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Abstract

We describe YANDEX and YANDEX-8B, our
unconstrained and constrained submissions to
the WMT26 General Machine Translation task.
Our previous WMT?25 submission, a 7B transla-
tion specialist, shows strong Fluency but com-
paratively weaker Accuracy. To combine its
translation behavior with the capacity of a
much larger model without replaying the full
7B training pipeline at 235B scale, we add
two forms of supervision to the instruction-
tuning data of an in-house 235B pretrained
model: direct translation targets generated
by the 7B specialist and in-house translation-
related tasks. The resulting YANDEX model
improves both Accuracy and Fluency and re-
duces the LLM-based error score relative to
the same 235B model tuned only on general
instructions. Relative to the 7B specialist, it
improves Accuracy and reduces the error score,
while their Fluency point estimates remain sim-
ilar. YANDEX then provides hard targets for
YANDEX-8B, which is trained for English-
to-Russian, English-to-Belarusian, English-to-
Kazakh, and English-to-Armenian using direct
and instruction-conditioned translation data.
Across four directions, YANDEX-8B obtains
the highest paragraph-level ChrF++ and the
highest Accuracy and Fluency under our LLM-
based evaluation among five public baselines.

1 Introduction

We present the Yandex submissions to the WMT26
General MT shared task (Kocmi et al., 2026).
General-purpose large language models (LLMs)
are capable translation systems, but competi-
tive machine translation (MT) systems still ben-
efit from task-specific post-training. Existing
recipes (Xu et al., 2024a; Karpachev et al., 2025;
Wang et al., 2025; Kocmi et al., 2025a) combine
monolingual adaptation, supervised fine-tuning
(SFT) on parallel data, preference optimization,
teacher-generated data, and quality-aware decod-
ing. Our WMT24 (Elshin et al., 2024) and

WMT25 (Karpacheyv et al., 2025) submissions com-
bine different subsets of supervised fine-tuning,
preference optimization, structure-preserving su-
pervision, MT post-pretraining, and local-context
decoding. Other WMT?25 systems (Zheng et al.,
2025; Wang et al., 2025; Kocmi et al., 2025a) ad-
ditionally use multi-teacher distillation, reinforce-
ment learning, post-editing, and Minimum Bayes
Risk decoding. Repeating a complete multi-stage
recipe becomes expensive for a model with hun-
dreds of billions of parameters. We ask whether an
existing translation specialist can instead transfer
useful translation behavior through the instruction-
tuning pipeline of a much larger model.

Our starting point is the team’s 7B English—
Russian WMT?25 submission, published as Yan-
dex+WMT and referred to here as YANDEX-7B-
WMT25 (Karpachev et al., 2025). In our current
ORBIT-SC evaluation (Section 3.3), it shows high
Fluency but substantially weaker Accuracy than
the evaluated frontier LLMs. The system also used
local decoding blocks because translation quality
declined for inputs of several hundred tokens. We
use it as a source of fluent translation targets and
ask whether a larger model can improve accuracy
and context-sensitive translation choices.

For the unconstrained submission, we use an
in-house 235B pretrained model. It was initial-
ized from Qwen3-235B weights (Yang et al., 2025)
and then trained using an in-house pretraining
pipeline. We tune two models from this check-
point. GENERAL-235B uses general Russian-
and English-language instruction data. YANDEX
uses the same general data augmented with direct
translation targets from YANDEX-7B-WMT25
and in-house translation-related tasks. This keeps
YANDEX in the instruction setup anticipated for
WMT?26.

YANDEX then provides hard targets for our
constrained 8B model. YANDEX-8B is trained
for English-to-Russian, English-to-Belarusian,
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English-to-Kazakh, and English-to-Armenian. Its
data combines direct translation examples, matched
instruction-conditioned examples, and dedicated
JSON and HTML subsets.

