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Abstract

We propose a method to improve machine
translation (MT) quality by ensembling mul-
tiple large language models (LLMs) within a
multi-agent framework. The method addresses
the problem of ensembling models with dif-
ferent tokenizations by abstracting away from
token-level representations and operating at the
level of generated text. The approach inte-
grates several established concepts in MT, in-
cluding ensembling, quality estimation, and
reranking, into a single translation system. The
log-likelihood reranking applied in this paper
significantly improves results, even without en-
sembling. Experimental results show that the
total improvements of the method are compara-
ble to those of COMET-MBR.

1 Introduction

Previous approaches to WMT workshops have fo-
cused mainly on training the best possible models.
Teams at leading laboratories are building increas-
ingly effective machine translation (MT) solutions,
and it is difficult to develop something superior. In
the approach presented here, we took a different
strategy. Rather than building a competitive model,
we decided to leverage and combine the power of
the best models currently available to the public.

We propose the Relay-MT algorithm described
in Section 3 that allows for the ensembling of
LLMs from different research teams, regardless of
their tokenization and architecture. The presented
method differs from other approaches in that it does
not attempt to reconcile and align tokens across dif-
ferent models, which is a challenging task. Instead,
we exchange information between models by pass-
ing generated hypotheses purely at the text level.

We compared the results of the presented algo-
rithm against standard Minimum Bayes Risk decod-
ing (Kumar and Byrne, 2004) with chrF (Popović,
2015) and COMET (Rei et al., 2020) as metrics.

2 Related work

In this section, we briefly describe related work on
selected techniques frequently used in MT, which,
when combined, form the algorithm presented in
this paper.

2.1 Ensembling

Ensembling is a common technique that combines
predictions from multiple models. In MT, ensem-
bles generate text using several models in parallel.
During decoding, each model in the ensemble cal-
culates its own probabilities for the next tokens,
which are then combined using experimentally cho-
sen weights. At each step, the token with the high-
est weighted average probability across the mod-
els is selected. By coordinating multiple models,
low-probability tokens that might be mistakenly
selected due to a single model’s error are filtered
out.

The rapid development and availability of high-
quality LLMs have recently led to significant im-
provements in translation quality, making the ap-
plication of ensemble methods a natural next step.
However, traditional ensemble methods in MT face
important limitations in the era of LLMs. The most
significant limitation is the varying tokenization of
LLMs. This means models operate on different
tokens, making it challenging to compute average
probabilities when tokens from different models
appear in different positions within the text.

Several recent studies have explored various ap-
proaches to tackle this problem. For example, Ka-
sai et al. (2022) and Wicks et al. (2025) address the
issue of different tokenizations by proposing meth-
ods for mapping tokens between models through
the analysis of dependencies between their text
representations. The models align tokens with sim-
ilar textual representations whenever possible, and
probabilities are then recalculated to prepare better
translations based on agreed common predictions.
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Figure 1: Translation process of French « Alice a posé un lapin à son rendez-vous. » (idiomatic “Alice didn’t show
up for her date.”) to English with two LLMs. Detection of possible errors → translation from error position with
another LLM. Values in parentheses are logprobs of tokens.

Xu et al. (2024) propose a mathematically ad-
vanced method that embeds tokens from different
vocabularies into one shared space. Tokens are
then combined and compared within this common
representation.

These approaches still use a classic token-by-
token hypothesis generation approach, offering
methods for unifying tokens across multiple mod-
els.

2.2 Reranking

Reranking is a method that improves translation
quality by using models other than the generating
model to evaluate it. The role of one model is to
generate multiple translation hypotheses, which are
evaluated by other models. Thanks to verification
across multiple models, we can select a better trans-
lation than a single model would produce. This
method is used, for example, by the xTower model
(Treviso et al., 2024) or the Chimera version of
Hunyuan-MT (Zheng et al., 2025b).

The concepts presented here are inspired by
Junczys-Dowmunt (2019), who presented a method
that uses cross-entropy of sentence pairs to effec-
tively distinguish correct translations from incor-
rect ones. This approach enables the detection of
translation errors using token-level probability val-
ues produced by translation models. The results
of that work also suggest that high sentence-level
cross-entropy is driven by high cross-entropy at
the individual token level, a hypothesis that served
as one of the foundations for the error detection
mechanism in the Relay-MT algorithm proposed
in this paper.

