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Abstract
We describe our constrained CUNI-MH-v3
(based on Qwen3-14B) and unconstrained
CUNI-EdUKate (based on Granite 4.1 8B) sub-
missions for the WMT26 General MT shared
task. Both submissions use a three-stage
training procedure: QLoRA supervised fine-
tuning on synthetic sentence pairs, continued
supervised fine-tuning on a smaller mixture of
paragraph-level and instruction-oriented exam-
ples, and iterative preference optimization with
automatically generated and scored preference
pairs. We document the data construction, train-
ing setup, checkpoint selection, and evaluation.
We also share the training data and model check-
points for our constrained system.

1 Introduction

The WMT General MT shared task evaluates trans-
lation across diverse language pairs. Our submis-
sions focus on adapting instruction-tuned multilin-
gual large language models with parameter-efficient
fine-tuning on just four of them: English–Czech,
Czech–Vietnamese, Czech–German and Czech–
Ukrainian. We used the same general training
recipe across all language pairs and put most of our
focus on the new Czech–Vietnamese pair. Table 1
summarizes our submissions and the supported lan-
guage pairs. Although our adapters train bidirec-
tionally, the shared task evaluates only one direc-
tion for each pair. The constrained CUNI-MH-v3
covers the four language pairs and uses Qwen-14B
(Team, 2025) as a base model. CUNI-EdUKate
covers just Czech–German and Czech–Ukrainian
and uses Granite-4.1-8B (IBM Research, 2026) as
base model. Since it was trained on additional ed-
ucational domain EdUKate data that cannot be re-
distributed, it falls into the unconstrained category.

2 Data

Our training data is organized around the three dif-
ferent training stages. This year, we choose to focus

on using synthetic parallel data created using back-
translation.

2.1 Stage 1: Synthetic Sentence Data
We took monolingual documents from HPLTv3
(Oepen et al., 2026), split them into sentences, re-
moved exact duplicates and applied deterministic
shuffle. We backtranslated the monolingual sen-
tences with cyankiwi/gemma-4-31B-it-AWQ-
4bit, an AWQ-quantized (Lin et al., 2026) ver-
sion of the instruction-tuned Gemma 4 31B model
(Team et al., 2026). The same model also assigned
an integer 0–100 direct-assessment score to each re-
sulting pair. For this stage, we retained pairs with a
score of at least 75. We also used the forward trans-
lation by swapping source and target, combined
both orientations and shuffled the result.

2.2 Stage 2: Data Augmented Mixture
The second supervised stage uses a smaller mixture
intended to adapt the model for the types of seg-
ments we expected to see in the WMT26 test set.
We deterministically shuffle each source, normal-
ize the configured mixture weights, and construct
the largest mixture that does not require oversam-
pling any source. The resulting datasets contain
between 8 943 and 14 399 examples depending on
the language pair.

The components, in Table 2 order, are: (1) all
synthetic sentence pairs scoring at least 90; (2) the
deterministically selected first shard of scored para-
graph pairs, with no additional threshold; (3) dif-
ferent paragraph layouts1 generated from a sepa-
rate sample of 500 paragraph pairs scoring at least
95; (4) glossary examples using either the fixed
English instruction “Use the following glossary”

1By paragraph layouts, we mean that the source and tar-
get paragraphs consist of several aligned segments and these
segments are separated by different whitespace separators, for
example newline, double newline, and space. Different combi-
nations of separators mean different paragraph layouts in this
context.
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System Backbone cs–de cs–uk cs–vi en–cs

CUNI-MH-v3 Qwen3-14B 3 3 3 3
CUNI-EdUKate Granite-4.1-8B 3 3 – –

Table 1: Submitted systems and WMT26 evaluation directions.

Stage-2 source category Share

Filtered synthetic sentences 25.81%
Scored paragraphs 12.90%
Generated/aligned paragraphs 12.90%
Glossary instructions 25.81%
Inline tags 12.90%
Do-not-translate spans 6.45%
Lowercase inputs 3.23%

Table 2: Target composition of the Stage-2 supervised
mixture.

or LLM-generated paraphrases; (5) variants con-
taining aligned HTML, placeholder, or random-
ized XML-like tags; (6) up to five do-not-translate
(DNT) variants that copy a source span wrapped in
<ufaldnt> unchanged into the target; and (7) low-
ercased sources paired with targets in their original
casing.