Our contributions are:

* We adapt an in-house 235B model using tar-
gets from our 7B WMT25 specialist and
translation-related instruction data. The re-
sulting YANDEX model improves Accuracy
and Fluency over the same 235B model tuned
only on general instructions. Relative to the
7B model, it improves Accuracy while their
Fluency point estimates remain similar.

* We use YANDEX as the teacher to train an
8B model for the constrained track on direct
and instruction-conditioned examples in four
translation directions. YANDEX-8B obtains
the highest paragraph ChrF++ and the highest
LLM-based Accuracy and Fluency among five
evaluated public baselines in every direction.

2 Related Work

2.1 Multi-stage MT adaptation

Decoder-only LLMs can be adapted to MT through
task-specific training. ALMA (Xu et al., 2024a)
combines monolingual language adaptation with
fine-tuning on a small, high-quality parallel corpus.
Our previous English—Russian system (Karpachev
et al., 2025) uses MT post-pretraining, parallel-
data SFT, and two alignment stages. Synthetic
supervision includes decoded teacher sequences,
established in sequence-level knowledge distilla-
tion (Kim and Rush, 2016), and LLM outputs used
as SFT targets by recent WMT systems.

Learning from human preferences is a common
post-training paradigm for LLMs. DPO (Rafailov
et al., 2023) directly optimizes a model on pre-
ferred and dispreferred responses without fitting
a separate reward model. For MT, CPO (Xu
et al., 2024b) uses a contrastive objective over pre-
ferred and dispreferred translations, although im-
provements under an alignment metric need not
remain stable across neural and lexical metrics
(Gisserot-Boukhlef et al., 2024). Command-A-
Translate (Kocmi et al., 2025a) combines prefer-
ence optimization with post-editing and limited
Minimum Bayes Risk decoding. Shy-hunyuan-
MT (Zheng et al., 2025) distills candidates from
multiple LLMs and subsequently applies Group

Relative Policy Optimization with a composite re-
ward. Marco-MT (Wang et al., 2025) similarly
assembles a multi-stage pipeline comprising two-
stage SFT with data distillation, two-stage rein-
forcement learning, and hybrid alignment-aware
and Minimum Bayes Risk decoding. Together,
these systems combine multiple data, training,
alignment, and decoding stages whose repetition at
hundreds of billions of parameters is computation-
ally costly.

2.2 Instruction-conditioned MT

Instruction-conditioned MT extends language-
direction prompts with requirements concerning
style, terminology, domain, or output form. Par-
roT (Jiao et al., 2023) represents such requirements
through translation hints in an instruction-tuned
LLM. The Tower model family (Alves et al., 2024)
builds TOWERBASE through multilingual contin-
ued pretraining and TOWERINSTRUCT through
subsequent instruction tuning on tasks from the
translation workflow. Raunak et al. (2024) dis-
till instruction-following behavior into a substan-
tially smaller NMT model. Their setup combines
formality control, domain adaptation, and multi-
modal translation, and supports multiple instruc-
tions at once. Together, these methods encode trans-
lation requirements beyond the source and target
languages.

2.3 MT evaluation protocols and metrics

Human MT evaluation ranges from fine-grained
expert error analysis under MQM (Freitag et al.,
2021) to ESA (Kocmi et al., 2024), which com-
bines error-span marking with a continuous quality
score. Automatic evaluation includes learned scalar
metrics such as MetricX-24 (Juraska et al., 2024)
and error-aware metrics such as XCOMET (Guer-
reiro et al., 2024), which also localizes and cat-
egorizes translation errors. LLM-based evalua-
tors can instead elicit MQM-style annotations di-
rectly, as in GEMBA-MQM (Kocmi and Feder-
mann, 2023). Scalar metrics support aggregate
comparison, while span-based outputs localize pre-
dicted errors.

