].

2.4.2 Metrics for synthesized speech

To obtain a more comprehensive evaluation of
synthesized speech quality, several objective assess-
ment metrics were employed.

MOSNet was used for automatic prediction of
perceptual speech quality scores comparable to the
Mean Opinion Score (MOS).

DNSMOS evaluates the overall audio quality,
naturalness of speech, and the level of distortion in
the generated speech signal. Additionally, a neural
network-based quality assessment was conducted
using NISQA. Furthermore, SSL-MOS, based on
self-learning representations, was used to assess
the naturalness and intelligibility of synthesized
speech.

3. Results

3.1 Text Corpus Generation Results

Table 2 presents the evaluation results of six
Al-based translation systems on a test set of 2,000
Kazakh sentences from the OPUS datasets, compar-
ing their performance across multiple metrics for
both Kazakh—Kyrgyz and Kazakh—Uzbek language
pairs.
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Table 2

Translation model performance assessed on a test set of 2,000 Kazakh sentences drawn from the OPUS datasets

Metrics BLEU WER METEOR COMET ChrF
System kg uz kg uz kg uz kg uz kg uz
Google Translator 12.00 13.00 0.93 0.91 0.08 0.06 0.70 0.71 23.02 24.41
Chat GPT 37.60 37.30 0.87 0.86 0.16 0.16 0.91 0.89 31.57 32.78
NIllb-200-3.3 30.40 31.40 0.88 0.85 0.13 0.13 0.78 0.72 27.12 25.35
DeepSeck 34.00 33.30 0.88 0.87 0.15 0.15 0.83 0.80 31.58 32.51
Copilot 27.20 25.00 0.89 0.88 0.15 0.13 0.82 0.76 31.40 30.70
Gemma-2-27b 32.00 32.00 0.87 0.87 0.14 0.14 0.81 0.81 30.27 31.36

The Figure 1 visually illustrates the perfor-
mance differences between the evaluated translation
systems, enabling a clear comparison of their ef-
fectiveness and facilitating the selection of the most
suitable model.

Figure 1
Comparison of translation systems

Table 3 illustrates the translation time required by
each Al system to process 300 thousand Kazakh sen-
tences, revealing a substantial difference in efficiency
between Gemma and NLLB, which completed the same
task in approximately 70 days and 3 days, respectively.
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Table 3 Table 4

Processing Time Required by Each Al System for Large-Scale
Text Translation

Summary of Translation Error Analysis for Kazakh—Kyrgyz and
Kazakh—Uzbek Language Pairs

Estimated processing time required

Models to translate a corpus of 300 thousand
sentences

Gemma ~70 days

NLLB ~3 days
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Total errors identified 11175 12930

Error rate 3.7% 4.3%

Main error types Abbre.V'iation, Abbre.v.iation,
Repetition Repetition
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The table 4 presents information about errors
and quantity of errors. Manual inspection of the
translated corpus revealed two predominant error
categories: semantic errors, characterized by incor-
rect conveyance of meaning, and lexical errors, in-
volving missing or inaccurately translated words.
The total number of identified errors amounted to
11175 for the Kyrgyz and 12930 for the Uzbek
translations. Addressing these errors led to a notable
enhancement in the overall quality of the parallel
corpus. Based on these figures, the estimated error
rate stands at approximately 3.7% for the Kazakh—
Kyrgyz and 4.3% for the Kazakh—Uzbek language
pairs, encompassing inaccuracies in abbreviation
translation and repetitions that were subsequently
removed using a specially developed automated
program.

Table 5
Results of synthetic audio generation for Uzbek

3.2 Speech synthesis results

Based on the proposed methodology for text-
based audio synthesis, a parallel corpus was ob-
tained, containing the original Kazakh-language
data and their Uzbek and Kyrgyz versions. The
compiled data were uploaded to the Hugging Face
platform. The test set of 1000 audio files is available
at the following link: https://huggingface.co/datas-
ets/KazNU-Lab/audio-parallel-1k-mms.

For the experimental section, 500 audio frag-
ments of each male and female voice were selected
from the NU Corpus. The dataset for the overall test-
ing consisted of 1,000 audio recordings. This data
was used for reference-free metrics that do not require
a ground-truth recording to evaluate synthetic speech
quality. They allow for the analysis of speech natural-
ness, intelligibility, and overall perceived quality.

Language DNSMOS MOSNet NISQA SSL-MOS
MMS 3.33 4.04 4.26 3.24
TurkicTTS 3.31 3.99 4.44 2.39
Table 6
Results of synthetic audio generation for Kyrgyz
Language DNSMOS MOSNet NISQA SSL-MOS
MMS 3.10 4.00 2.60
TurkicTTS 3.15 4.20 1.90

The MMS system for Uzbek showed high re-
sults on the SSL-MOS metric (2.39 for TurkicTTS).
This difference indicates that the MMS system’s
speech is prosodically (intonation, stress, speech
tempo, pauses between words or phrases, rhythm,
pitch / FO, speech intensity, emotional coloration)
stylistically close to natural speech. Such a property
is crucial for training ASR systems.

