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Abstract

We introduce a new fork of the SMOL train-
ing dataset along with forks of the BOUQUET
and WMT24++ translation benchmarks for the
Chechen language. We train a model on SMOL
and calculate BLEU and chrF++ scores on the
introduced benchmarks to evaluate how train-
ing on such a limited amount of data may con-
tribute to the model’s Chechen-Russian trans-
lation capability. The introduced resources
provide a unified evaluation framework for
Chechen machine translation and allow mea-
suring the transfer of improvements across dif-
ferent benchmark datasets. Our experiments
establish baseline results for future research on
Chechen translation and demonstrate the po-
tential of utilizing small-scale parallel corpora
for improving low-resource language models.

1 Introduction

In recent years, the Chechen language has been
rapidly digitized: new translation models support-
ing Chechen are emerging, Chechen corpora are
being published (Jones et al., 2023; Penedo et al.,
2025), and the Chechen language is appearing in
closed-source products such as Google Translate!.
Chechen is a Northeast Caucasian (Nakh) language
spoken primarily in the Chechen Republic of the
Russian Federation and by diaspora communities.
Despite having more than one million speakers
(Institute of Linguistics, Russian Academy of Sci-
ences, 2024), it remains severely underrepresented
in natural language processing resources compared
to widely studied languages. Its rich morphology
and limited availability of parallel corpora create
additional challenges for machine translation.
However, parallel datasets for this language re-
main few compared to other European languages,
and the Chechen language remains "low-resource".
Furthermore, no generally accepted benchmark for

"https:/ /blog.google/products/translate/google-t
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assessing translation quality has yet been published
for this language.

In our work, we contribute to addressing these
limitations. We prepare professional translations of
the SMOL parallel training dataset (Caswell et al.,
2025) along with the BOUQUET (Team et al., 2025)
and WMT24++ (Deutsch et al., 2025) translation
benchmarks for Chechen. We also fine-tune the
MADLAD-400-3B-MT model (Kudugunta et al.,
2023) on the SMOL smoldoc split and measure
BLEU and chrF++ changes after training to evaluate
how a limited amount of parallel data can improve a
model’s Chechen-Russian translation capabilities.

The resulting Chechen versions of SMOL, BOU-
QuET, and WMT24++ are publicly released on
their corresponding Hugging Face dataset pages.
We hope that these resources will facilitate future
research on Chechen machine translation and pro-
vide a common basis for evaluating progress in this
low-resource language.

2 Related Work

To our knowledge, there are three widely recognized
evaluation benchmark datasets for translation tasks:
FLORES+ (Teametal., 2022), WMT24++ (Deutsch
et al., 2025), and BOUQUET (Team et al., 2025).
Among these benchmarks, we chose WMT24++
and BOUQUuET for this work for several reasons:
both datasets have Russian versions that could be
used by our translators as references, they cover var-
1ous text domains, and their texts were considered
convenient for translation by our translators.

Since the survey provided in our previous paper
(Umishov and Grigorian, 2025), new monolingual
and parallel datasets for the Chechen language have
emerged: (Penedo etal., 2025,2026). We examined
the FineTranslations” parallel dataset containing
Chechen-English sentence pairs with human eval-

*https://huggingface.co/datasets/HuggingFaceF
W /finetranslations
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uation by Chechen native speakers and concluded
that it cannot be used for training due to the poor
quality of its parallel pairs. Another relevant re-
source is the SMOL dataset (Caswell et al., 2025), a
professionally translated multilingual parallel train-
ing dataset designed for machine translation model
development. Its Russian version® curated by Ali
Kuzhuget and Isaac Caswell made it a suitable
source dataset for creating a Chechen translation,
as it could provide translators with an additional
reference during the translation process.

3 Datasets

We present Chechen versions of three multilingual
datasets: SMOL, BOUQuET, and WMT24++. The
Chechen versions of the datasets were prepared by
Marem S. Magomaeva, a philologist specializing
in the Chechen language and translation. The
Russian versions of the original datasets were used
as references during the translation process. A
subset of the translated sentences was additionally
inspected by one of the authors, Abu-Viskhan A.
Umishov, a native speaker of Chechen, as a quality
check.

The SMOL dataset (Caswell et al., 2025) was
selected as the training corpus due to the avail-
ability of a Russian version, which was used as
an additional reference during translation. We
translated the smoldoc split into Chechen, creat-
ing a Chechen-Russian parallel training dataset.
The resulting dataset contains 114 document pairs
(863 sentence pairs) and was used for fine-tuning
experiments.

During the preparation of the Chechen version of
SMOL, we used only the Cyrillic Letter Palochka
(U+04C0) character. At that time, the conven-
tions for representing this letter in digital text were
not fully established: major smartphone keyboard
providers included only the uppercase form in their
Chechen layouts, despite the grammatical use of
both uppercase and lowercase forms. After the
publication of the Chechen SMOL version, the con-
vention of following the grammatical distinction
between Cyrillic Letter Palochka and Cyrillic Small
Letter Palochka (U+04CF) became preferable. The
benchmark datasets prepared in this work follow
the grammatically correct usage of both forms. The
Chechen version of SMOL will be updated in a
future release to follow the current orthographic

*https://huggingface.co/datasets/Agisight /googl
e-smol-en-ru

convention.

