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Abstract

This paper presents a study on the development
of a neural machine translation (NMT) system
for the Russian-Buryat language pair, focusing
on addressing the challenges of low-resource
translation. We also present a parallel corpus,
constructed by processing existing texts and or-
ganizing the translation process, supplemented
by data augmentation techniques to enhance
model training.

We managed to achieve BLEU score of 20 and
35 for translation to Buryat and Russian re-
spectively. Native speakers have evaluated the
translations as acceptable.

Future directions include expanding and clean-
ing the dataset, improving model training
techniques, and exploring dialectal variations
within the Buryat language.

1 Introduction

The Buryat language is the national language of the
Buryat people and is spoken in Russia, Mongolia,
and China. It belongs to the Mongolic language
group. However, due to its geographic distribu-
tion, the Buryat language has evolved differently in
each country, influenced by the dominant languages
and cultural contexts of the respective regions. In
this article, we focus specifically on the variety of
Buryat spoken in Russia, which is identified by the
ISO code bxr.

Although Buryat is an official language of the
Republic of Buryatia in the Russian Federation,
the overwhelming majority of intellectual activity
there is carried out in Russian and the number of
young people speaking Buryat is rapidly declining.
UNESCO included the Buryat language in the "At-
las of the world’s languages in danger" (UNESCO,
2010).

As part and consequence of this problem, Buryat
is underrepresented in computational linguistics,
has limited available corpora and linguistic re-

sources. That creates the main challenge of con-
ducting a machine translation system for Buryat.

The Buryat language has undergone several tran-
sitions in its writing system throughout its history.
Since 1939, it has been written using the Cyrillic al-
phabet. Before then, from 1930 to 1939, it utilized
a Latin-based alphabet. Going further back, since
the 18th century, the traditional Mongolian script
served as the writing system for Buryat. This adds
another complexity to the construction of machine
translation, as some of the available literature was
in Latin.

Furthermore, the preservation and revitalization
of endangered languages through modern technolo-
gies have become critical goals in both linguistic
research and cultural heritage preservation. In this
context, creating robust machine translation sys-
tems not only aids communication but also con-
tributes to the documentation and promotion of
underrepresented languages.

2 Related Work

Low-resource machine translation has been an ac-
tive area of research in recent years, driven by the
need to support underrepresented languages.

Several large-scale initiatives have extended ma-
chine translation capabilities to hundreds of lan-
guages, including low-resource ones. Notable ex-
amples include the work of Bapna et al. (2022), the
No Language Left Behind (NLLB) project (NLLB
Team et al., 2022), and the efforts described in Fan
et al. (2021). These projects demonstrate the poten-
tial of multilingual models to address challenges in
low-resource settings.

Other studies focus on developing machine trans-
lation systems for individual low-resource lan-
guages by fine-tuning multilingual models. Exam-
ples include work on Erzya (Dale, 2022), Ngambay
(Sakayo et al., 2023), Zarma (Keita et al., 2024),
Karachay-Balkar (Berberov et al., 2024), and Aro-
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manian (Jerpelea et al., 2025). These efforts often
rely on community-driven datasets and highlight
the importance of adapting models to specific lin-
guistic and cultural contexts.

In June 2024, Google Translate1 added support
for the Buryat language. According to company
representatives, this was made possible by leverag-
ing their language model PaLM 2. However, the
dataset used for training has not been released as
open source.

Research on Buryat in the context of natural
language processing includes work by Konovalov
and Tumunbayarova (2018), who explored word
vector representations for Buryat using models
such as pointwise mutual information (Church and
Hanks, 1990), GloVe (Pennington et al., 2014),
and Word2Vec (Mikolov et al., 2013), trained on
data from the Buryat Wikipedia2. More recently,
Shliazhko et al. (2024) introduced a multilingual
variant of the GPT-3 large language model, trained
on 61 languages, including Buryat, using corpora
such as Wikipedia and the C4 dataset (Raffel et al.,
2020).

3 Parallel Corpus Construction

Our parallel corpus was constructed through three
main approaches: manual translation of Russian
texts by hired translators, collaboration with local
organizations in the Republic of Buryatia that have
bilingual textual resources and web-based data col-
lection.

The dataset is available as an open source3.

