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Abstract

This paper describes a submission to
the LoResMT 2026 Shared Task for the
Russian-Kazakh, Russian-Bashkir, and
English-Chuvash tracks. The primary approach
involves parameter-efficient fine-tuning
(LoRA) of the Tencent HY-MT1.5-7B multi-
lingual model. For the Russian-Kazakh and
Russian-Bashkir pairs, LoRA adaptation was
employed to correct the model’s default Arabic
script output to Cyrillic. For the extremely low-
resource English-Chuvash pair, two strategies
were compared: mixed training on authentic
English-Chuvash and Russian-Chuvash data
versus training exclusively on a synthetic
English-Chuvash corpus created via pivoting
through Russian. Baseline systems included
NLLB 1.3B (distilled) for Russian-Kazakh
and Russian-Bashkir, and Gemma 2 3B for
English-Chuvash. Results demonstrate that
adapting a strong multilingual backbone with
LoRA yields significant improvements over
baselines while successfully addressing script
mismatch challenges. Code for training and in-
ference is released at: https://github.com/
defdet/low-resource-langs-mt-adapt

1 Introduction

Low-resource machine translation remains a crit-
ical challenge, particularly for agglutinative lan-
guages with complex morphology such as those in
the Turkic family (Mirzakhalov et al., 2021). The
LoResMT 2026 Shared Task included five transla-
tion tracks for low-resource Turkic languages; this
work focuses on three of them: Russian-Kazakh
(Ru-Kk), Russian-Bashkir (Ru-Ba), and English-
Chuvash (En-Cv).

While large multilingual models have demon-
strated strong performance on major languages,
they often exhibit systematic issues for low-
resource Turkic varieties (Zoph et al., 2016; Team
et al., 2022). Notably, the Tencent HY-MT1.5-
7B model (Zheng et al., 2025), despite its strong

multilingual capabilities, outputs translations for
Turkic languages exclusively in Arabic script rather
than the Cyrillic orthographies used in contempo-
rary Central Asian contexts. This work explores
whether Low-Rank Adaptation (LoRA) (Hu et al.,
2021) is sufficient to both transfer knowledge to
previously unseen language pairs and correct script
mismatches without external normalizers.

For the English-Chuvash pair, where direct
parallel data is scarce and partially synthetic in
origin, the efficacy of synthetic pivoting versus
mixed training was evaluated. Synthetic pivot-
ing involves translating the source side of a high-
resource pivot language corpus (Russian-Chuvash)
into the desired source language (English) using
a strong pivot model, then training directly on
the resulting synthetic parallel data. This offline
data generation approach avoids the compound-
ing errors inherent in runtime cascade translation
(En→Ru→Cv), where translation errors from the
first stage (En→Ru) propagate and amplify in the
second stage (Ru→Cv). By generating synthetic
parallel data offline, the model learns a direct
En→Cv mapping on a consistent, albeit synthetic,
training distribution (Caswell and Bapna, 2022; El-
madani and Buys, 2024).

2 System Description

2.1 Base Model and Adaptation Strategy

The tencent/HY-MT1.5-7B model (Zheng et al.,
2025) served as the backbone for all experiments.
This is a decoder-only transformer model with 7
billion parameters, pretrained on large-scale mul-
tilingual parallel data covering over 33 languages.
The model underwent supervised fine-tuning on
translation tasks followed by Group Relative Pol-
icy Optimization (GRPO) reinforcement learning
to improve translation quality.

Despite its strong multilingual capabilities, the
model outputs translations for Central Asian Turkic
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languages exclusively in Arabic script rather than
the Cyrillic orthographies used in contemporary
contexts. To address this script mismatch and adapt
to previously unseen language pairs, we employed
Low-Rank Adaptation (LoRA) rather than full fine-
tuning to maintain computational efficiency and
avoid catastrophic forgetting.

LoRA projections targeted the attention mech-
anism (q, k, v, o layers) with rank r = 16. This
introduces approximately 13.6 million trainable pa-
rameters, allowing the model to adjust its internal
representations for Chuvash, Bashkir, and Kazakh
syntax while retaining its broad multilingual knowl-
edge base (Hu et al., 2021).

2.2 Script Adaptation via LoRA
Rather than developing an external rule-based nor-
malizer or character mapper to convert Arabic
output to Cyrillic, the script adaptation was han-
dled entirely through LoRA fine-tuning on Cyrillic
training data. This approach allows the model to
learn the script preference through gradient updates
rather than requiring explicit post-processing rules.