Components 4–6 start from deterministic sam-
ples of 500 synthetic pairs per language pair scoring
at least 90. We used cyankiwi/gemma-4-31B-
it-AWQ-4bit for generation or bilingual align-
ment where it was required, for example when
proposing alternative glossary terms and applying
them to the segment in question.

2.3 Stage 3: Preference Pairs

Preference pairs are generated online rather than
generated in advance. For CUNI-MH-v3, each di-
rection uses a pool containing 75% Stage-2 exam-
ples and 25% examples derived from WMT25. We
included the WMT25 data in order to expose the
models to shared-task-style instructions. We there-
fore do not use WMT25 as an independent devel-
opment set.

For CUNI-EdUKate, we use a 50/25/25 mix-
ture of Stage-2, WMT25, and EdUKate examples.
The final EdUKate sampling pools have the same
sizes as the corresponding general pools because
the available WMT25 portion is the limiting source.

3 Methods

All stages use the same chat representation. A sys-
tem message simply states ”You are a helpful as-

sistant.”2 The user message gives the source and
target language, an optional context (translation in-
structions) field, and the source text. The exact
format can be found in Appendix A. The reference
translation is the assistant response.

We train QLoRA (Dettmers et al., 2023; Hu et al.,
2022) adapters while loading the base model in 4-bit
NF4 format with double quantization and bfloat16
computation. Qwen adapters use rank 128 and α
256. Granite adapters use rank 256 and α 512. In
both cases, LoRA adapter is applied to all linear
modules with zero dropout. Table 3 summarizes
the main settings.

3.1 Supervised fine-tuning

Stage 1 starts from either Qwen/Qwen3-14B or
ibm-granite/granite-4.1-8b. We train for at
most 10,000 steps with sequence length 512, batch
size 16, a paged 8-bit AdamW optimizer, cosine
scheduling, and a learning rate of approximately
6.36× 10−5. The first 512 records are reserved for
evaluation loss.

Stage 2 continues the same adapter on the struc-
tured mixture described in Section 2. We increase
the maximum sequence length to 1,024, enable
packing and assistant-only loss, and train for 500
steps with batch size 16 and learning rate 2× 10−5.
We again reserve the first 512 records for evaluation.
Stage 2 is deliberately short: its purpose is instruc-
tion and structure coverage rather than another pass
over millions of sentence pairs.

3.2 Iterative preference optimization

Unlike our submission from previous year (Hra-
bal et al., 2025), we chose not to pre-generate the
preference pairs but train in several iterations and
generating the pairs using the latest such version of
the model, similarly to Sun et al. (2025).

Stage 3 consists of multiple iterations. At itera-
tion i, we use reservoir sampling for 500 records

2We included this system message primarily to unify and
override system messages of some models we initially exper-
imented. An extreme case of this is for example granite-3.3-
8b-instruct, whose chat template dynamically inserts current
date to system prompt, which could potentially have hard to
predict effects on reproducibility when not overridden.
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Family/stage Backbone or parent LoRA r Steps/rounds Max. length Learning rate

MH-v3 Stage 1 Qwen3-14B 128 10,000 steps 512 6.36× 10−5

MH-v3 Stage 2 Stage-1 adapter 128 500 steps 1,024 2× 10−5

MH-v3 Stage 3 Stage-2 adapter 128 10× 500 samples 1,024 10−5

EdUKate Stage 1 Granite-4.1-8B 256 10,000 steps 512 6.36× 10−5

EdUKate Stage 2 Stage-1 adapter 256 500 steps 1,024 2× 10−5

EdUKate Stage 3 Stage-2 adapter 256 10× 500 samples 1,024 10−5

Table 3: Training configuration. Stage-3 values for Steps/rounds denote the number of rounds times sampled inputs.
Candidate generation may produce multiple pairs per input, and filtering by score-difference then determines the
size of the training-set, so the actual number of training steps of each such round is variable. The selected MH-v3
en–cs run uses learning rate 5× 10−6.

from the corresponding preference pool using seed
4243 + i. We serve the current adapter with vLLM
and translate each sampled source greedily. When
a reference is available, it forms an alternative
candidate. For the CUNI-MH-v3 Czech–German
and Czech–Vietnamese runs and both EdUKate
runs, Gemma-4-31B-it was also used for one ad-
ditional candidate through a simple DSPy trans-
lation prompt. The MH-v3 Czech–Ukrainian and
English–Czech runs use no extra candidate model.