While analyzing generated translations, we ob-
served that low token probabilities consistently cor-
relate with translation errors. This is expected be-
havior. It is unlikely that two different models

would assign high probability to the same incorrect
token.

A necessary part of the reranking is develop-
ing a method for quickly generating a large num-
ber of hypotheses for subsequent evaluation. The
primary method for generating multiple hypothe-
ses is beam search, in which we simultaneously
generate several highly probable translations. How-
ever, this method generates very similar hypotheses
and overlooks many potentially better candidates.
To increase the diversity of beam search, the Di-
verse Beam Search modification was developed
(Vijayakumar et al., 2018).

Another popular method for generating multiple
hypotheses is sampling, where, during text genera-
tion, we do not select the most probable token but
instead allow for random selection from among
the less probable ones. This method is simple
and effective, but sometimes produces incorrect
results. The best of sampled hypotheses can then
be selected using Minimum Bayes-Risk Decoding
(Kumar and Byrne, 2004).

Recent work has also focused on generat-
ing more diverse and higher-quality hypotheses.
Vernikos and Popescu-Belis (2024) proposed cut-
ting the set of generated hypotheses into parts (QE-
Fusion) and stitching well-translated fragments to-
gether into new sentences. This method divides the
translation into spans, as in Relay-MT, but operates
on hypotheses from a single model.

Dobrowolski et al. (2025) proposed A* decod-
ing, a method for fast generation of many diverse
hypotheses by replacing most probable tokens with
other, relatively likely ones, which yields a richer
set of hypotheses than beam search or sampling.
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Algorithm 1 Iterative multi-agent ensemble of models with different tokenizers
1: Initialize the base translation y
2: Select the initial leading model M
3: repeat
4: Generate new hypothesis y′ using model M from selected position in y
5: Compute token probabilities in y′ using other models
6: Find a new start position t = argmint p(y′t)
7: Select another leading model M with the lowest score for token y′t
8: Update the base translation y ← y′

9: until no improvement in quality (evaluation function does not increase)
10: return y

3 Relay-MT algorithm

Unlike regular approaches to ensembling in transla-
tion, this paper introduces a multi-agent approach.
Here, model cooperation does not involve reconcil-
ing tokens generated at each step, but rather trans-
ferring the role of the primary generator among
different models during translation. Generated hy-
potheses are passed between models as texts. With
this agent-based approach, each model operates
on its own tokens. This way, we avoid the prob-
lem of differing tokenization, which was a major
issue when integrating models through classical
ensembling.

Each LLM in the ensemble generates its own
translation. The LLMs in the ensemble evaluate
each other’s translations by checking the probabil-
ities of tokens of the generated text. A low token
probability indicates a likely error. In the place of
the least probable token, the evaluating LLM takes
over the role of the hypothesis generator, and the
previous generator becomes the evaluator. In this
way, a new translation is created, with its prefix
generated by one LLM and its suffix by another.
For this new translation, we repeat the process of
searching for low-probability tokens and switching
the role of the translation model. After several such
role switches (relays), we obtain a new hypothesis
created by combining several fragments generated
by different LLMs and free of most likely errors.

By applying the algorithm multiple times, we
can obtain any number of alternative, high-quality
hypotheses. These hypotheses are more diverse
than those obtained from sampling a single model;
at the same time, all text fragments are generated
not randomly, like in sampling, but by a set of
translation LLMs, ensuring high quality. The full
version of the proposed generation pseudocode is
shown in Algorithm 1.

4 Log-likelihood Reranking

Changes to the translation during the process cor-
rect some errors but may introduce new ones. To
minimize the likelihood of errors in the final transla-
tion, we rerank the generated hypotheses at the end
of the algorithm, selecting the best of all generated
hypotheses.