Translation quality is multidimensional.
RATE (Popov et al., 2025) separates Accuracy and
Fluency and uses a finer error-severity scale than
conventional MT evaluation protocols. Its expert
English—-Russian evaluation found that strong
MT outputs could exceed human translations in
Accuracy while remaining below them in Fluency.
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System ZAce T System zrL T
Gemini-3.1-Pro 1.04  Gemini-2.5-Pro 0.61
GPT-5.5 0.83  Gemini-3.1-Pro 0.45
Claude-4.6-Opus 0.72  Yandex-7B-WMT25 0.37
Gemini-2.5-Pro 0.69 Yandex 0.34
Yandex 0.22  Claude-4.6-Opus 0.17
GPT-4.1 —0.37 GPT4.1 0.09
General-235B —0.69  General-235B —0.12
Claude-4 —1.38 GPT-5.5 —0.32
Yandex-7B-WMT?25 —2.05 Claude-4 —2.83
System za,r T System ZMQM
Gemini-3.1-Pro 0.83  Gemini-3.1-Pro —1.06
Gemini-2.5-Pro 0.74  Gemini-2.5-Pro —0.78
Claude-4.6-Opus 0.49  Claude-4.6-Opus —0.66
Yandex 0.32 GPT-5.5 —0.49
GPT-5.5 0.23  Yandex —0.19
GPT-4.1 —0.13 GPT4.1 0.22
General-235B —0.44  General-235B 0.49
Yandex-7B-WMT25 —0.82  Yandex-7B-WMT25 1.66
Claude-4 —2.52  Claude-4 1.85

Table 1: Judge-normalized paragraph-level English-to-Russian results on WMT25. Systems are sorted separately in
each panel. Green, gray, and red indicate significantly better, not distinguished, and significantly worse results than

YANDEX under the paired bootstrap.

Because this trade-off is central to our analysis, we
report Accuracy and Fluency separately.

3 Yandex: Unconstrained System

3.1 Starting Points and Motivation

We use three names for the large-system experi-
ments. YANDEX-7B-WMT?25 is our previously
published 7B translation specialist. GENERAL-
235B and YANDEX are tuned from the same in-
house 235B pretrained model, which was initial-
ized from Qwen3-235B weights (Yang et al., 2025)
and then trained using an in-house pretraining
pipeline. GENERAL-235B is tuned on an in-house
general instruction dataset composed primarily of
Russian- and English-language instructions. YAN-
DEX uses the same general data augmented with the
translation and translation-related data described
below. It is our WMT26 unconstrained submission.

The human RATE evaluation reported in our
WMT?25 system paper (Karpachev et al., 2025)
shows a fluency-oriented quality profile for
YANDEX-7B-WMT2S5: it receives higher Fluency
and Style but lower Accuracy than the evaluated
GPT-4.1 and Claude 4 outputs. Replaying its com-
plete post-training pipeline at 235B scale would be
costly. Instead, we use its translations as targets
within the instruction tuning of the larger model
and test whether this setup can combine the 7B
model’s Fluency with the higher Accuracy and

better context-sensitive translation choices of the
general-purpose 235B model.

3.2 Translation-Augmented Instruction
Tuning

Most of the added supervision consists of direct
English-to-Russian translation. We pair diverse En-
glish source texts with prompts that request only
the translated text. YANDEX-7B-WMT25 gener-
ates the targets.

The mixture also includes in-house translation-
related tasks, for example, explaining a word in
context, changing the style of a translation, ap-
plying a glossary, editing a translation, or assess-
ing translation quality. We retain general instruc-
tion data so that YANDEX remains an instruction-
following model. This design reflects our expec-
tation that WMT26 inputs would express diverse
translation requirements through instructions.

3.3 Paragraph-Level Translation Quality

We evaluate English-to-Russian translation on 332
paragraphs from the WMT25 General MT test
set (Kocmi et al., 2025b) spanning 87 documents
and four domains. We use two ORBIT-SC (Popov
et al., 2026) runs backed by GPT-5.4 and Claude-
4.6-Opus. ORBIT-SC is our single-call LLM im-
plementation of the RATE protocol (Popov et al.,
2025). It assigns separate Accuracy and Fluency
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scores and predicts error spans. For each transla-
tion, we compute the corresponding MQM score
as 5Nmaj0r + Nminor-

For each judge, we first compute A/F as the arith-
metic mean of Accuracy and Fluency. We then
macro-average the four domains and standardize
Accuracy, Fluency, A/F, and MQM separately over
the systems shared by both evaluation runs. Fi-
nally, we average the corresponding judge-wise z-
scores. Unlike the four-direction 8B evaluation in
Section 4, which uses GPT-5.4 alone, this compari-
son gives equal weight to two judges with different
score scales.