Unique candidates are assigned scores from 0 to
100 by cyankiwi/gemma-4-31B-it-AWQ-4bit
through a DSPy direct-assessment prompt. We or-
der candidates by this score and retain chosen/re-
jected pairs whose score differs by at least two
points.

We then continue the current adapter on the re-
tained pairs. The objective combines sigmoid DPO
(Rafailov et al., 2024), BCO-pair (Jung et al., 2025),
and supervised fine-tuning losses with weights 0.8,
0.2, and 1.0, respectively. Training uses a per-
device batch size of 2 and gradient accumulation
over 16 steps, giving an effective batch size of 32.
The learning rate is 10−5 for most runs. The se-
lected English–Czech run uses 5×10−6. Each sub-
sequent iteration starts from the adapter produced
by the preceding iteration.

3.3 Submitted checkpoints

Table 4 records the selected stage and iteration for
each submitted direction.

4 Internal Evaluation

We compare submitted checkpoints with their
unadapted backbones, intermediate supervised
checkpoints, prior CUNI WMT25 systems, and
Gemma-4-E2B and E4B system baselines. “Di-
rect” denotes the prompt we use during training
together with greedy decoding; Prior systems are

System Direction Selected model

EdUKate cs–de Stage 3, iteration 1
EdUKate cs–uk Stage 3, iteration 1
MH-v3 cs–de Stage 3, iteration 1
MH-v3 cs–uk Stage 3, iteration 2
MH-v3 cs–vi Stage 3, iteration 1
MH-v3 en–cs Stage 3, iteration 2

Table 4: Checkpoints used for the final submissions.

re-evaluated here rather than represented by their
official WMT25 scores.

We evaluated checkpoints internally on
FLORES+ dev for Czech–Vietnamese, Czech–
Ukrainian, and English–Czech; on WMT23 for
English–Czech; and on an EdUKate development
set for Czech–Ukrainian. We report corpus BLEU
(Papineni et al., 2002), chrF2 (Popović, 2015), and
direct assessment by Gemma-4-31B. WMT25 is
excluded because it contributes examples to the
Stage-3 pools.

We report corpus BLEU, chrF2, and reference-
free direct assessment (DA) by the quantized
Gemma-4-31B. The evaluator receives source, hy-
pothesis, language pair, and optional context and
produces an integer 0–100 segment score; tables
report the mean. FLORES+ dev contains 997 ex-
amples per direction, WMT23 contains 2,074, and
EdUKate dev contains 3,770.

Tables 5 to 8 group the systems into base-
lines, submitted checkpoints, and later preference-
optimization checkpoints. Czech–German and
Czech–Vietnamese runs ended after iteration 6,
and the EdUKate runs ended after iteration 1; con-
sequently, iteration 10 exists only for the MH-v3
Czech–Ukrainian and English–Czech runs.

The submitted MH-v3 system performs closest to
the strongest listed baseline on Czech–Vietnamese:
its BLEU is close to Gemma-4-E4B with DSPy,
while its DA score is higher. On the three transla-
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FLORES+ dev

System BLEU chrF2 DA

Baselines
WMT25 CUNI-MH-v2 27.92 58.37 93.78
Gemma-4-E2B, direct 9.32 46.17 62.13
Gemma-4-E2B, DSPy 24.94 54.72 83.87
Gemma-4-E4B, direct 22.32 55.77 88.60
Gemma-4-E4B, DSPy 27.72 57.10 90.75

Training progression
Qwen3-14B, base 24.94 55.56 91.21
CUNI-MH-v3, Stage 1 26.98 56.64 92.89
CUNI-MH-v3, Stage 2 26.68 56.49 93.70
Granite-4.1-8B, base 23.70 55.34 87.84
CUNI-EdUKate, Stage 1 26.77 56.62 90.52
CUNI-EdUKate, Stage 2 26.25 56.16 89.78

Submitted checkpoints
CUNI-MH-v3, it. 1 26.74 56.55 93.68
CUNI-EdUKate, it. 1 26.34 56.41 90.55

Table 5: Czech–German development results. No
iteration-10 checkpoint was produced; the MH-v3 run
ended at iteration 6 and the EdUKate run at iteration 1.

tion directions shared with WMT25, however, the
previous systems remain stronger. The gap is largest
for English–Czech and on the EdUKate develop-
ment set. The iteration-10 checkpoints do not seem
to improve over the early submitted checkpoints on
Czech–Ukrainian or English–Czech. On Czech–
Vietnamese, later iterations seem to trade lower
BLEU for a higher Gemma DA score.