The choice of the reranking method is indepen-
dent of the Relay-MT method itself. Any reranking
method can be used. The method described here is
based on the conditional probability of a generated
translation; therefore, it fits perfectly to Relay-MT
as all necessary probabilities have already been
calculated during mutual evaluation of translations
between ensemble models and does not require any
additional LLM computations.

All generated hypotheses are reranked within the
ensemble by calculating the weighted average nor-
malized log-probability of the generated sentences.

Qens(h|s) =
∑︂
i

λi
1

|h|
logPi(h|s) (1)

where Pi(h|s) represents the conditional probabil-
ity assigned to hypothesis h by the i-th model of
the ensemble, and λi controls its contribution to
the final score. The highest-scoring hypothesis is
selected as the final translation.

To select the optimal λi coefficients we applied a
simple grid-search to select a set of coefficients that
would provide the best translations of the blindset
according to Qwmt function described in Section
5.2 although any specific quality assessment (QE)
method can be applied here.

5 WMT26 submission

In this section, we present the implementation de-
tails used to prepare translations for WMT26.
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5.1 Single Step of Relay-MT

At the start of the algorithm, we translate the entire
blindset using all models in the ensemble. This
way, we produce basic, default translations of the
blindset by all LLMs of the ensemble. Then, for
each hypothesis, we run scorings using other mod-
els in the ensemble to identify the least probable
tokens and the alternatives proposed by the evaluat-
ing models at these locations. The position where
the difference between the alternative and original
token is greatest is a potential place where we can
improve the translation the most.

For each source text and each evaluating model,
we select the hypothesis with the greatest difference
between the alternative and original token proba-
bilities. We prepare the prefix of this translation up
to the position of a detected low-probability token,
replacing it with its alternative. In the next step of
the algorithm, we perform translation of the source
text using the evaluating model, starting from the
replacement position using the constructed prefix.
Prefixes already translated are omitted.

The above steps are repeated several times to
generate a set of hypotheses, which are finally
reranked to select the best hypothesis. One iter-
ation of the algorithm takes one step of translation
and several steps of scoring for each model of the
ensemble.

In its current form, Relay-MT is relatively com-
putationally expensive. 10 iterations of the algo-
rithm for 5,000 paragraphs involving three ~30B
models take approximately 2,000 seconds on two
NVIDIA RTX PRO 6000 Blackwell Max-Q GPUs.
Comparable in quality (see Table 1) generation of
20 hypotheses by sampling, followed by COMET-
MBR reranking, takes approximately 800 seconds,
making Relay-MT roughly 2.5 times slower. On
three NVIDIA A100-PCI-40GB GPUs, the corre-
sponding execution times are approximately 5,000
and 2,400 seconds, respectively, making Relay-MT
about twice slower.

5.2 WMT2024/25 tuned QE

The quality of translations in recent years has
reached such a high level that even the Best-QE
metrics, such as COMETKiwi, xCOMET, and Met-
ricX, are no longer sufficient to compare hypothe-
ses at this level. We have therefore introduced a
more sophisticated QE function based on a similar
linear combination of log-probabilities as Equa-
tion 1.

As Pi functions of the equation, we used log-
probabilities calculated by various models: forward
and backward translations, monolingual models
and QE models. To make the function as close as
possible to human ratings, we adjusted λi coeffi-
cients on the basis of the human evaluations from
the results of WMT24 (Kocmi et al., 2024) and
WMT25 (Kocmi et al., 2025b). We treated the hu-
man evaluations as ground truth and adjusted the
weights so that the best-ranked hypotheses would
give maximum average human rating. Finally, we
selected the most relevant models, rounded the
weights, and derived the following function:

Qwmt(h|s) = 2PHY 15(h|s) + 2PHY 30(h|s)
+PQwen(h|s) + 0.25PTower(h|s)
+0.25PEuro(h|s)− 0.1PMetricX(h|s)

(2)
The formula above contains normalized log-

probabilities of forward translations by the follow-
ing models:

• PHY 15 - HY-MT1.5-7B
• PHY 30 - Hy-MT2-30B-A3E
• PQwen - Qwen3.5-122B-A10E
• PTower - Tower-Plus-9B1

• PEuro - EuroLLM-22B1

• PMetricX - value of MetricX-24

5.3 Document Segmentation

The source documents were divided into para-
graphs, and each paragraph was translated sepa-
rately. This division may have resulted in a loss
of coherence in longer texts. However, translating
very long texts, over 1000 tokens, was extremely
time-consuming. Additionally, due to its nature,
the Relay-MT algorithm makes only a few changes
(equal to the number of iterations) to a given text,
which would not significantly affect the long text
output. After all paragraphs of a single document
had been translated, the translations were recom-
bined back into a single output document.