For evaluation, we translated the BOUQUET
benchmark (Team et al., 2025). BOUQuET was
selected because it covers diverse text domains and
provides a Russian version that could be used by
translators as a reference. The resulting Chechen
version contains 504 sentence pairs in the dev split
and 854 sentence pairs in the test split, which are
used as validation and test benchmarks, respec-
tively.

The WMT24++ benchmark (Deutsch et al., 2025)
was translated into Chechen to provide an addi-
tional evaluation resource for measuring translation
quality. Similarly to BOUQuUET, WMT24++ was
selected due to the availability of a Russian version,
which could be used by translators as an additional
reference, and its coverage of diverse text domains.
The resulting Chechen version contains 998 sen-
tence pairs.

The translation guidelines used for preparing
all Chechen datasets, including orthographic and
consistency requirements, are provided in Ap-
pendix A. After the translation was completed,
we post-processed the datasets to normalize the or-
thographic representation of the Chechen Cyrillic
Letter Palochka. During the translation process,
the Digit One symbol was temporarily used by
translators for convenience due to its visual simi-
larity and easier availability on standard keyboards.
Before releasing the datasets, all such occurrences
were replaced with the appropriate Cyrillic Letter
Palochka character.

For the SMOL dataset, we replaced Digit One
with Cyrillic Letter Palochka; the corresponding
code is provided in Appendix E. For BOUQuUET
and WMT24++, we used a two-stage procedure
to correctly initialize Palochka characters. First,
we replaced Digit One with either Cyrillic Letter
Palochka or Cyrillic Small Letter Palochka based
on its position in the Chechen sentence. The corre-
sponding code is provided in Appendix F. We then
manually checked the sentences for proper names
beginning with Cyrillic Small Letter Palochka and
replaced it with Cyrillic Letter Palochka where
appropriate.

4 Experiments

We fine-tuned the MADLAD-400-3B-MT model
(Kudugunta et al., 2023) on the Chechen version
of the SMOL dataset using Low-Rank Adaptation
(LoRA). For translation direction specification, we
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used the special tokens <2ce> and <2ru> for
Russian-to-Chechen (RU—CE) and Chechen-to-
Russian (CE—RU) translation, respectively. The
LoRA configuration and training hyperparameters
are summarized in Tables 2 and 3. We used a low
LoRA rank (r = 4) with dropout regularization
and applied adapters to all linear layers.

Due to the limited size of the training data, overfit-
ting was a primary challenge during fine-tuning. To
mitigate this issue, we used small microbatches dur-
ing training. The increased stochasticity of gradient
updates reduces the risk of memorizing individ-
ual training examples and improves generalization
to unseen evaluation datasets. Additionally, we
applied early stopping with a patience of four con-
secutive evaluations and a minimum improvement
threshold of 0.001 based on validation loss. The
best-performing checkpoint was selected according
to the validation loss.

We used the PEFT library (Mangrulkar et al.,
2022) for LoRA implementation and the Transform-
ers framework (Wolf et al., 2020) for organizing the
training process. The models were trained on one
NVIDIA V100 GPU using BF16 mixed precision.
We later found that V100 does not provide na-
tive BF16 hardware support, although the training
completed successfully with BF16 enabled in the
Transformers/PyTorch environment. For detailed
LoRA and training configurations, see Appendix B
and Appendix C.

The Chechen versions of BOUQuUET and
WMT24++ prepared in this work were used for
evaluation. The inference parameters for the model
we used are described in Appendix D. We report
results for both translation directions using BLEU
and chrF++ metrics, computed with SacreBLEU
(Post, 2018). BLEU was computed using the default
SacreBLEU configuration, while chrF++ was com-
puted with word order=2. The BOUQuET dev
split was used as a validation set during training,
while all test splits were reserved for final evalu-
ation. For all splits, we used the dataset versions
released in our Hugging Face repository without
further preprocessing.

We report the fine-tuned model scores and the
absolute improvements over the base MADLAD-
400-3B-MT model.

5 Results

Table 1 presents the translation performance of the
base MADLAD-400-3B-MT model and the model

Benchmark  Direction BLEU chrF++
CESRU 018 (+0.18) 1341 (+13.19)

BOUQUET  pUsCE  0.02(+0.02)  4.59 (+4.35)
CESRU 023 (+0.23)  9.98 (+9.67)

WMT24++  RULCE  0.02(+0.02)  5.66 (+5.40)

Table 1: Translation performance of MADLAD-400
fine-tuned on SMOL. Values in parentheses denote the
improvement over the base model.

fine-tuned on the Chechen version of SMOL. Values
in parentheses show the absolute improvement over
the base model. Fine-tuning consistently improves
both BLEU and chrF++ scores across all evaluated
directions and benchmarks, demonstrating that even
a relatively small amount of professionally trans-
lated data can substantially improve the model’s
ability to process Chechen.