After two epochs of adaptation on Cyrillic-script
parallel data, the model successfully suppressed
Arabic token generation, producing exclusively
Cyrillic output for all Turkic target languages.
Manual inspection of generated outputs confirmed
zero instances of Arabic characters in the adapted
model’s translations.

2.3 Synthetic Pivoting for Chuvash
For the English-Chuvash track, two data strategies
were explored:

• Mixed Training: Combining authentic En-
Cv data (upsampled) with Russian-Chuvash
data to leverage multilingual transfer (Nguyen
and Chiang, 2017).

• Synthetic Pivoting: Generating a purely syn-
thetic En-Cv dataset by translating the Rus-
sian source side of the Ru-Cv corpus into
English using facebook/wmt19-ru-en (Ng
et al., 2019), then training exclusively on the
resulting synthetic En-Cv pairs.

The synthetic pivot approach was motivated by
the desire to avoid runtime error compounding that
occurs in cascade systems (En→Ru→Cv), where
translation errors accumulate at each stage. By
generating synthetic parallel data offline, the model
learns a direct En→Cv mapping on a consistent,

albeit synthetic, training distribution (Elmadani and
Buys, 2024).

3 Experimental Setup

3.1 Data
Openly available datasets were utilized for all
tracks:

• Ru-Kazakh: ISSAI KazParc corpus (Yesh-
panov et al., 2024), with additional English-
Kazakh data included for cross-lingual trans-
fer.

• Ru-Bashkir: AigizK Bashkir-Russian paral-
lel corpus (Shakirov and Kunafin, 2023).

• English-Chuvash: We utilized two datasets
provided by alexantonov on Hugging
Face: the chuvash_english_parallel cor-
pus (200k sentence pairs sourced from
books with assistance of MT) and the
chuvash_russian_parallel corpus (1.4M
manually collected samples) (Plotnikov and
Antonov, 2024).

3.2 Training Configuration
Training was conducted using the Hugging Face
Transformers Trainer with manual adaptations for
Supervised Fine-Tuning (SFT), excluding prompts
from label loss calculations. Hardware consisted
of 4 NVIDIA A100 (80GB) GPUs. Key hyperpa-
rameters are specified in Table 1.

Hyperparameter Value

Epochs 2
Batch size (train) 4 per device
Batch size (eval) 8 per device
Learning rate 1× 10−4

LR scheduler Cosine decay
Warmup ratio 0.05
Optimizer AdamW
Weight decay 0.01
Max gradient norm 1.0
LoRA rank 16
LoRA targets q, k, v, o

Table 1: Training hyperparameters.

3.3 Evaluation and Decoding
Beam search decoding was employed for all in-
ference tasks. For pivot translations (Ru→En)
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used to generate the synthetic English-Chuvash cor-
pus, facebook/wmt19-ru-en (Ng et al., 2019) was
used with beam size 3 to balance translation quality
and computational cost, as the Russian-Chuvash
dataset is substantial (1.4M sentence pairs). Final
submission generation used beam size 5 to maxi-
mize translation quality on the test set. The evalua-
tion metric was chrF++, as chosen by the organiz-
ers.

4 Results

Adapted models were compared against strong
baselines to assess the effectiveness of LoRA-
based adaptation for low-resource Turkic transla-
tion. For Russian-Kazakh and Russian-Bashkir, we
used NLLB 1.3B (distilled) (Team et al., 2022) as
the baseline. For English-Chuvash, we compared
against Gemma 2 3B (Team et al., 2024), fine-tuned
on the authentic English-Chuvash dataset on the
same hardware. The results in Table 2 demonstrate
substantial improvements across all three language
pairs. For Russian-Kazakh, the LoRA-adapted
model achieved a 32-point chrF++ gain over NLLB,
suggesting that the base model’s multilingual rep-
resentations transfer effectively to this pair despite
the script mismatch. The Russian-Bashkir track
showed a 24-point improvement, with the adapted
model successfully learning Bashkir morphology
and Cyrillic orthographic conventions from the par-
allel data. The English-Chuvash results, while
showing a smaller absolute gain of 12.8 chrF++
points over the Gemma baseline, are notable given
the extreme scarcity and partially synthetic nature
of the training data.