5.4 Model Selection

To build ensembles, we used the following transla-
tion models:

• Marco-MT-Algharb (Wang et al., 2025)
• EuroLLM-22B-Instruct (Martins et al., 2024)
• command-a-translate (Kocmi et al., 2025a)
• Hunyuan-MT-7B (Zheng et al., 2025b)
• HY-MT1.5-7B (Zheng et al., 2025a)

1Only for directions supported by the model

https://huggingface.co/ATH-MaaS/Marco-MT-Algharb
https://huggingface.co/utter-project/EuroLLM-22B-Instruct-2512
https://huggingface.co/CohereLabs/command-a-translate-08-2025
https://huggingface.co/tencent/Hunyuan-MT-7B
https://huggingface.co/tencent/HY-MT1.5-7B
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• Hy-MT2-30B-A3B (Zheng et al., 2026)
• Hy-MT2-7B (Zheng et al., 2026)
• MiLMMT-46-12B (Shang et al., 2026)
• Qwen3.5-27B (Yang et al., 2025)
• Qwen3.5-122B-A10B (Yang et al., 2025)
• Qwen3.6-27B (Yang et al., 2025)
• Seed-X-PPO-7B (Cheng et al., 2025)
• Tower-Plus-9B (Rei et al., 2025)
• translategemma-27b (Finkelstein et al., 2026)
To find the best ensembles, we ranked the above

models based on translation quality for a selected
direction. We built ensembles consisting of 2–4
best models each and ran the Relay-MT algorithm
for 5 steps to determine which ensembles produce
the best results. We used the Qwmt score to com-
pare the quality between ensembles and selected
the 4 best ensembles for each direction.

We ran 10 steps of the Relay-MT algorithm with
these best ensembles, obtaining several dozens (Ex-
actly: 10 times the number of models) hypotheses
for each source paragraph. All of these hypothe-
ses were reranked within an ensemble using Qens

function, and the best hypothesis obtained in this
way became the final translation proposal for the
ensemble.

5.5 Final Error Correction
Despite the reranking function, some hypotheses
contain errors, despite verification by the reranking
function Qens. For example, translations that con-
sist of many repetitions or are truncated in the mid-
dle elude the Qens verification, which yield good
scores despite being incorrect. To eliminate such
errors, we selected the hypotheses generated by the
two best ensembles (not one-by-one) and compared
them sentence-by-sentence using raw MetricX-24.
The sentence from each pair that scored higher was
selected as the final hypothesis and reported in the
final result submitted to WMT26.

6 Results Achieved

A summary of the results for the proposed algo-
rithm is presented in Table 1. The table contains
average QE scores for the WMT26 blindset, cal-
culated at the paragraph level and averaged across
13 main translation directions. Rows present eval-
uations of raw outputs of the 6 models used in
ensembles, followed by the results of our experi-
ments:

• Rows labeled with (MBR) – show results of
MBR applied to 20 hypotheses sampled by a

Model COMETKiwi MetricX xCOMET ReMedy

HY-MT1.5-7B 66.3 -3.74 75.1 55.2
MiLMMT-46-12B 64.0 -4.55 71.2 49.4
Qwen3.5-27B 64.0 -4.43 68.7 48.8
Seed-X-PPO-7B 63.2 -4.70 69.3 43.8
command-a-translate 64.1 -4.71 69.9 44.4
translategemma-27b-it 67.0 -3.68 73.6 52.7

HY-MT1.5-7B (COMET-MBR) 66.9 -3.58 76.2 61.3
translategemma-27b (COMET-MBR) 67.6 -3.51 74.9 61.4
MultiLLM (chrF-MBR) 67.1 -3.65 76.0 62.9
MultiLLM (COMET-MBR) 68.3 -3.36 76.9 65.3