Table 1 shows that the translation-augmented
mixture performs significantly better than
GENERAL-235B on all four measurements under
the paired bootstrap.

Compared with YANDEX-7B-WMT25, YAN-
DEX has higher zacc and zj r and lower zyqQu-
Their zpr, point estimates are close. This pro-
file shows improved Accuracy with a similar Flu-
ency point estimate to the 7B specialist. Since all
translation-related components are added together,
the result cannot be attributed to the 7B targets
alone.

The external systems illustrate the same
accuracy—fluency trade-off. GPT-5.5 has higher
ZAcc than YANDEX, whereas YANDEX has higher
zrL. Their zp JF and zyqm point estimates are
close. YANDEX outperforms GPT-4.1 and Claude 4
on z r and zyqm- Claude-4.6-Opus has higher
ZAce and lower zyiqu than YANDEX, while their
za,F and zpy, point estimates are close. The two
Gemini systems obtain the strongest aggregate
scores under this evaluation.

3.4 Terminology and Named Entities

We additionally evaluate the three systems on an in-
house 820-example terminology and named-entity
benchmark. The set targets translation choices
that require domain context or model knowledge.
For example, opening has a specialized translation
in Russian chess terminology that differs from its
translation outside the chess context.

Errors are categorized as Critical, Major, or Mi-
nor. For N examples, we compute

6Ncritical + 3]Vmajor + Nminor

N , (D

Penalty =

where lower is better.
GENERAL-235B reduces the penalty from 0.765
for the 7B specialist to 0.378 on this context- and

System Penalty | Critical Major Minor
Yandex 0.340 2 27 186
General-235B 0.378 1 35 199
Yandex-7B-WMT?25 0.765 18 87 258

Table 2: Results on the in-house terminology and
named-entity benchmark (/N = 820 for every system).

knowledge-sensitive evaluation. The translation-
augmented YANDEX model further reduces it to
0.340, with fewer Major and Minor errors than
GENERAL-235B. Together with Table 1, these re-
sults show the intended complementary profile: the
235B models obtain lower terminology penalties
than the 7B specialist, while YANDEX retains a
similar zpr, point estimate.

4 Yandex-8B: Constrained System

4.1 Task Setting and Starting Model

Our constrained submission, YANDEX-8B,
is trained for English-to-Russian, English-to-
Belarusian, English-to-Kazakh, and English-to-
Armenian translation. We initialize it from the
approximately 8B-parameter YandexGPT-5-Lite-
8B pretrained checkpoint (Yandex, 2025). We
release the submitted weights on Hugging Face.!

During development, the WMT26 General
MT task description emphasized instruction-
conditioned translation and ESA-based evalua-
tion (WMT26 General MT Organizers, 2026). We
expected prompts to specify domain, style, termi-
nology, or structure while requiring only the transla-
tion as the response. The final test input contained
four prompt templates, but we trained on a broader
range of translation requirements.

