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Abstract

The scarcity of high-quality parallel corpora
remains the primary bottleneck for English-
Tatar machine translation. While the OPUS
project provides various datasets, our tests re-
veal that datasets like WikiMatrix, GNOME,
and NLLB, suffer from significant noise and
incorrect labeling, making them unsuitable
for training robust encoder-decoder translation
models that typically requires larger amount
of high quality data. Furthermore, we demon-
strate that small-scale multilingual Large Lan-
guage Models (LLMs), such as Qwen3 (4B-
30B), Gemma3 (4B-12B) and others, show se-
vere "Turkish interference", and they frequently
hallucinate Turkish vocabulary when prompted
for Tatar. In this paper, we navigate this data
scarcity by leveraging Llama 3.3 70B Instruct,
which is the only model in our zero-shot bench-
marks capable of maintaining distinct linguis-
tic boundaries for Tatar. To address the lack
of gold-standard data, we curated a synthetic
dataset of 7,995 high-quality translation pairs
using a frontier model as a teacher. We then per-
formed 4-bit LoRA fine-tuning to train Llama
for English-Tatar translation. Our results show
a performance leap: while fine-tuning on the
limited Tatoeba dataset (1,193 samples) yielded
a CHRF++ score of 24.38, while fine-tuning
on our synthetic dataset achieved 32.02 on the
LoResMT 2026 shared task test set. We release
our curated dataset and fine-tuned models to
support further research in low-resource Turkic
machine translation.

1 Introduction

Neural Machine Translation (NMT) has been im-
proving by the success of massive datasets and
high-parameter architectures. However, for low-
resource languages such as Tatar, progress remains
constrained by a deep and persistent data scarcity
gap. While open source projects like the OPUS
corpus (Tiedemann and Thottingal, 2020) offer sev-
eral English-Tatar datasets, their utility is limited

due to poor alignment, incorrect labels, and signif-
icant linguistic noise. Our investigation into the
WikiMatrix, GNOME, and NLLB corpora revealed
that a substantial portion of these datasets are prac-
tically unusable for translation tasks. In the face
of such scarcity, traditional encoder-decoder archi-
tectures like MarianMT (Junczys-Dowmunt et al.,
2018) struggle to generalize, often collapsing into
repetitive or nonsensical outputs.

Simultaneously, the rise of multilingual Large
Language Models (LLMs) promised a new era
of zero-shot translation. Yet, our benchmarking
of modern instruction-tuned models—including
Qwen3 (4B-30B) (Yang et al., 2025), Gemma3
(4B-12B) (Team et al., 2025), and Llama 3 (3B-8B)
(Grattafiori et al., 2024), showed a critical failure
mode: "Turkic interference" Despite their multilin-
gual training, these smaller models frequently con-
fuse Tatar with Turkish, outputting Turkish vocabu-
lary and morphological structures when prompted
for Tatar. This suggests that smaller parameter
counts may be insufficient to maintain the nuanced
linguistic boundaries required for low-resource lan-
guages.

This paper details our approach1 for the
LoResMT 2026 English-Tatar Shared Task. We
demonstrate that navigating data scarcity requires
both: Model Scale and Synthetic Curation. During
our zero-shot evaluations, we identified that Llama
3.3 70B Instruct was a model that’s capable of gen-
erating coherent Tatar without significant Turkish
bias. However, even at this scale, the 1,193 avail-
able samples from the Tatoeba corpus proved insuf-
ficient for competitive performance. To bridge this
gap, we used DeepSeek-R1 (DeepSeek-AI et al.,
2025) to curate a high-quality synthetic dataset of
7,995 translation pairs. By fine-tuning the 70B pa-
rameter model on this curated data using the on an

1Code: https://github.com/KickItLikeShika/llm
-loresmt
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NVIDIA H100, we achieve a CHRF++ score of
32.02, outperforming our Tatoeba-only baseline of
24.38.

2 The Challenge of Data Scarcity

The primary obstacle in English-Tatar translation
is not just the quantity of data, but lack of high-
fidelity, correctly labeled corpora. This section
details our evaluation of available resources and
the failure of zero-shot models to address this gap.

2.1 Evaluation of Existing Corpora

We conducted a comprehensive review of the
English-Tatar datasets available via the OPUS cor-
pus (Tiedemann and Thottingal, 2020), including
NLLB (Team et al., 2022), WikiMatrix (Schwenk
et al., 2019), GNOME (Deshpande et al., 2024),
XLEnt (El-Kishky et al., 2021), and QED (Lamm
et al., 2020). Our qualitative analysis revealed that
many of these datasets are unsuitable for training
high-quality translation models. The WikiMatrix
and NLLB corpora, for instance, exhibited signifi-
cant noise where Russian or Turkish segments were
incorrectly labeled as Tatar. In the GNOME and
XLEnt datasets, we observed a high frequency of
"hallucinated" labels—where the source and target
segments were semantically unrelated. Training on
such corpora led to models that to completely fail
to generate coherent Tatar syntax.

