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Abstract

We describe an evaluation of several open-
source models under identical inference
conditions without task-specific training.
Despite covering a wide range of available
models, including both multilingual systems
and models specifically designed for Russian—
Kazakh translation, the results indicate that
the highest performance is achieved by the
language-specific approach.

1 Introduction

Kazakh is a low-resource language for machine
translation, characterized by limited availability
of high-quality parallel corpora and linguistic
tools, despite having tens of millions of speakers.
This scarcity poses challenges for building robust
MT systems, especially given Kazakh’s rich
morphology and orthographic variability.

To address these issues, the Turkic LoRes
MT shared task, organized within the LoResMT
workshop series, focuses on machine translation
for low-resource Turkic languages, including
Russian-Kazakh. The shared task provides a
common evaluation framework and standardized
test sets, encouraging participants to explore
practical system-building strategies under realistic
low-resource conditions.

This paper describes approaches developed
for the Russian-Kazakh track of the shared
task, based on the evaluation of multiple open-
source MT models combined with task-specific
post-processing techniques aimed at improving
translation quality.

2 Dataset

The organizers provided only a test dataset
consisting of 4,626 sentence pairs, split evenly into
public and private subsets for evaluation. During
manual inspection, we observed that not all entries
contain valid Russian-Kazakh translations.

As shown in Table 1, four types of sentence pairs
were identified:

e Correct: valid Russian-Kazakh translation
pairs.

» Copied: cases where the Russian source text
is partially or fully copied into the target field.

* Russian Different: corrupted pairs where the
target contains unrelated Russian text.

» Kazakh Different: pairs where the target
is written in Kazakh but is semantically
unrelated to the source sentence.

To improve dataset reliability, we applied
a simple automatic filtering procedure. Both
source and target strings were normalized by
lowercasing and removing punctuation. If all
characters in both fields belonged to the Russian
alphabet and the length of the longest common
substring between normalized source and target
exceeded 30 characters, the pair was removed
from the cleaned dataset.  Additionally, two
sentence pairs (kk 03501 and kk 03995) with
severe semantic mismatches were identified and
excluded manually.

As a result, 278 sentence pairs were removed
from the original dataset. All subsequent
experiments were conducted on two versions of the
data: the original test set and the cleaned subset.

We note that sentence pairs of the Kazakh
Different type were not removed from either
version of the dataset. While such cases
correspond  to  semantically = mismatched
translations, they are harder to reliably detect
automatically without external semantic models
or manual annotation. Therefore, these examples
were retained and are reported only to document
the presence of this type of noise in the evaluation
data.
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Type Row Id Source Expected Translation

Correct kk 03310 | Ilepssrit KOMIIOHEHT - OaszoBast | BipiHII KOMIOHEHT — 3eHHETKEPIIIK JKacKa
NEHCHsI , KOTOpas B HACTOSIEE BPeMs | JKETKeH OaplibIK a3amarTapra OJapiblH
BBIIJTAYNBACTCS TOCYIapCTBOM u3 | eHOEK OTiJIi MeH JKaJIaKbIChIHA KapaMacTaH
CpEACTB  pecryOnMKaHCKoro Owomkera | , Oipaell Memepae peCHyONIHKANBIK
B OJJMHAKOBOM pa3Mepe IJIs BCeX IpakaaH | OFOKeT Kapa)xaTbIHaH MEMIICKET
, JOCTHTIIMX IIEHCHOHHOIO BO3pacTa , | TOJEHTiH 0a3aiblK 3eiHEeTaKHI .
HE3aBHCHMO OT MX TPYHOBOIO CTaxa H
3apabOTHOM IUIATHI .

Copied kk 01035 | Takum obpasom , cmencomyciayru depe3 | Takum oOpa3oMm , CIEHCOIYCIYTH 4epe3
HETIPaBUTEIILCTBEHHbIH CEKTOp MOJNYyYalOT | HEIPaBUTEIBCTBEHHBIH CEKTOp MOIydYaroT
Gornee 2 THIC . YETIOBEK . Gornee 2 THIC , YETOBEK .

Russian Different | kk 03995 | IIpomomxkaercs pasButrue | B pamkax pasBUTUS  DJNEKTPOHHOIO
(dapmaneBTHYECKOH ~ OTpacuu B | 3mpaBooxpanenmus mianupyercs k 2020
peciyoOnuke HaCYUTHIBACTCS 1874 | romy BHeIpeHHUE SIIEKTPOHHBIX ITACIIOPTOB
anTedHplX ckiaaga w9590 OOBEKTOB | 3MOPOBBA .

PO3HUYHOMU aNTeYHOH ceTu .