4.2 Instruction and Translation Data

We collect English source texts from news, social,
spoken-dialogue, and literary domains, together
with JSON and HTML inputs. Translation instruc-
tions, usually written in Russian, are selected from
an in-house instruction collection. We retain re-
quests whose response should contain only a trans-
lation. For each source text, the 235B model selects
ten candidate instructions. A second model rates
their compatibility with the text on a 1-10 scale.
We retain pairs scoring above 8. The instructions
are independent of the target language. We specify
the translation direction separately, allowing the

]foksly/wthG—constrained—submission

1407


https://huggingface.co/yandex/YandexGPT-5-Lite-8B-pretrain
https://huggingface.co/yandex/YandexGPT-5-Lite-8B-pretrain
https://huggingface.co/foksly/wmt26-constrained-submission

en-ru en-be en-kk en-hy
System ChrF++ 1T MetricX | ChrF++1 MetricX | ChrF++1 MetricX ] ChrF++1 MetricX |
Yandex-8B 62.3 1.58 58.0 3.87 55.3 344 53.5 5.41
Yandex-8B-CPO 63.0 1.54 58.1 3.86 55.2 3.56 54.8 5.09
TranslateGemma-12B 62.2 1.52 54.9 3.83 479 5.60 50.1 6.30
Qwen-3.5-9B 60.1 222 49.1 5.73 48.3 5.52 49.6 7.32
MADLAD-400-10B 59.4 4.79 54.2 5.56 46.8 5.86 50.3 7.13
NLLB-200-3.3B 574 6.01 52.1 7.63 47.8 7.10 52.8 6.35
GPT-0SS-20B 51.9 2.72 29.3 6.16 49.0 5.82 12.9 9.18

Table 3: Paragraph-level ChrF++ (1) and MetricX (J) on BOUQUET. Best scores are in bold.

en-ru en—be en—-kk en-hy
System Accuracy T Fluency T MQM | Accuracy T Fluency T MQM | Accuracy 1 Fluency T MQM | Accuracy T Fluency T MQM |
Yandex-8B 81.6 85.3 11.3 69.1 69.5 24.2 69.9 72.0 22.3 52.2 54.0 37.6
Yandex-8B-CPO 81.6 84.1 11.2 69.2 68.7 23.5 70.4 71.8 22.0 51.5 53.8 359
TranslateGemma-12B 73.9 81.2 17.9 59.1 64.4 30.8 472 52.5 40.9 41.8 48.1 43.8
Qwen-3.5-9B 69.6 72.7 214 51.1 51.8 38.5 46.2 514 40.8 39.1 44.8 46.4
MADLAD-400-10B 325 32.5 34.5 40.5 44.8 38.6 40.8 48.4 40.1 28.3 37.5 31.7
NLLB-200-3.3B 39.7 40.3 39.5 33.8 33.8 46.0 322 35.7 455 35.0 36.4 46.2
GPT-OSS-20B 62.4 63.5 272 40.9 39.3 46.8 40.8 423 44.5 30.2 29.4 52.4

Table 4: ORBIT-SC results on WMT25 General MT source paragraphs. Best scores at the displayed precision are in
bold, except for the marked MADLAD value discussed in the text.

same matched instruction—source pair to be reused
across all four directions.

The resulting mixture contains matched
instruction-conditioned examples and direct trans-
lation examples. It also contains dedicated JSON
and HTML examples with format-preservation
instructions. All targets are hard labels generated
by the 235B YANDEX teacher. The combined
dataset contains approximately one million exam-
ples across the four directions. We tune the 8B
starting checkpoint on this mixture. YANDEX-8B
denotes this supervised checkpoint and is the
model submitted to WMT?26.

We also tested a two-stage route to adapt the
model more explicitly to Belarusian, Kazakh, and
Armenian. The first stage used only URL-mined
parallel data, with at least 50 million examples per
direction, and the second used the instruction mix-
ture above. We identify multilingual versions of
web pages through language-specific URL variants
and align the corresponding pages at the paragraph
or sentence level. This route did not improve our
development results. The hard-label mixture may
already provide sufficient coverage, while URL-
aligned web pages can contain machine-translated
or otherwise low-quality parallel text and may re-
quire stronger filtering.