3.1 Manual translation of texts

In order to create a quality Russian–Buryat paral-
lel corpus from zero, we crafted a semi-automated
system for the selection and preparation of the Rus-
sian source texts. The Taiga Corpus news segment4

contains articles from various online media like
Lenta.ru, Interfax, Komsomolskaya Pravda, N+1,
Fontanka.ru and Arzamas. For our project, we uti-
lized the text corpus that was news genre to ensure
maximal variety, along with clearness of meaning,
and a stable correspondence between the source
and the target sentences.

1https://translate.google.com
2https://bxr.wikipedia.org/wiki/
3https://huggingface.co/datasets/

buryat-translation/buryat_russian_parallel_
corpus

4https://tatianashavrina.github.io/taiga_site/

To improve the ease of translation, we pro-
grammed fragments consisting of several sentences
(up to five) into coherent passages instead of treat-
ing every sentence as isolated. Long paragraphs
were split into smaller chunks, while ensuring they
were semantically cohesive.

Text that did not suit requirements was
discarded and the remaining content was
processed using text embedding model
aiforever/sbert_large_mt_nlu_ru5 for
the vectorized representations of the sentences.
We then K-means clustered the data for initial
selections to be more diverse and representative
based on semantic similarity. The final Russian
dataset contained 95,300 text fragments.

The fragments were sent to three professional
translators who translated the text into Buryat.
Currently, the corpus consists of 11,392 Rus-
sian–Buryat sentences that have been translated
manually, with work still progress.

3.2 Collaborations with local organizations

In order to extend the corpus, we cooperated with
some regional institutions that deal with Buryat
language materials. These were:

1. The State Translation Service of the Repub-
lic of Buryatia, which contributed bilingual
presidential decrees, government resolutions,
and other legal acts of subordinate level de-
cisions. They were at first in DOCX format
and were converted by the means of some au-
tomation into a format of a parallel table – a
step-by-step process.

2. The Buryat Research Center of the Siberian
Branch of the Russian Academy of Sciences
(BRC SB RAS) which enabled access to five
parallel literary texts, but these texts had fre-
quent mismatches at the level of sentence
alignment due to translation losses or free
rendering of the text. Reasonable estimates
claim that only the texts which were struc-
turally most homogeneous were chosen to be
included in the corpus, other texts were set
aside for possible later processing.

3.3 Web-based Data Collection

A significant portion of the Buryat-Russian parallel
data was collected from the web.

5https://huggingface.co/ai-forever/sbert_
large_mt_nlu_ru
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Figure 1: Example of the dictionary article

Several dictionaries are available for the Buryat
language. For our purposes, we selected the Buryat-
Russian dictionary by Shagdarov and Cheremisov
(Shagdarov and Cheremisov, 2010) due to its ex-
tensive scope and detailed coverage, which sur-
passes that of other dictionaries. This dictionary
contains 30,000 words, provides grammatical in-
formation and usage examples, characteristic of
Buryat culture. We encountered several challenges
during the data extraction process. First, the dic-
tionary was available only as a PDF scan, which
resulted in suboptimal optical character recogni-
tion (OCR) quality. We experimented with both
ABBYY FineReader OCR and Tesseract OCR, but
neither significantly improved the accuracy of the
text extraction. Second, the extensive and complex
nature of the information made it difficult to extract
parallel data. The dictionary entries included mul-
tiple meanings separated by commas, semicolons,
Arabic or Roman numerals, letters, and additional
details enclosed in brackets. Buryat words were
presented in bold, grammatical information in ital-
ics, and Russian translations in regular font. Exam-
ple of the dictionary article presented in Figure 1.
To parse this structured information, we relied on
regular expressions. Third, some pages suffered
from unrecognized fonts, which required alterna-
tive approaches. For these cases, we employed the
large language model Claude Sonnet 3.56. How-
ever, using a multimodal large language model to
process the entire book was not feasible due to the
high associated costs.

Religious literature is another common source
of parallel data. For Buryat, the only available re-
source was the Bible7. We aligned the text using
regular expressions based on the enumerated verses.
However, the translations were not always precise.
Certain content in the Buryat Bible was omitted,
and in some instances, multiple verses were com-
bined into a single sentence. These issues were
also addressed using regular expressions to ensure
proper alignment and extraction.