The TurkicTTS system for Uzbek has the ad-
vantage according to the NISQA metric (TurkicTTS
4.44, MMS 4.26). This indicates a high-quality
speech signal: a low number of artifacts and consis-
tent loudness and intonation are observed. The sys-
tem was likely trained on clean studio data.

According to the DNSMOS and MOSNet re-
sults, both systems are practically on par. The dif-

ference is only 0.05 points, which is within the sta-
tistical margin of error.

The results indicate that both systems provide
an acceptable level of quality for the Kyrgyz lan-
guage. However, TurkicTTS achieves slightly
higher scores than the MMS system across all three
metrics.

The difference between the DNSMOS metrics is
only 0.05 points; both metrics remain within an ac-
ceptable quality range, indicating that the synthetic
speech is of sufficient quality.

The MOSNet metric evaluates speech natural-
ness and prosodic characteristics (TurkicTTS 3.80,
MMS 3.75). Although the difference is small, Tur-
kicTTS shows a consistent advantage. These val-
ues are lower than those obtained for Uzbek (3.99—
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4.04), which is explained by the small amount of
available training data for Kyrgyz and its phonetic
characteristics.

The most significant advantage was observed
in the NISQA metric, with 4.20 for TurkicTTS and
4.00 for MMS. The difference is 0. 20 points. This
result is consistent with the trend observed for Uz-
bek (TurkicTTS — 4.44, MMS — 4.26), indicating
that the TurkicTTS architecture consistently gener-
ates acoustically cleaner signals.

The fully-processed audio corpora are available
at the following repositories: https://huggingface.
co/datasets/KazNU-Lab/

Currently, the repositories are private pending
copyright registration for the processed audio cor-
pora. This is due to the lack of ready parallel audio
corpora that simultaneously cover several Turkic
languages in open access. Therefore, the created
resource has both scientific and practical value for
machine translation, speech synthesis, and multi-
modal processing.

4. Discussion

The evaluation results show that ChatGPT and
DeepSeck achieve the highest performance for
Kazakh-Kyrgyz and Kazakh-Uzbek translations
according to several automatic indicators (Table
2). Here, ChatGPT shows a good performance in
COMET and ChrF results, which indicates a high
level of semantic sufficiency and fluency. DeepSeek
has similar performance and can be considered a
competitive solution. In contrast, NLLB-200-3.3
and Gemma-2-27b achieve slightly lower scores,
indicating that although the models can perform the
translation task, they do not reach the same level of
accuracy and fluency as the leading systems. Despite
their good performance, both ChatGPT and Deep-
Seek are not suitable for large-scale corpus genera-
tion in this study due to limited free access and prac-
tical limitations in processing large amounts of data.
Among the models that can be used via an available
API or local deployment, Gemma and NLLB of-
fer realistic options. Gemma showed slightly better
translation quality; however, its processing speed
was found to be a significant limitation. As shown
in Table 3, in order to improve processing speed,
the NLLB-200-3.3 model was selected as the pre-
ferred option, as it provides a more optimal balance
between translation quality and computational effi-
ciency.

Using the NLLB-200-3.3 model, a large-scale
machine translation project was conducted from
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Kazakh into Kyrgyz and Kazakh into Uzbek with
the aim of creating a parallel corpus. The overall
quality of the translation was generally satisfactory.
However, during a systematic manual review of the
translated text, a number of recurring errors were
identified that require attention.

As a result of analyzing and cleaning the cor-
pus from 300 000 sentences, shown in table 4,
83229307 repeated lines were identified and re-
moved (depending on the language pair and corpus
version). Removing these repetitions improved the
structural and lexical consistency of the training ma-
terial. Another important source of errors was the
incorrect representation of abbreviations, toponyms,
and official names. In the context of closely related
Turkic languages, the models often replaced coun-
try names and official abbreviations with equiva-
lents from another language. For example, cases
of replacing the word “Kazakhstan” with “Kyrgyz-
stan” or “O’zbekiston” were recorded, as well as in-
correct interpretation of abbreviations such as “KP”
and “XKUIC”.

Comparative analysis showed that in the Kyrgyz
part of the corpus, about 11000 out of 300 000 sen-
tences were incorrect, which is about 3.7% of the to-
tal data. In the Uzbek part of the corpus, the number
of corrections was slightly higher: 12930 examples
(9300 lexical repetitions and 3630 incorrect abbre-
viations), which corresponds to 4.3% of the total
number of sentences. These figures indicate the sys-
tematic nature of errors that occur during the auto-
matic generation of synthetic data for closely related
Turkic languages. Despite the relatively moderate
proportion of errors (3.7-4.3%), such errors signifi-
cantly affect the training process of neural machine
translation models, contributing to overfitting, lexi-
cal-semantic distortions, and reduced generalization
capabilities. Pre-cleaning improved the structural
consistency of the corpus.