4.3 Contrastive Preference Optimization

Starting from the supervised checkpoint, we test
an additional Contrastive Preference Optimization
(CPO) (Xu et al., 2024b) stage. We generate candi-
date translations with Gemma-4-31B-IT (Gemma
Team, 2026), DeepSeek-V4-Pro (DeepSeek-Al,
2026), GLM-5.2 (Z.ai, 2026), Qwen-3.7 (Qwen
Team, 2026b), and YANDEX. DeepSeek-V4-Pro
compares sampled candidate pairs side by side to
produce preferred and dispreferred translations. We
report one representative development checkpoint
as YANDEX-8B-CPO. It was not submitted.

4.4 Evaluation

For reference-based evaluation, we use paragraph-
level BOUQUET (Andrews et al., 2025), which
provides references for all four directions. Ta-
ble 3 reports ChrF++ (Popovié, 2017) with its de-
fault configuration and MetricX-24-XXL (Juraska
et al., 2024). To reflect the constrained track’s
20B-parameter limit, all five public baselines
have at most 20B parameters: TranslateGemma-
12B (Finkelstein et al., 2026), Qwen-3.5-9B (Qwen
Team, 2026a), MADLAD-400-10B (Kudugunta
et al., 2023), NLLB-200-3.3B (NLLB Team, 2024),
and GPT-OSS-20B (OpenAl, 2025).

For reference-free evaluation, we evaluate trans-
lations of official English source paragraphs from
WMT?25 General MT (Kocmi et al., 2025b) with
ORBIT-SC, using GPT-5.4 as a single fixed judge.
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We report Accuracy, Fluency, and the MQM score
defined in Section 3.3, and macro-average each
score within domain and then equally across do-
mains.

4.5 Results and Analysis

As shown in Table 3, the submitted YANDEX-
8B obtains the highest paragraph ChrF++ among
the five public baselines in all four directions.
Its MetricX score is best among those baselines
for English-to-Kazakh and English-to-Armenian,
while TranslateGemma-12B is slightly better on
English-to-Russian and English-to-Belarusian. Ta-
ble 4 shows that YANDEX-8B also obtains the
highest ORBIT-SC Accuracy and Fluency scores
among the public baselines in every direction.

The CPO checkpoint produces mixed changes.
ChrF++ improves on three directions and decreases
slightly on English-to-Kazakh. MetricX improves
on three directions but also worsens on English-to-
Kazakh. ORBIT-SC Accuracy moves in both direc-
tions, and Fluency is lower on all four directions.
MQM improves on all four directions, but Accu-
racy and Fluency do not show a consistent benefit.
We therefore selected the supervised checkpoint
for the submission.

The marked MADLAD-400-10B English-to-
Armenian score illustrates a limitation of span-
count aggregation. It has a low MQM score despite
low Accuracy and Fluency. A diagnostic proxy
flags 99 of 332 outputs as likely non-translations,
including 91 with Accuracy zero. These outputs re-
ceive a lower mean MQM score than the remaining
outputs (22.97 versus 35.64) because their critical
spans are fewer but much longer on average (129
versus 37 characters). We therefore interpret MQM
together with Accuracy and Fluency. The proxy is
not a human label and is used only to diagnose the
aggregation behavior.

5 Conclusion

We described two WMT26 systems connected
through hard-label training. Our 7B WMT?25 trans-
lation specialist generates English-to-Russian tar-
gets for the instruction tuning of an in-house 235B
model. The resulting YANDEX system improves
both Accuracy and Fluency over the same 235B
model tuned only on general instructions. YAN-
DEX then becomes the teacher for YANDEX-8B,
our constrained model for four translation direc-
tions.

On BOUQUET, YANDEX-8B obtains the high-
est paragraph ChrF++ among five evaluated public
baselines in every direction. On WMT25 Gen-
eral MT source paragraphs, it obtains the highest
ORBIT-SC Accuracy and Fluency among the same
baselines in every direction. An additional CPO
stage produces small and inconsistent changes, so
the submitted system is the supervised checkpoint.
Overall, the results show how a compact MT spe-
cialist, a large instruction model, and a constrained
multilingual student can be connected without re-
peating the complete multi-stage MT pipeline at
the largest scale.
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