6https://www.anthropic.com/claude
7https://ibt.org.ru/buryatskiy/vsya-bibliya/

elektronnaya-kniga

We identified several bilingual books, which
were translations between Buryat and Russian. A
key challenge was aligning sentence pairs from
these texts, as differences in structure and transla-
tion styles introduced inconsistencies. To address
this, we fine-tuned the LaBSE encoder (Feng et al.,
2022) on a previously collected dataset using the
methodology described in (Dale, 2022), allowing
us to effectively extract parallel sentences.

We also explored the use of Wikipedia as a po-
tential source of parallel data. However, the cor-
responding articles in Buryat and Russian were
found to be significantly different. This discrep-
ancy likely stems from the fact that much of the
Buryat Wikipedia content was translated from Rus-
sian prior to 2015, while the Russian articles have
undergone substantial changes since then. As a
result, we were unable to extract high-quality sen-
tence pairs from Wikipedia and it was excluded
from the final dataset.

A buryat monolingual corpus8 was created by
collecting texts from books sourced from websites9

10 11 and Internet news articles in Buryat12. The
monocorpus is used to enhance tokenizer of transla-
tion models. To further expand the parallel corpus,
a subset of the news articles was translated into
Russian using the large language model Claude 3.5
Sonnet (20240620). At the time of creation, this
model provided best translation quality, enabling
us to significantly enrich the dataset and improve
the overall performance of the translation system.

Finally, to improve the quality of the dataset,
we filtered out poorly aligned sentences using a
heuristic based on sentence length and cleaned up
Russian borrowings by applying a heuristic based
on Levenshtein distance, both methods following
the approach outlined in Dale (2022). After this
cleaning process, we obtained a final dataset of 33
thousand words and 94 thousand sentences. The de-
tailed breakdown of amounts by source is provided
in Table 1.

8https://huggingface.co/datasets/
buryat-translation/buryat_monocorpus

9https://old.buryatika.ru/
10https://soyol.ru/culture/books/
11https://nomoihan.com/books/
12https://burunen.ru/bur/
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Source Amount
Dictionary phrases 45,169
Dictionary words 33,449
Book alignments by BRC SB RAS 12,893
News translated with Claude 11,380
The Bible 8,591
Organized manual translations 11,392
Book alignments by model 4,415
Tatoeba 808

Table 1: Data sources, total of 94 thousand sentences
and 33 thousand words

4 General concept of neural network

4.1 Creation of a Russian-Mongolian Parallel
Corpus

High-quality neural machine translation requires
large amounts of parallel data for training. How-
ever, the Buryat language is severely underrepre-
sented in digital resources and is considered a low
resource language. In such cases, transfer learning
techniques or model adaptation based on related
languages are often employed to improve transla-
tion performance.

The closest high-resource cognate language to
Buryat is Modern Mongolian. It is more widely rep-
resented in digital space and is commonly included
in multilingual models. Pretraining on Mongolian
can thus serve as a valuable step for enhancing
Russian–Buryat translation.

In order to test this theory, we tried to find Rus-
sian Mongolian parallel corpora that was publicly
accessible. The only relevant dataset was found in
the OPUS collection, which is one of the largest
repositories of multilingual corpora. The corpus
contains 387,310 sentence pairs. However, many
of these translations were found to be of insuffi-
cient quality or poorly aligned, making the dataset
unsuitable for direct use.

This led us to the conclusion that generating
Russian-Mongolian parallel data by translating
Russian texts into Mongolian using pretrained mul-
tilingual models was a better option. To determine
the most accurate model for this task, we evaluated
several candidates that support both Russian and
Mongolian:

1. facebook/nllb-200-distilled-600M
(NLLB Team et al., 2022)

2. facebook/nllb-200-1.3B (NLLB Team
et al., 2022)

3. google/madlad400-3b-mt (Kudugunta
et al., 2023)

The steps outlined below were taken to deter-
mine the best model to use for creating a Russian-
Mongolian parallel corpus:

1. Each candidate machine translation model
was used to translate a shared set of Russian
sentences into Mongolian.

2. The generated translations were compared to
the corresponding Mongolian references in
the OPUS corpus using the ChrF++ metric.