Pair Baseline Base Our score

Ru-Kk NLLB 1.3B (dist.) 16.0 48.0
Ru-Ba NLLB 1.3B (dist.) 28.0 52.0
En-Ch Gemma 2 3B 23.0 35.8

Table 2: chrF++ scores on the public test set. “Our”
refers to the LoRA-adapted Tencent model.

4.1 Chuvash Data Strategy Comparison

For English-Chuvash, two training strategies were
compared against the baseline. Results are shown
in Table 3.

We conducted a manual qualitative analysis of
approximately 50 randomly sampled translations.
Translations were assessed with the assistance of

Model Training Data chrF++

Gemma 2 3B En-Cv + Ru-Cv (upsampled) 23.0
HY-MT1.5-7B En-Cv + Ru-Cv (upsampled) 34.4
HY-MT1.5-7B Synthetic En-Cv only 35.8

Table 3: Comparison of data strategies for English-
Chuvash translation.

Gemini 3 Pro, Google Translate, and Yandex Trans-
late for semantic verification.

The analysis revealed that the mixed-training
model exhibited systematic factual errors stem-
ming from domain mismatch between the literary
book-sourced English-Chuvash data and the more
diverse Russian-Chuvash corpus. The synthetic
pivot model, trained on general-domain Russian
data translated into English, demonstrated more
consistent handling of everyday and technical ter-
minology. Table 4 presents representative exam-
ples.

These examples illustrate that while both models
struggle with rare medical and legal terminology,
the synthetic pivot system consistently produces
semantically closer approximations. The mixed
model’s errors often stem from overfitting to the lit-
erary register of the book corpus, where metaphori-
cal language (e.g., "red" for ginger) is common but
inappropriate for factual translation tasks.

5 Conclusion

Parameter-efficient adaptation of a large multilin-
gual model successfully addressed low-resource
Turkic translation tasks, achieving substantial gains
over NLLB and Gemma baselines. LoRA fine-
tuning proved sufficient for both knowledge trans-
fer and script correction, with the adapted mod-
els producing exclusively Cyrillic output. For ex-
tremely rare pairs like English-Chuvash, synthetic
pivoting outperformed mixed training by provid-
ing a consistent direct mapping while avoiding the
error compounding typical for runtime cascade sys-
tems (Elmadani and Buys, 2024).

6 Limitations

Dependence on Pivot Quality The synthetic
Chuvash approach relies heavily on the quality of
the Ru→En pivot translation. The wmt19-ru-en
model may not be optimal for the chosen Chuvash
dataset. Commercial MT systems designed for lit-
eral translation may yield better synthetic corpora.
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English Mixed Training Synthetic Pivot Analysis

Ginger root Хӗрлӗ ӳсен-тӑран (red plant) Имбирь тымарӗ (ginger root) Correct translation. Mixed
model associates "ginger" with
color.

Lettuce Ҫӗрулми (potato) Салат (lettuce) Correct translation. Mixed
model confuses vegetables.

Invalid ideas Инвалидла шухӑшсене (dis-
abled thoughts)

Ниме юрӑхсӑр шухӑшсене
(worthless thoughts)

Contextually correct vs. ’false
friend’ error.

Bladder stones Шӑпӑр шӑтӑкӗнчи (in broom
hole)

Сечечкӑсенче чулсем (stones
in sections)

Partial hallucination in both, but
synthetic captures core medical
term.

Cure nausea Ытлашши ҫиекен ҫынсене
(for people who eat too much)

Ҫӑмӑллӑха тӳрлетме пулта-
рать (can restore ease)

Synthetic attempts semantic
equivalent; mixed produces un-
related phrase.

Liability claims Тӗрӗслев (checking) Ответ тытасси (accountabil-
ity)

Synthetic preserves legal con-
cept; mixed oversimplifies.

Table 4: Qualitative comparison of translation outputs.

Suboptimal Data Mixing Training exclusively
on synthetic En-Cv data, while effective, repre-
sented a missed opportunity. Since the Tencent
backbone is fluent in both Russian and English, in-
cluding the high-quality manually curated Ru-Cv
corpus alongside synthetic En-Cv data could have
provided a “correctness anchor” and regularization,
potentially reducing factual errors.

Script Adaptation Data Requirements The
LoRA-based script adaptation approach requires
sufficient high-quality parallel data in the target
script and a strong multilingual foundation model.
For languages with extremely limited digital pres-
ence, a dedicated normalization layer would be
more data-efficient. In scenarios with fewer than
several thousand parallel sentences, external nor-
malizers and character mapping systems may be
the only viable option for script conversion.
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