Kazakh Different | kk 04424 | B YaCTHOCTH s xeHmuHaM | « KeiiOip sxarmaiinapra KaTbICTHI €TIMi3IIH
obecrieqnBaeTcs 1IpaBo HNOKynku | Oipa3 a3amarTapblHa THECLTi Kapaxar Oy
NICHCUOHHBIX AHHYHTETOB B Bo3pacTe | , OHzail a3amMarTap MyMKiH KalTBIC OO
50 ner . , MYMKIH TIET €Jre MIBIFBII KETTi , COaH

KaJIbII KOMFaHaapsl 1a 6ap .

Table 1: Examples of different row types in the Russian-Kazakh dataset

3 Evaluated Models

The organizers of the shared task proposed ChrF1
as the primary evaluation metric, which we adopt
throughout all experiments.

3.1 Baseline

As a simple baseline, we use a trivial system that
copies the Russian source text as the output. This
baseline achieves a ChrF1 score of 22.32 on the
private test set before cleaning and 17.23 after
cleaning.

3.2 issai/LLama-3.1-KazLLLM-1.0-8B

LLama-3.1-KazLLM-1.0-8B (ISSAI, 2024) is an
open-source large language model based on
Meta’s LLaMA-3.1 architecture, fine-tuned for
multilingual use with a particular focus on Kazakh,
Russian, and English. The model was released
by the Institute of Smart Systems and Artificial
Intelligence (ISSAI) under a CC-BY-NC license.

For inference, we use the prompt shown in
Figure 1.

The model achieves a ChrF1 score of 51.12
on the original test set and 53.39 on the cleaned
version.

3.3 PolynomeAl/Llama-3.1-8B-kkru

Llama-3.1-8B-kkru (PolynomeAl, 2025) is a fine-
tuned variant of Meta’s Llama-3.1-8B model,
specifically adapted for Russian—Kazakh and
Kazakh—Russian machine translation. The model

System prompt:

Ci3 opbIc TUTIHEH Ka3akK TUTIHE KOCiOM ayaapMalllbIChI3.
Cisre opbIC TiMHIAETI MOTIH YCBIHBITABI )KOHE KOCHIMIIIA
TYCIHIKTEMeNepci3 Ka3ak TiTiHe aygapMma jkazy KakeT
Oosajpl.

User prompt:
Opsic MoTiHI: {text}
Kazakma aynapma:

Figure 1: Prompt used for inference with LLama-3.1-
KazL.LM-1.0-8B. Note: The system prompt translates
into English as: “You are a professional translator from
Russian to Kazakh. You will be given a Russian text and
are required to produce a Kazakh translation without
any additional explanations.”

was trained on a mixture of parallel and synthetic
data and is optimized for direct translation tasks
rather than general-purpose text generation.

For inference, we use the default Alpaca-style
prompt provided by the model configuration,
shown in Figure 2.

The model achieves a ChrF1 score of 49.64
on the original test set and 51.80 on the cleaned
version.

3.4 google/translategemma-{4|12|27}b-it

TranslateGemma (Finkelstein et al., 2026) is an
open suite of multilingual machine translation
models released by Google Translate Research,
built on the Gemma 3 foundation models and fine-
tuned through a two-stage process of supervised
fine-tuning on synthetic and human-translated
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Model Public Private Public (clean) Private (clean)
deepvk/kazRush-ru-kk 76.77 76.24 80.05 80.28
facebook/nllb-200-3.3B 54.56 54.08 56.61 56.57
facebook/nllb-200-1.3B 53.97 53.38 55.98 55.81
facebook/nllb-200-distilled-1.3B 53.88 53.56 55.91 56.00
facebook/nllb-200-distilled-600M 53.00 52.77 54.96 55.19
google/translategemma-27b-it 51.48 51.08 53.35 53.36
issai/LLama-3.1-KazLLM-1.0-8B 51.38 51.12 53.23 53.39
PolynomeAl/Llama-3.1-8B-kkru 50.35 49.64 52.14 51.80
google/translategemma-12b-it 48.02 47.60 49.67 49.61
google/translategemma-4b-it 39.59 39.36 40.76 40.78
tencent/HY-MT1.5-7B transcripted + spellcheck ~ 33.23 33.00 34.21 34.17
tencent/HY-MT1.5-7B transcripted 29.56 29.41 30.33 30.33
Russian text 21.61 22.32 17.47 17.23

Table 2: ChrF scores on public and private test sets, evaluated on the original and cleaned data variants.

Below is an instruction that describes a task.

### Instruction:
Translate from Russian to Kazakh.

### Input:
{text}

### Response:

Figure 2: Alpaca-style prompt used for inference with
Llama-3.1-8B-kkru.

parallel corpora followed by reinforcement
learning. The family includes 4B, 12B, and
27B parameter variants optimized for efficient,
high-quality translation across 55 languages,
where the mid-sized model often outperforms
larger baselines on standard benchmarks. Our
tests show substantial quality increase with size of
model rising up to 51.08 private on original data
and 53.36 on cleaned data.