3. The model with the highest average ChrF++
score was selected as the most accurate for
Russian–Mongolian translation (see Table 2).
The same Russian source corpus used for
the Russian–Buryat data — the Taiga corpus
— served as the basis for the synthetic Rus-
sian–Mongolian dataset. In this case, text clus-
tering was not applied, as a large volume of
data was preferred for pretraining purposes.

The model facebook/nllb-200-1.3B was
found to perform best and was used to translate
a total of 90,548 Russian sentences from the Taiga
corpus.

4.2 Model Selection for Russian–Buryat
Machine Translation

Given the low-resource nature of the Buryat lan-
guage, selecting an appropriate neural architec-
ture is critical for achieving reasonable translation
quality. When selecting the model architecture,
we opted for encoder-decoder type, as the cross-
attention mechanism enables the model to better
capture dependencies within the input and incorpo-
rate contextual information during decoding — a
crucial aspect in machine translation. Experimental
results presented in Raffel et al. (2023) and Fu et al.
(2023) have shown that encoder-decoder models
consistently outperform decoder-only architectures
in translation tasks.

The first model selected for training on the
Russian–Buryat parallel corpus was Google’s
mt5-large. This model was chosen due to its
strong performance on machine translation tasks
and broad multilingual support, including related
languages such as Mongolian, making it a suitable
candidate for low-resource scenarios.

The second model,
nllb-200-distilled-600M by Meta (for-
merly Facebook), was specifically designed for
multilingual machine translation with a focus on
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Model Average ChrF++ Score
facebook/nllb-200-distilled-600M 26.4
facebook/nllb-200-1.3B 27.8
google/madlad400-3b-mt 10.8

Table 2: Comparison of machine translation models using the ChrF++ metric

low-resource languages. Its compact architecture
and high translation efficiency, as demonstrated
in the model comparison presented in Section 4.1,
make it particularly well suited to the task at hand.

4.3 Final Training Procedure

Before initiating the main training process, it was
necessary to update the tokenizer vocabulary by
incorporating new tokens specific to the Buryat lan-
guage, which is not included in the original models.
For well-represented languages in the training data,
it is typical for each word to correspond to 2–3
tokens on average. However, Buryat words are
segmented into a significantly larger number of to-
kens, indicating insufficient vocabulary coverage
(Figure 2).

To address this, we utilized a Buryat monolin-
gual corpus to extend the tokenizer. We used a
dedicated dataset, described in Section 3.3, and
supplemented it with Buryat sentences extracted
from the training data. A new SentencePiece tok-
enizer was trained on this combined corpus.

The missing tokens identified in the newly
trained tokenizer were then added to the original
vocabulary of the NLLB tokenizer. Corresponding
embedding vectors were initialized and appended
to the model’s embedding layer, ensuring that the
model could represent and learn these new units
during training.

The roles of language tags are crucial to the
NLLB tokenizer. These special tokens are added to
the beginning of source and target sentences to ex-
plicitly indicate the language. For Russian–Buryat
translation, we added the tag bxr_Cyrl to both the
tokenizer and the model configuration.

Following this preparation, we proceeded with
training the neural machine translation models.
Training was performed in both directions (Rus-
sian–Buryat and Buryat–Russian), with the direc-
tion chosen randomly for each batch. Details of
the training corpus, hyperparameter settings, and
results are provided in Section 5.

5 Experiments

We now turn to the experimental setup.
Multiple versions of the mt5-large and
nllb-200-distilled-600M models were trained.
Each version was trained on an incrementally
larger dataset, as the Russian–Buryat parallel
corpus was continuously updated with newly
translated sentence pairs.

For both models, the following hyperparameters
were used:

• Batch size: 16

• Maximum sequence length: 512

• Number of training steps: 60,000

To evaluate translation quality, we used the
BLEU and ChrF++ metrics, which are widely
adopted in machine translation research.

The mt5-large model was pre-trained on the
Russian–Mongolian parallel corpus described in
Section 4.1.

In contrast, no additional pretraining was applied
to the NLLB model, as it demonstrated strong per-
formance during the Russian–Mongolian model
comparison and achieved results comparable to the
facebook/nllb-200-1.3B model used to gener-
ate the synthetic corpus.

The training results of all model versions are
presented in Table 3.