2.2 The Tatoeba Baseline

Among the open-source datasets, only the Tatoeba
(Tiedemann, 2020) corpus provided a degree of
reliable alignment. However, after aggressive filter-
ing for duplicates, empty segments, and language
identification, we were left with only 1,193 high-
quality sentence pairs. While useful as a starting
point, a dataset of roughly 1,200 samples is insuffi-
cient for training a robust encoder-decoder model
from scratch or for effectively adapting a decoder-
only LLM.

2.3 Zero-Shot Benchmarking and Turkic
Interference

Given the data scarcity, we explored the zero-shot
capabilities of several modern, instruction-tuned
Large Language Models. We tested models across
various scales, including Qwen3 (4B, 8B, 14B,
30B) (Yang et al., 2025), Gemma3 (4B, 12B, 27B)
(Team et al., 2025), Llama 3.2 3B, and Llama 3 8B
(Grattafiori et al., 2024).

Despite their general multilingual proficiency,
all models within this parameter range exhibited
a specific failure mode that we called "Turkic In-
terference" when prompted to translate into Tatar,
these models consistently struggled to differenti-
ate between Tatar and its high-resource relative,
Turkish. Common errors included:

• Lexical and Morphological failures: Using
Turkish words instead of Tatar equivalents.

• Instruction failure: Models frequently gener-
ated long explanations in English rather than
the requested translation or repeated the same
word multiple times.

Llama 3.3 70B Instruct was the only model in
our evaluation that demonstrated a foundational
ability to maintain Tatar’s linguistic identity, serv-
ing as the necessary baseline for our fine-tuning
experiments.

3 Methodology

To navigate the extreme data scarcity of the English-
Tatar pair, we curated a synthetic dataset. Our
methodology centers on using a high-parameter
frontier model to bootstrap a high-quality corpus,
followed by parameter-efficient fine-tuning (Xu
et al., 2023) of a 70B parameter decoder-only
model.

3.1 Synthetic Data Curation
Given the unreliability of existing web-scraped
corpora, we utilized DeepSeek for dataset genera-
tion. We curated a dataset consisting of 7,995 high-
quality translation pairs. Unlike the noisy OPUS
datasets, these pairs were generated through struc-
tured prompting designed to ensure grammatical
correctness in Tatar.

The structural properties of the resulting dataset
(Figure 1) provide insight about the linguistic rela-
tionship between the two languages. English sen-
tences have a mean length of 14.99 words, while
Tatar translations average 10.78 words, while the
character counts remain nearly identical (75.21 for
English vs. 74.74 for Tatar).

3.2 Model Selection and Architecture
Based on our zero-shot benchmarks, we selected
Llama 3.3 70B Instruct as our base model. While
8B parameter models exhibited significant linguis-
tic "bleeding" from high-resource Turkic languages
like Turkish, the 70B parameter scale provided the
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Figure 1: Linguistic profile of the curated synthetic
dataset. The top row displays English word and charac-
ter counts; the bottom row displays the corresponding
Tatar counts.

necessary internal representation to maintain Tatar-
specific syntax and vocabulary. To make training
feasible, we used 4-bit quantization. This allowed
us to load the 70B parameter weights into GPU
memory with minimal impact on perplexity, provid-
ing a foundation for subsequent Parameter-Efficient
Fine-Tuning (PEFT) (Xu et al., 2023).

3.3 Training Configuration

We utilized the Unsloth framework (Daniel Han
and team, 2023) to perform LoRA (Hu et al., 2021)
fine-tuning. This framework provides optimized
CUDA kernels that significantly reduce VRAM
consumption and increase training speed, enabling
us to fine-tune a 70B model on a single node ef-
ficiently. Our training was conducted with the
following hyperparameters: LoRA Parameters:
We targeted all linear modules (including q_proj,
k_proj, v_proj, o_proj, and MLP layers) with a
Rank (r) of 64 and an Alpha of 64. This relatively
high rank was chosen to maximize the model’s ca-
pacity to adapt to Tatar’s specific morphological
requirements.

Optimization Strategy: We employed the
train_on_responses_only technique. By masking
the loss for the instruction and source English text,
we ensured the gradient updates were computed
exclusively on the Tatar translation output.

Hyperparameters: The model was trained for
2 epochs with a learning rate of 2e-4 and a linear
scheduler. We used a global batch size of 16 (8 per
device with 2 gradient accumulation steps) and a
weight decay of 0.001 to prevent overfitting on the

synthetic samples.