Despite these shortcomings, NLLB-200-3.3
demonstrates considerable promise for generat-
ing parallel data for low-resource Turkic language
pairs. However, the findings confirm that automatic
translation alone cannot guarantee sufficient corpus
quality, and post-editing remains an essential step —
particularly for handling abbreviations, named en-
tities, domain-specific terminology, and complex
syntactic constructions. Furthermore, fine-tuning
the model on Kazakh—Kyrgyz and Kazakh—Uzbek
specific data is expected to enhance its accuracy and
reliability in future applications.

Following the completion of the initial manual
review phase, the most obvious errors—such as in-
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correct abbreviations, word repetitions, and clear
syntactic and semantic inconsistencies—were cor-
rected. This led to a significant improvement in the
overall quality of the corpus. However, this phase
should be considered preliminary.

The results of objective evaluations of syn-
thetic speech quality in Kyrgyz and Uzbek demon-
strate that the proposed Text-based audio synthesis
methodology applies to both languages. Moreover,
the results indicate that resource disparities be-
tween the languages directly affect synthesis qual-
ity. Overall, a similar trend was observed across
both languages: while the TurkicTTS system con-
sistently performed better on the NISQA metric,
the results of the two systems were close for the
DNSMOS and MOSNet scores. This indicates that
the TurkicTTS system is inclined to generate a
speech signal with high acoustic quality and few
artifacts, and that, in terms of overall naturalness
and perceptual quality, the MMS-TTS and Tur-
kicTTS systems are comparable.

The results obtained for Uzbek demonstrate
that synthetic speech was generated at a sufficient-
ly high quality. In particular, the NISQA metrics
scores ranging from 4.26 to 4.44 indicate that the
synthesized speech is close to natural pronunciation.
This demonstrates that the TTS systems used for
Uzbek are suitable for creating a parallel audio cor-
pus. Moreover, the systems’ advantages are evident
across various aspects: While TurkicTTS excels
in acoustic clarity and signal quality, MMS-TTS
achieved a higher SSL-MOS score, which evaluates
prosodic naturalness. For example, the SSL-MOS
score was 3.24 for MMS-TTS and 2.39 for Tur-
kicTTS. This suggests that the MMS-TTS system
may better capture the naturalness of intonation,
rhythm, and speech flow.

Although the quality metrics obtained for Kyr-
gyz were lower than those for Uzbek, they still dem-
onstrated quality close to natural speech. The low
MOSNet, DNSMOS, and NISQA scores are ex-
plained by the limited availability of Kyrgyz speech
resources, insufficient phonetic coverage in multi-
lingual models, and the absence of dedicated Kyr-
gyz TTS systems.

Overall, TTS results demonstrate that the qual-
ity of synthetic speech is directly dependent on the
level of a language’s resource availability. There-
fore, expanding the textual and speech corpora in
Kyrgyz, improving phonetic normalization, and
adapting TTS models remain important directions
for future research. The proposed Text-based audio

synthesis methodology provides a practical basis
for creating parallel audio corpora for low-resource
Turkic languages.

5. Conclusions

This study presented an Al-driven methodology
for constructing parallel text corpora and synthesiz-
ing audio datasets for the Kyrgyz—Kazakh and Uz-
bek—Kazakh language pairs, addressing the critical
shortage of high-quality linguistic and speech re-
sources for these low-resource Turkic languages.

The experimental results demonstrated that
while ChatGPT and DeepSeck achieved the high-
est translation quality, their practical limitations in
processing large volumes of data made them unsuit-
able for large-scale corpus generation. Consequent-
ly, NLLB-200-3.3 was selected as the most viable
option, offering a balanced trade-off between trans-
lation quality and computational efficiency. The
large-scale translation of 300,000 Kazakh sentences
into Kyrgyz and Uzbek revealed systematic errors
affecting approximately 3.7% and 4.3% of the data
respectively, primarily involving incorrect abbre-
viations, country name substitutions, and lexical
repetitions. Although these error rates are relatively
moderate, their impact on neural model training is
significant, contributing to overfitting and lexical-
semantic distortions.

With regard to audio synthesis, the evaluation
results confirmed that the proposed text-based au-
dio synthesis methodology is applicable to both
Kyrgyz and Uzbek. The TurkicTTS system consis-
tently demonstrated superior acoustic quality, while
MMS-TTS showed advantages in prosodic natural-
ness, particularly for Uzbek. The lower synthesis
quality observed for Kyrgyz is directly attributable
to the limited availability of speech resources and
the absence of dedicated Kyrgyz TTS systems,
highlighting the need for expanded phonetic corpora
and language-specific model adaptation as priorities
for future research.

Given the rapid development of Al models and
tools, there is room for further improvement of the
obtained results and improvement of the proposed
methodology. Future research will be aimed at fully
correcting the identified errors and increasing the
quality of the data.

The constructed Kyrgyz-Kazakh and Kazakh-
Uzbek parallel corpora will serve as a basis for
training “lightweight” LLM models that can oper-
ate on low computational resources. In addition,
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the proposed methodology can be used to build
parallel corpora for other Turkic languages and
develop high-quality neural machine translation
systems for resource-constrained Turkic languag-
es.
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