Overall, we hypothesize that the underwhelm-
ing performance on the English–Czech and Czech–
Ukrainian language pairs may be at least partly to
our tuning of the training hyperparameters being
overly focused on Czech–Vietnamese, particularly
with respect to the relatively short stage 1 and stage
2 training. Unfortunately, by the time we identified
this issue, there was insufficient time to rerun the
experiments before the WMT26 submission dead-
line. One possible explanation is that differences
between the language pairs, including differences in
morphological complexity, may affect the amount
of training required. We leave verification of this
hypothesis to future experiments.

Manual experiments with the final checkpoints
before submission suggested that the model is sensi-
tive to changes in the provided instructions and that
these instructions could, in some cases, degrade
translation quality. We therefore chose to disable
the context field for our final submissions by ig-
noring the instruction field in the WMT26 evalua-
tion set. However, because WMT25 data had been
used during training and we did not have another

authentic development set containing comparable
instructions, we were unable to quantify the effect
reliably before submission. Consequently, this de-
cision was based on qualitative observations rather
than a systematic evaluation.

5 Inference and Tools

We use Transformers (Wolf et al., 2020) for model
loading, PEFT (Mangrulkar et al., 2022) for LoRA
adapters, TRL (von Werra et al., 2020) for su-
pervised and preference trainers, bitsandbytes for
quantized loading and optimization, and vLLM
(Kwon et al., 2023) for all model inference. We
DSPy (Khattab et al., 2022, 2024) for the direct-
assessment tool. Preliminary QLoRA hyperparam-
eter experiments use Optuna (Akiba et al., 2019)
with a seeded multivariate TPE sampler.

For submission inference, we serve each selected
adapter through vLLM with model thinking dis-
abled and greedy decoding. Source text is divided
into chunks of at most 128 Qwen tokenizer tokens.
Longer inputs are split hierarchically at paragraph,
newline, sentence, and finally whitespace or token
boundaries; the recorded separators are restored af-
ter translation. The outputs are then reinserted into
the shared-task JSONL structure.

6 Model Weights and Training Data

We publish the weights of the CUNI-MH-v3 model
on HuggingFace as separate LoRA adapters per
bidirectional language pair: en-cs3 cs-vi4 cs-uk5

cs-de.6

The training data for CUNI-MH-v3 SFT stages
will also be published.7

7 Limitations

The Gemma-based DA results scores be interpreted
cautiously because variants of the same model fam-
ily were also used for synthetic-data generation, fil-
tering, preference-pair construction, and candidate
generation.

3https://huggingface.co/hrabalm/
CUNI-MH-v3-encs

4https://huggingface.co/hrabalm/
CUNI-MH-v3-csvi

5https://huggingface.co/hrabalm/
CUNI-MH-v3-csuk

6https://huggingface.co/hrabalm/
CUNI-MH-v3-csde

7https://huggingface.co/datasets/hrabalm/
wmt26-train

https://huggingface.co/hrabalm/CUNI-MH-v3-encs
https://huggingface.co/hrabalm/CUNI-MH-v3-encs
https://huggingface.co/hrabalm/CUNI-MH-v3-csvi
https://huggingface.co/hrabalm/CUNI-MH-v3-csvi
https://huggingface.co/hrabalm/CUNI-MH-v3-csuk
https://huggingface.co/hrabalm/CUNI-MH-v3-csuk
https://huggingface.co/hrabalm/CUNI-MH-v3-csde
https://huggingface.co/hrabalm/CUNI-MH-v3-csde
https://huggingface.co/datasets/hrabalm/wmt26-train
https://huggingface.co/datasets/hrabalm/wmt26-train
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FLORES+ dev EdUKate dev

System BLEU chrF2 DA BLEU chrF2 DA

Baselines
WMT25 CUNI-EdUKate 23.51 53.08 96.39 37.98 63.70 89.58
Gemma-4-E2B, direct 9.43 42.46 67.37 7.90 40.97 58.25
Gemma-4-E2B, DSPy 14.27 39.53 69.91 21.65 41.55 60.83
Gemma-4-E4B, direct 21.24 51.26 91.65 30.95 58.72 81.76
Gemma-4-E4B, DSPy 22.05 51.57 92.23 33.36 59.01 80.33