4 Experimental Results

4.1 Quantitative Performance

We evaluated our models on the official LoResMT
2026 English-Tatar shared task test set using the
CHRF++ metric. Our results (Table 1) demonstrate
the clear advantage of synthetic augmentation.

Model Training Data CHRF++
Llama 3.3 70B Tatoeba 24.3842
Llama 3.3 70B Synthetic 32.0251

Table 1: Translation performance comparison on the
LoResMT 2026 shared task test set.

The transition from the tiny Tatoeba corpus to
our curated synthetic dataset resulted in a 7.64
point jump in CHRF++. This improvement sug-
gests that the model effectively internalized the
distinct Tatar syntax and vocabulary, successfully
overcoming the "Turkic interference" observed in
zero-shot baselines.

4.2 Training Environment

All experiments were conducted on a single
NVIDIA H100 (94GB) GPU using the Unsloth
framework for 4-bit LoRA fine-tuning. This setup
enabled us to train the 70B parameter model with
a total batch size of 16 in approximately 1.5 hours.
The efficiency of this pipeline demonstrates that
high-parameter models can be adapted to low-
resource tasks with limited computational overhead
if the data quality is sufficiently high.

5 Discussion and Error Analysis

The significant performance gains observed in our
experiments underscore two critical factors in low-
resource machine translation for Turkic languages:
the necessity of high-parameter model scales and
the role of synthetic supervision in decoupling lin-
guistic interference.

5.1 Linguistic Interference and Model Scale

A primary challenge identified in our zero-shot
benchmarks was the "Turkic interference" phe-
nomenon, where models frequently defaulted to
Turkish (tr) vocabulary and morphology when
prompted for Tatar (tt). We hypothesize that
smaller models (e.g., 3B to 30B parameters) pos-
sess an internal representation that is insufficient
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to maintain distinct boundaries between closely re-
lated languages within the same family. In these
models, the high-resource presence of Turkish in
the pre-training data caused the model to prioritize
Turkish tokens over Tatar counterparts.

Our results suggest that the 70B parameter scale
of Llama 3.3 is a critical threshold for English-Tatar
translation. The larger parameter count appears
to provide a more granular latent space, allowing
the model to isolate and preserve Tatar-specific
features, even under extreme data scarcity. Fine-
tuning on our curated synthetic dataset further rein-
forced these boundaries, effectively "teaching" the
model to resist the Turkish default.

5.2 Qualitative Analysis

A qualitative review of the outputs from the
Tatoeba-baseline and the synthetic-augmented
model reveals several key improvements. Mod-
els fine-tuned only on the limited Tatoeba corpus
often struggled with Tatar’s complex sturcture, oc-
casionally producing "broken" words.

In contrast, the synthetic-augmented model
demonstrated a better command of Tatar morphol-
ogy. For example, in translating complex temporal
or locative phrases, the model correctly utilized
Tatar-specific markers rather than the more com-
mon Turkish equivalents found in zero-shot outputs.
Furthermore, the fine-tuned model strictly adhered
to the "no-explanation" instruction, whereas zero-
shot models frequently included English commen-
tary text.

5.3 The Value of Synthetic Supervision

Our findings demonstrate that for low-resource lan-
guages, the quality and purity of the training data
are more important than data volume. By using
a frontier model to generate a curated dataset, we
were able to provide the 70B model with a "clean"
signal of what constitutes correct Tatar. This ap-
proach successfully bypassed the noise inherent in
web-scraped corpora like WikiMatrix or GNOME,
which our analysis showed multiple mislabeled
Turkish or Russian data. The 7.64 CHRF++ jump
proves that synthetic data from a superior LLM can
serve as a high-fidelity surrogate for native-speaker
data in extreme scarcity scenarios.

6 Conclusion

In this work, we addressed the data scarcity in
English-Tatar machine translation by transitioning

from traditional web-scraped corpora to a high-
quality synthetic curation strategy. Our investi-
gation revealed that existing large-scale datasets
for Tatar often contain significant linguistic noise,
while small-scale multilingual LLMs frequently
suffer from Turkic interference, failing to distin-
guish Tatar from higher-resource relatives like
Turkish.

By leveraging the Llama 3.3 70B parameter
model and a curated synthetic dataset of 7,995
translation pairs, we achieved a robust performance
benchmark, with CHRF++ score of 32.02 on the
LoResMT 2026 shared task. Our results demon-
strate that model scale is critical for preserving
the linguistic integrity of low-resource languages
within dense language families. Furthermore, we
provide evidence that synthetic data generated by
frontier models can serve as a high-fidelity training
signal, successfully bypassing the limitations of
noisy, web-scraped corpora.
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