Log-likelihood reranking 67.1 -3.60 76.4 59.9
Best Relay-MT ensemble 67.3 -3.56 76.9 60.1
Our Submission 67.4 -3.47 77.1 62.5
Best-QE Ensemble 67.7 -3.28 77.3 65.7

Table 1: Summary of results of translations by single LLMs
and MBR compared to the presented solution. Bold indicates
the best result.

model with temperature=0.7

• MultiLLM-MBR – show results of MBR ap-
plied to 3x20 hypotheses sampled by three
models: HY-MT1.5-7B, Hy-MT2-30B-A3B,
translategemma-27b-it

• Log-likelihood reranking – shows QE values
just after the first step of the Relay-MT algo-
rithm, where basic translations are generated
by all LLMs in an ensemble and reranked with
the Qens function, before any error detection
or relay of the translator role.

• Best Relay-MT ensemble – shows QE values
for the best ensemble after 10 steps of the
Relay-MT algorithm.

• Our submission – shows QE values after the
Final Error Correction stage described in the
Section 5.5.

• Best-QE Ensemble – shows results of Relay-
MT for an ensemble with highest QE values.

As an official submission for WMT26 we pro-
vided the outcome of the ensemble not with the
highest QE values but the ensemble best evaluated
by Equation 2 which shows the best correlation to
human evaluations (see section 5.2). Results of the
best ensemble by QE presented in the last row of
Table 2 shows that potential of Relay-MT in quality
gains is comparable to COMET-MBR.

In Appendix A, we present detailed results for
13 translation directions separately.

7 Comparison to other participants

After receiving the results of all WMT26 partici-
pants from the organizers (Kocmi et al., 2026), we

https://huggingface.co/tencent/Hy-MT2-30B-A3B
https://huggingface.co/tencent/Hy-MT2-7B
https://huggingface.co/xiaomi-research/MiLMMT-46-12B-v0.1
https://huggingface.co/Qwen/Qwen3.5-27B
https://huggingface.co/Qwen/Qwen3.5-122B-A10B
https://huggingface.co/Qwen/Qwen3.6-27B
https://huggingface.co/ByteDance-Seed/Seed-X-PPO-7B
https://huggingface.co/Unbabel/Tower-Plus-9B
https://huggingface.co/google/translategemma-27b-it
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System COMET MetricX
ref

xCOMET
ref BLEU chrF COMET

Kiwi
MetricX

QE
xCOMET

QE

Cohere_CAT+ 0.8560 -6.9803 0.4935 27.2632 52.5191 0.5634 -6.8362 0.4221
UvA-MT 0.8510 -7.0541 0.4923 29.8434 55.0302 0.5685 -7.0185 0.4204
GPT_5.5 0.8508 -7.0829 0.5022 33.0217 56.9261 0.5696 -7.0971 0.4277
Wayfinder 0.8493 -7.0965 0.4964 29.6887 54.6077 0.5694 -6.9987 0.4258
TRIVE 0.8486 -7.2550 0.4932 30.7461 55.6318 0.5715 -7.0988 0.4265
Lumen 0.8484 -7.2001 0.4911 29.4306 54.1936 0.5673 -7.0793 0.4229
SRPOL (Relay-MT) 0.8477 -6.6062 0.5052 23.2542 49.0736 0.5920 -6.1205 0.4754
PseudoRef 0.8467 -6.6534 0.4912 27.5946 51.9028 0.5812 -6.2934 0.4458
translategemma-27b-it 0.8464 -7.0806 0.4759 23.1837 48.8621 0.5489 -7.1448 0.4121
HY-MT2-30B-A3B 0.8457 -7.0036 0.4930 22.9874 48.8809 0.5577 -7.0567 0.4357
Dubformer 0.8452 -7.6040 0.4827 29.1753 53.4750 0.5459 -7.5608 0.3986
MakotoAI 0.8410 -7.3645 0.4868 31.6025 55.3568 0.5673 -7.2347 0.4226
Gemini_3.1_Pro 0.8395 -7.6197 0.4847 29.6024 54.5405 0.5667 -7.3854 0.4178
Qingqiu-MT-9B 0.8382 -7.9929 0.4673 28.1590 52.9669 0.5650 -7.4075 0.4185
Command_A+_with-reasoning 0.8370 -7.7773 0.4663 24.8461 49.4592 0.5731 -7.0368 0.4353
GoogleTranslate 0.8343 -7.5129 0.4692 26.3086 50.4684 0.5636 -7.0424 0.4284
DeepSeek_V4_Pro_with-reasoning 0.8337 -7.7927 0.4742 29.1931 53.2355 0.5636 -7.3917 0.4218
MiLMMT-46-12B-v0.1 0.8306 -7.6702 0.4622 25.8864 49.7478 0.5408 -7.5615 0.4144
Qwen3.5-122B-A10B 0.8301 -7.8322 0.4600 24.1266 49.3609 0.5386 -7.7500 0.4032
Gemma_4_-_31B 0.8289 -8.5620 0.4566 26.6612 51.9729 0.5635 -7.6465 0.4153
GPT_OSS_120B 0.8177 -8.6426 0.4315 22.6254 47.0239 0.5501 -7.7614 0.4068
Mistral_Medium_3.5 0.8132 -8.7172 0.4346 24.4158 48.2901 0.5500 -7.8714 0.4014