The initial version of the model, referred to as
Fine-tuned NLLB-v0, was trained before the man-
ual translation process had begun. As a result,
this version did not include any of the high-quality
human-translated data. This limitation affected the
overall translation quality, but the model served
as a useful baseline for evaluating the impact of
incorporating manually translated content in later
versions.

Starting from the first version, manually trans-
lated data was incorporated into the training set.
Additionally, we refined the regular expressions
used for mining data from the dictionary and intro-
duced back-translated data generated by Claude.
As expected, translation quality improved with
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Figure 2: Example of Buryat token segmentation

ru-bxr bxr-ru
model BLEU ChrF++ BLEU ChrF++
Fine-tuned NLLB-v0 6.56 22.14 1.31 10.00
Fine-tuned NLLB-v1 18.74 46.17 32.20 53.37
Fine-tuned mT5-v1 12.49 39.39 14.47 37.28
Fine-tuned NLLB-v2 (last) 20.61 48.68 35.43 56.21
Google Translate 8.93 37.61 29.58 52.35
Claude 3.5 Sonnet 20240620 8.00 34.80 25.12 52.03

Table 3: Evaluation of our and Google Translate model on test-set

each iteration. At the first stage, based on the ob-
served performance, we decided to continue using
only the NLLB-based model for further develop-
ment. Once additional manually translated data
became available, we trained the second version of
the NLLB model, which, at the time of writing, rep-
resents the latest iteration. This version achieved
the best results for Russian–Buryat translation.

To assess the performance of our model
Fine-tuned NLLB-v2, we compared against pub-
licly available systems: Google Translate and
Claude 3.5 Sonnet. As shown in Table 3, our model
outperforms both baselines in both directions (Rus-
sian–Buryat and Buryat–Russian), achieving abl-
higher scores in both BLEU and ChrF++.

Translation performance varies across text types
and directions (Table 4). The NLLB-v2 model
achieved higher scores on manual translations,
likely because it is most familiar with this do-
main. In the case of Bible texts, Google Trans-
late performs best in the Buryat-to-Russian direc-
tion—possibly due to similar phrasing in its train-
ing corpus—while NLLB is stronger in the oppo-
site direction. Phrasebook examples result in the
lowest scores overall, which could be explained by
their short length, limited context, and the frequent

presence of set expressions, all of which make them
difficult to translate reliably. In literary and legal
texts, NLLB-v2 and Claude show similar perfor-
mance in the Buryat-to-Russian direction, though
reasons remain unclear. It is possible that Claude
was trained on similar data.

It is important to note, however, that both the
training and test sets used in our experiments were
derived from the same pool of source texts, al-
though split and processed independently. While
this setup allows or stable evaluation, it may in-
troduce a slight bias in favor of our model due to
potential domain similarity. Still, the consistent
advantage in scores suggests that our model per-
forms better for Russian–Buryat translation than
Google Translate and Claude, particularly in the
Russian-to-Buryat direction.

6 Online translator

To make our machine translation model accessi-
ble to the public, we released it online13. Figure 3
demonstrates the graphic user interface of the trans-
lator. To make the model suitable for usage in web,
we made quantization of the model with ctranslate
(Klein et al., 2020).

13https://www.burtranslate.ru/
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ru-bxr bxr-ru
Source Type Model BLEU ChrF++ BLEU ChrF++
Manual translations Fine-tuned NLLB-v2 21.88 52.15 38.10 60.20

Google Translate 8.56 39.18 23.69 52.31
Claude 3.5 Sonnet 20240620 9.43 38.40 33.42 59.43

The Bible Fine-tuned NLLB-v2 20.49 47.56 40.07 57.57
Google Translate 10.00 36.83 54.36 68.61
Claude 3.5 Sonnet 20240620 3.67 29.10 11.72 37.29

Phrasebooks Fine-tuned NLLB-v2 6.25 28.69 11.20 30.89
Google Translate 5.94 25.74 8.33 28.75
Claude 3.5 Sonnet 20240620 4.43 25.82 8.43 31.64

Literature and regulations Fine-tuned NLLB-v2 16.83 39.86 18.01 40.48
Google Translate 9.18 36.12 13.20 37.45
Claude 3.5 Sonnet 20240620 9.40 33.93 24.94 49.64

Table 4: Evaluation of our model and Google Translate on test-set by source types.