Training progression
Qwen3-14B, base 18.49 48.51 87.96 31.57 57.58 81.90
CUNI-MH-v3, Stage 1 20.10 50.33 91.77 34.79 60.92 86.49
CUNI-MH-v3, Stage 2 20.14 50.23 91.95 34.15 60.37 86.59
Granite-4.1-8B, base 15.80 46.52 79.57 11.92 45.92 67.88
CUNI-EdUKate, Stage 1 19.48 49.92 90.70 32.33 58.77 82.50
CUNI-EdUKate, Stage 2 19.38 49.73 88.99 31.21 57.85 82.36

Submitted checkpoints
CUNI-MH-v3, it. 2 20.11 50.07 92.06 33.88 60.12 86.51
CUNI-EdUKate, it. 1 19.72 49.96 89.45 31.07 58.03 82.89

Iteration 10
CUNI-MH-v3, it. 10 19.89 49.95 91.60 33.88 59.91 86.07

Table 6: Czech–Ukrainian development results.

FLORES+ dev

System BLEU chrF2 DA

Baselines
Gemma-4-E2B, direct 21.68 49.27 79.11
Gemma-4-E2B, DSPy 18.38 34.60 52.08
Gemma-4-E4B, direct 31.83 52.93 92.37
Gemma-4-E4B, DSPy 33.41 53.41 92.85

Training progression
Qwen3-14B, base 29.77 51.80 93.59
CUNI-MH-v3, Stage 1 31.44 52.82 94.85
CUNI-MH-v3, Stage 2 31.80 52.87 94.51

Submitted checkpoint
CUNI-MH-v3, it. 1 31.69 53.03 94.85

Last available PO checkpoint
CUNI-MH-v3, it. 6 30.99 53.31 95.66

Table 7: Czech–Vietnamese development results. We
ended the run at iteration 6, so no iteration-10 checkpoint
exists.

8 Conclusion

We described two CUNI submissions submitted
to the WMT26 General MT shared task. Both
use a large synthetic sentence-level SFT stage, a
smaller SFT stage on mixture of sentence-level,
paragraph-level, and augmented data, targeting ter-
minology translation, Followed by iterative pref-
erence optimization of QLoRA adapters. CUNI-
MH-v3 uses Qwen3-14B for four directions, while
CUNI-EdUKate uses Granite-4.1-8B and addi-
tional EdUKate data for Czech–German and Czech–
Ukrainian. For the selected checkpoints we evalu-
ated internally, preference optimization changed the
metric trade-off but did not consistently improve
every automatic metric.
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FLORES+ dev WMT23

System BLEU chrF2 DA BLEU chrF2 DA

Baselines
WMT25 CUNI-MH-v2 33.19 61.07 93.45 33.51 60.58 87.78
Gemma-4-E2B, direct 9.53 44.70 51.93 6.88 39.14 39.78
Gemma-4-E2B, DSPy 22.93 51.25 67.92 25.31 51.39 65.99
Gemma-4-E4B, direct 26.41 55.03 81.70 27.24 55.65 78.39
Gemma-4-E4B, DSPy 27.16 55.07 82.23 30.13 56.09 78.85

Training progression
Qwen3-14B, base 25.16 53.44 81.57 27.85 54.17 77.87
CUNI-MH-v3, Stage 1 27.95 55.66 86.64 31.41 56.94 84.03
CUNI-MH-v3, Stage 2 27.51 55.44 86.37 31.33 57.03 83.42

Submitted checkpoint
CUNI-MH-v3, it. 2 27.47 55.24 86.53 31.12 56.83 83.58

Iteration 10
CUNI-MH-v3, it. 10 26.67 54.56 86.33 30.71 56.18 83.48

Table 8: English–Czech development results.
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We used OpenAI GPT models as code assistants
during the development of the experiment code and
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A Training Prompt

The user portion of the common training prompt is:

### I n s t r u c t i o n
T r a n s l a t e I n p u t from { s o u r c e

l anguage } t o { t a r g e t l anguage }
### Con t ex t
{ c o n t e x t }
### I n p u t
{ s o u r c e }
### Response

The reference translation is supplied as the assis-
tant response.
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