Table 2: Results of the top evaluated multilingual systems submitted to WMT26 and raw outputs of LLMs. The
SRPOL row reports the results of our Relay-MT solution. Cell colors represent relative performance within each
metric column, ranging from light red (lowest value) to light green (highest value).

were able to perform an additional analysis and
compare our system with those submitted by other
teams.

The comparison is presented in Table 2. The
columns report automatic scores according to dif-
ferent evaluation metrics, averaged over several
translation directions (the same directions as re-
ported in Appendix A). The table includes also
results of translations by 4 LLMs not provided
by organizers (translategemma-27b-it, HY-MT2-
30B-A3B, Qwen3.5-122B-A10B, MiLMMT-46-
12B-v0.1). These 4 models were base models of
most our ensembles.

The SRPOL system (Relay-MT described in this
paper) achieved the best results in 5 out of the 8
automatic evaluation metrics (MetricX, xCOMET,
COMETKiwi, MetricX-QE, and xCOMET-QE).
However, its BLEU/chrF scores are among lowest
compared to those of other teams.

Our preliminary analysis suggests that these
low scores are likely a consequence of the low
BLEU/chrF performance of the base models on
which we built the ensembles. These models
achieve high QE scores, which are further im-
proved by Relay-MT. However, the algorithm can-
not compensate for the low baseline BLEU/chrF
scores. Such low BLEU/chrF scores may nega-
tively impact the final human evaluation. The rea-

son for this discrepancy is not yet known and re-
quires further investigation.

8 Conclusion and Future Work

In this paper, we described the practical applica-
tion of the Relay-MT algorithm for ensembling of
translation models of different tokenization. The
newly developed Relay-MT algorithm has demon-
strated its effectiveness in producing high-quality
translations. Results after 10 steps of the Relay-
MT algorithm are comparable or better than the
application of the standard Minimum Bayes Risk
with COMET for 20 sampled hypotheses. The final
results show exceptionally large gains according to
the QE metrics, in stark contrast to low BLEU/chrF
scores. This discrepancy requires further investiga-
tion. An unexpected finding of our research is the
strong performance of the log-likelihood rerank-
ing method described in Section 4, which signif-
icantly improves translation results after only a
single translation without the Relay-MT algorithm.

The proposed method provides full control over
the generated translations, making it suitable for
practical applications. Concepts of the Relay-MT
algorithm, such as ensembling multiple models,
log-likelihood reranking, and error detection based
on low token probabilities, could serve as a basis
for further research to improve translation quality.



1248

Limitations

We presented only the basic concept and the first
results of the Relay-MT algorithm. The presented
algorithm does not always find the optimal transla-
tion. In the current approach, only the most recently
generated translation is considered in subsequent
hypothesis search steps. This algorithm could be
extended by searching among a larger set of top
hypotheses or even among previously rejected ones.
The paper does not discuss the theoretical or numer-
ical advantages of the algorithm, as research on it is
still in its early phase. We have also not compared
the presented method to other SOTA solutions for
ensembling differently tokenized LLMs mentioned
in Section 2.