Figure 3: Graphic user interface of online translator

7 Human evaluation

We asked six native speakers of Buryat to partic-
ipate in the evaluation of translations. Given that
the average age of the participants was 57.8 years,
we opted for a simplified rating scale consisting of
two criteria: accuracy and fluency, both rated on
a 5-point scale (with 5 indicating a perfect transla-
tion):

• Accuracy: Assesses how faithfully the trans-
lation preserves the meaning of the original
sentence. Accuracy: Assesses how faithfully
the translation preserves the meaning of the
original sentence.

• Fluency: Evaluates the grammatical correct-
ness and naturalness of the translation in the
target language.

Each participant assessed 15 sentences in each
translation direction (bxr-ru and ru-bxr), resulting
in a total of 90 unique sentences evaluated manu-
ally. To ensure reliability, each sentence was re-
viewed by two different raters. The evaluated texts

were randomly selected from the test corpus. The
average scores are summarized in Table 5.

The manual evaluation suggests that the transla-
tions produced by the model are generally accept-
able, particularly in terms of accuracy. However,
lower fluency scores — especially in pessimistic
cases — indicate that the output sometimes lacks
grammatical correctness or natural phrasing. This
highlights the need for further improvement.

8 Conclusion

In this work, we introduce a Buryat-Russian ma-
chine translation model, along with a parallel cor-
pus of 127K sentence pairs and a monolingual
Buryat corpus of 214K sentences. All resources
are publicly released to support further research in
low-resource language technologies.

Our model shows slightly better performance
compared to Google Translate’s Buryat-Russian
system on our test dataset. Native speakers have
evaluated the translations as acceptable for practi-
cal use.

We hope that this work will contribute to the
development of computational linguistics for the
Buryat language and provide a foundation for fu-
ture research. By making these resources available,
we aim to support efforts toward the preservation
and promotion of Buryat in the digital domain.

Limitations

Machine translation systems for Buryat have great
potential to support language learning and increase
the availability of content in Buryat. However,
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Table 5: Average manual evaluation scores for bxr-ru and ru-bxr

Metric Group 1 Group 2 Group 3 Total Averages
ru-bxr

Average Accuracy 4.13 4.06 3.19 3.79
Average Fluency 4.00 3.97 2.43 3.47
Pessimistic Accuracy 3.80 3.40 2.60 3.27
Pessimistic Fluency 3.67 3.27 1.73 2.89

bxr-ru
Average Accuracy 3.34 3.63 3.06 3.34
Average Fluency 3.33 3.57 2.53 3.14
Pessimistic Accuracy 2.73 2.87 2.47 2.69
Pessimistic Fluency 2.73 2.87 1.40 2.33

these systems are not without significant limita-
tions that need to be addressed.

A major concern is the accuracy of translations.
Machine translation often makes mistakes, such
as generating non-existent words, providing incor-
rect definitions, or producing grammatical errors.
These inaccuracies can lead to misunderstandings
and may even influence the language negatively if
users unknowingly adopt incorrect forms. Addi-
tionally, the current model is still under develop-
ment and cannot yet be fully trusted. Users are
advised to double-check translations, especially in
critical contexts, as over-reliance on automated sys-
tems can result in errors being propagated.

Another challenge is the lack of representation
of Buryat dialects. Most models are trained on the
literary standard of the language, leaving out the
rich diversity of regional variations. This focus
on a single dialect makes it harder for speakers of
other dialects to benefit from the system and limits
learners’ exposure to the full range of linguistic
expression within the Buryat language.

Cultural and contextual nuances also present dif-
ficulties. Machine translation struggles with id-
iomatic expressions, metaphors, and culturally spe-
cific references, which can lead to mistranslations
or loss of meaning. For a language like Buryat,
which carries deep cultural significance, this limi-
tation can hinder effective communication.

Finally, the scarcity of high-quality training data
further restricts the system’s capabilities. Limited
and imbalanced datasets can introduce biases and
reduce performance, particularly in informal or
specialized contexts. Addressing these challenges
will require expanded and more diverse datasets, as
well as ongoing refinement of the model.

While machine translation systems offer valu-

able support for Buryat, careful attention must be
paid to these limitations to ensure their responsible
and effective use.
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