The largest improvements are observed for the
Chechen-to-Russian direction. On the BOUQuUET
benchmark, fine-tuning increases chrF++ from 0.22
to 13.41 and BLEU from approximately 0 to 0.18,
while on WMT24++ chrF++ increases by 9.67
points. The improvements in the reverse Russian-to-
Chechen direction are smaller, with chrF++ gains of
4.35 and 5.40 points on BOUQUET and WMT24++,
respectively. This asymmetry can be explained by
the fact that MADLAD-400 already had stronger
generation capabilities for the resource-rich Russian
language, while acquiring the ability to process and
translate Chechen required additional language-
specific adaptation.

6 Conclusion

In this work, we introduced Chechen versions of
the SMOL training dataset and the BOUQUET and
WMT24++ evaluation benchmarks. We evaluated
the impact of fine-tuning MADLAD-400-3B-MT
on the prepared SMOL dataset and showed that
even a limited amount of professionally translated
parallel data can substantially improve Chechen
translation performance.

The obtained results demonstrate consistent im-
provements over the base model across both eval-
uated benchmarks and translation directions, with
the largest gains observed for Chechen-to-Russian
translation. This indicates that language-specific
adaptation can significantly improve the model’s
ability to handle a low-resource language, while
generating Chechen remains more challenging due
to the limited prior exposure of the model to this
language.
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The released datasets provide additional re-
sources for future research on Chechen machine
translation and evaluation, helping to improve the
coverage of low-resource languages in multilingual
translation systems.
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Translation guidelines (English
version)

. The sentences must be translated accurately
and sound natural in Chechen.

. Consider the context of the other sentences in
the paragraph when translating each sentence.

. If you have difficulty with a sentence, skip it.

. Use dictionaries if needed, but do not rely
on Google Translate or any other machine
translation systems.

. Use 1 (Digit One) for Cyrillic Letter Palochka
and Cyrillic Small Letter Palochka.

. Maintain the capitalization of the original
text. Example: "Kor - Hurmur", "KOT -
A",

. For Chechen words, use only Cyrillic charac-
ters (and 1 for both cases of Palochka). An
example of what not to do: "mapens - klaaT",
here letter k is Latin.

. Preserve the original untranslatable parts of
the text, such as emojis, IDs and words that
were not translated in the Russian reference,
exactly.

LoRA configuration parameters

Parameter Value
task type "SEQ 2 SEQ _ LM"
r 4
lora alpha 8
lora_dropout 0.1
bias "none"
target _modules "all-linear"
use _rslora True
layers to_transform None

Table 2: Parameters of the LoRA Configuration

C Training Configuration Parameters

Parameter Value
learning rate le-4
optim "adamw torch fused"
per device train batch size | 4
per _device eval batch _size 16
gradient _accumulation _steps 1
gradient _checkpointing False
max _grad norm 1.0
warmup _steps 200
weight decay 0.01
Ir _scheduler type "cosine"
num _train_epochs 16
fpl6 False
bf16 True
bfl6_full eval True
save _strategy "steps"
save steps 200
eval strategy "steps"
eval steps 200
save total limit 3
predict _with generate True
generation max_length 256
dataloader pin _memory True
load best _model at_end True
metric_for best model "eval loss"
greater is better False

Table 3: Training Configuration Parameters

D Inference parameters

Parameter Value
num_beams 4
do_sample False
max _length 256

Table 4: Inference Parameters, all those ones that were
not mentioned in this table were set to default values

E SMOL Palochka character
initialization

PALOCHKA = "\u04c0\u0O4cf"
PALOCHKA_RE — re.compile(

< rf"(?7<=|a-2A-STE{PALOCHKA }|)1|1(?=[a-sA- 5161 { PALOCHKA }|)"

)

def init_palochka(text: str) -> str:
return PALOCHKA _RE.sub("\u04c0", text)

F BOUQuUET and WMT24++ Palochka
character initialization
import re

PALOCHKA = "\u04c0\u0O4cf"
SMALL_PALOCHKA _RE - re.compile(

—  rf"(7<=[a-aA-SIEE{PALOCHKA}|)1|1(?=[a-sA-SI6E{PALOCHKA}|)"
)
CAPITAL_PALOCHKA_RE = re.compile(

rf" " 1(?7=[a-aA-A¢E{PALOCHKA}|)"
def init_small_palochka(text: str) -> str:

return SMALL _PALOCHKA _RE.sub("\u04cf", text)

def init_capital _palochka(text: str) -> str:
return CAPITAL_PALOCHKA _RE.sub("\u04c0", text)

def init_palochka(text: str) -> str:
return init_small _palochka(init _capital palochka(text))
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