After the official WMT26 submission deadline,
we identified integrating Quality Estimation (QE)
scores into the hypothesis reranking stage as a
promising extension. This modification was not
part of the submitted system, and its systematic
evaluation is left for future work.
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Ondřej Bojar, Anton Dvorkovich, Christian Feder-
mann, Mark Fishel, Markus Freitag, Thamme Gowda,
Roman Grundkiewicz, Barry Haddow, Marzena
Karpinska, Philipp Koehn, Benjamin Marie, Christof
Monz, Kenton Murray, Masaaki Nagata, Martin
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A Results of experiments for 13 target
languages

Below tables present QE scores of the WMT26
blindset translations for 13 main directions by dif-
ferent LLMs. MBR rows show results of sampling
of 20 hypotheses with temperature=0.7 reranked
with COMET-MBR or chrF-MBR.

Last four rows in each table show:

• Results of the log-likelihood reranking de-
scribed in this paper.

• Results after 10 iterations of Relay-MT algo-
rithm.

• Final submission after error correction.
• Results of Relay-MT for an ensemble with

highest QE values (not submitted to WMT26).

Columns present referenceless scores for the fol-
lowing models:

• COMETKiwi-XL (Rei et al., 2023)
• MetricX-24-XL (Juraska et al., 2024)
• xCOMET-XL (Guerreiro et al., 2024)
• ReMedy-2B (Tan and Monz, 2025)

Values of MetricX-24 are negated, other QEs are
multiplied by 100. Best results are presented in
bold.

Table 3: Czech/English→ German

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 65.2 -2.35 84.1 63.0
HY-MT1.5-7B 66.1 -1.91 85.2 75.0
MiLMMT-46-12B 66.1 -2.13 85.3 68.7
Qwen3.5-27B 61.8 -2.28 76.6 60.3
Seed-X-PPO-7B 66.0 -2.15 84.8 61.9
Tower-Plus-9B 64.8 -2.29 84.2 65.6
command-a-translate 66.3 -2.08 85.3 68.0
translategemma-27b 66.6 -1.84 84.9 73.9
HY-MT1.5-7B (COMET-MBR) 66.7 -1.84 85.7 79.7
HY-MT2-30B-A3B (COMET-MBR) 66.8 -1.84 86.1 78.6
translategemma-27b (COMET-MBR) 66.9 -1.80 85.4 80.3
MultiLLM (chrF-MBR) 66.9 -1.83 86.2 81.2
MultiLLM (COMET-MBR) 67.4 -1.75 86.4 81.6

Reranking 66.8 -1.86 86.0 80.7
Relay-MT 66.9 -1.84 86.3 75.9
Our Submission 67.0 -1.79 86.4 78.2
Best-QE Ensemble 67.4 -1.72 86.4 83.7

Table 4: English→ Czech

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 66.7 -4.66 78.4 45.7
HY-MT1.5-7B 69.4 -3.83 82.0 62.2
MiLMMT-46-12B 69.0 -4.13 81.1 53.1
Qwen3.5-27B 64.8 -4.62 73.4 48.8
Seed-X-PPO-7B 68.1 -4.41 80.1 44.6
Tower-Plus-9B 67.4 -4.48 79.1 49.3
command-a-translate 69.3 -3.99 81.8 54.3
translategemma-27b 70.7 -3.53 82.7 65.3
HY-MT1.5-7B (COMET-MBR) 70.7 -3.63 81.5 72.2
HY-MT2-30B-A3B (COMET-MBR) 70.3 -3.67 83.3 64.9
translategemma-27b (COMET-MBR) 71.3 -3.36 83.6 69.8
MultiLLM (chrF-MBR) 70.4 -3.67 83.2 65.4
MultiLLM (COMET-MBR) 70.9 -3.66 81.2 78.1