3.5 facebook/nllb-200-*

We also include results for Meta’s No Language
Left Behind (NLLB) family of models (Fan
et al., 2022), which are pretrained massively
multilingual machine translation systems covering
hundreds of languages. In our evaluation, the
full-size NLLB model achieves the strongest
performance among the multilingual baselines.
Smaller configurations, such as nllb-200-1.3B and
its distilled variants, show competitive results with
substantially fewer parameters, while the distilled
600M model provides a lightweight alternative.
Metric differences across NLLB are relatively
small, with the best scores reaching 54.08 on the
original test set and 56.57 on the cleaned one.

3.6 tencent/HY-MT1.5-{1.8|7}B

Tencent’s HY-MT1.5 (Zheng et al., 2025) is a
recently released family of multilingual machine
translation models available in two sizes: a 1.8B
parameter variant optimized for on-device and
real-time translation, and a 7B parameter variant
targeting high-quality server and cloud-based
scenarios. Both models support bidirectional
translation across 33 languages and several
dialectal variants, and are trained using a holistic
pipeline combining MT-oriented pre-training,
supervised fine-tuning, on-policy distillation, and
reinforcement learning.

For inference, we used the default prompt
suggested by the authors: “Translate the
following segment into Kazakh, without additional
explanation.” followed by the source sentence.

The 1.8B model failed to produce adequate
results, frequently generating outputs in unrelated
languages such as Ukrainian, Hindi, or Russian
instead of Kazakh. As a result, we exclude this
configuration from further analysis.

The 7B model consistently produced Kazakh
translations; however, the output was written in
Arabic script rather than Cyrillic. After direct
transcription, the model achieved ChrF1 scores
of 28.89 on the original dataset and 29.78 on the
cleaned dataset. A detailed inspection revealed
systematic orthographic issues.

To address these issues, we trained a lightweight
spell correction model in a self-supervised manner.
We extracted 50,000 sentences from the Kazakh
Wikipedia dump (20231101.kk slice from
wikimedia/wikipedia (Foundation)). Each
sentence was split into 7-word segments and
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Type Sentence ChrF1
Original Kazaxcran sIBIs€TCSs MHOTOHAIIMOHAJIBHBIM M MHOTOKOH(ECCHOHAIBHBIM 2237
rOCYJIapCTBOM .
HY-MT1.5-7B output W8 dete cht O e 3} oS Okl —
Direct transcription Ka3aKCTaH KOM YJITThI )KaHe KO JIIH/1i MEMJICKET. 46.90
Spell Corrected KazakcTan kem YITTHI )KoOHE KOIl AiHAI MeMJIEKET. 69.53
Correct Target Kazakcran KOMyJITThI )KOHE KOIIKOH(ECCHSIITBI MEMIICKET . -

Table 3: Example of post-processing stages for sentence pair kk_02849

artificially corrupted by introducing character-
level noise, including common confusions (e.g.,
ibl, K<k), random insertions, and deletions,
with an overall corruption probability of 0.35.
A google/bytb-small model (Xue et al,
2021) was then fine-tuned to recover the original
sentences from their corrupted versions.

During inference, the generated translations
were similarly split into fixed-length segments,
corrected independently, and merged back. This
post-processing step improved ChrF1 scores to
33.00 on the original dataset and 34.17 on the
cleaned dataset.

Table 3 illustrates the effect of the post-
processing pipeline. Most recoverable errors are
corrected (e.g., orcane—oicone), while some lexical
or stylistic differences remain unavoidable without
additional supervision.

3.7 deepvk/kazRush-ru-kk

deepvk/kazRush-ru-kk (Lebedeva and Sokolov,
2024) is a Russian—Kazakh neural machine
translation model released by DeepVK and trained
specifically for direct Russian-Kazakh translation.
The model significantly outperforms all other
evaluated systems, achieving ChrF1 scores of
76.24 on the private test set and 80.28 on the
cleaned private subset.

4 Conclusion

Our results demonstrate that language-specific
machine translation systems trained explicitly for
a single language pair consistently outperform
general-purpose multilingual models that are not
specialized for the target direction. While large
multilingual models provide strong baselines and
broad coverage, their performance on Russian-
Kazakh translation remains inferior to that of
dedicated systems optimized for this specific
pair. These findings highlight the importance of
task- and language-pair-specific training in low-
resource settings and suggest that, when sufficient

parallel data is available, specialized models
remain the most effective approach for achieving
high translation quality.
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