Reranking 70.1 -3.72 83.0 64.4
Relay-MT 70.5 -3.63 83.5 63.9
Our Submission 70.6 -3.54 83.8 66.2
Best-QE Ensemble 71.4 -3.32 83.7 69.4

Table 5: English→ Estonian

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 67.4 -5.76 80.2 -12.2
HY-MT1.5-7B 69.0 -4.99 83.6 0.6
MiLMMT-46-12B 62.7 -6.46 78.3 6.5
Qwen3.5-27B 60.0 -6.76 60.5 -2.9
Seed-X-PPO-7B 55.9 -8.75 65.3 -17.0
Tower-Plus-9B 37.0 -13.90 46.8 -58.5
command-a-translate 62.2 -7.09 74.7 -5.8
translategemma-27b 70.2 -4.74 82.3 3.5
HY-MT1.5-7B (COMET-MBR) 70.0 -4.67 85.4 6.5
HY-MT2-30B-A3B (COMET-MBR) 70.9 -4.78 85.4 6.6
translategemma-27b (COMET-MBR) 71.4 -4.47 84.4 12.0
MultiLLM (chrF-MBR) 69.9 -4.82 85.2 5.5
MultiLLM (COMET-MBR) 71.5 -4.36 86.9 10.3

Reranking 70.0 -4.86 85.0 4.5
Relay-MT 70.2 -4.74 85.4 2.1
Our Submission 70.4 -4.59 85.7 3.9
Best-QE Ensemble 71.4 -4.42 85.7 10.7

Table 6: English→ Indonesian

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 48.0 -8.71 47.5 7.2
HY-MT1.5-7B 66.9 -3.17 79.0 68.3
MiLMMT-46-12B 65.2 -4.30 72.7 57.4
Qwen3.5-27B 65.7 -4.21 72.2 57.3
Seed-X-PPO-7B 64.0 -4.88 68.9 49.0
Tower-Plus-9B 56.1 -6.61 58.3 28.8
command-a-translate 65.4 -4.37 71.9 53.9
translategemma-27b 67.6 -3.40 76.1 61.5
HY-MT1.5-7B (COMET-MBR) 67.2 -3.07 80.3 77.3
HY-MT2-30B-A3B (COMET-MBR) 68.0 -3.03 81.1 78.3
translategemma-27b (COMET-MBR) 67.8 -3.27 77.1 74.5
MultiLLM (chrF-MBR) 67.5 -3.20 79.1 81.6
MultiLLM (COMET-MBR) 67.9 -2.87 81.3 79.3

Reranking 67.8 -3.08 80.9 67.4
Relay-MT 67.7 -3.07 80.8 67.7
Our Submission 67.9 -3.03 81.2 81.0
Best-QE Ensemble 67.9 -2.74 81.5 84.4

https://huggingface.co/Unbabel/wmt23-cometkiwi-da-xl
https://huggingface.co/google/metricx-24-hybrid-xl-v2p6
https://huggingface.co/Unbabel/XCOMET-XL
https://huggingface.co/ShaomuTan/ReMedy-2B
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Table 7: English→ Icelandic

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 28.5 -17.13 38.3 -82.6
HY-MT1.5-7B 68.3 -5.45 78.4 -34.7
MiLMMT-46-12B 58.0 -9.09 65.4 -25.9
Qwen3.5-27B 64.6 -7.07 72.3 -42.0
Seed-X-PPO-7B 59.1 -6.24 75.2 14.0
Tower-Plus-9B 69.4 -5.12 78.4 -48.2
command-a-translate 61.1 -8.48 67.3 -36.9
translategemma-27b 68.2 -5.21 76.9 -36.9
HY-MT1.5-7B (COMET-MBR) 69.7 -5.00 80.5 -26.8
HY-MT2-30B-A3B (COMET-MBR) 70.4 -4.81 81.5 -24.0
translategemma-27b (COMET-MBR) 70.0 -4.66 80.1 -22.4
MultiLLM (chrF-MBR) 70.0 -5.12 80.3 -26.1
MultiLLM (COMET-MBR) 71.2 -4.40 82.6 -19.9

Reranking 70.1 -4.99 80.3 -26.9
Relay-MT 70.2 -4.85 81.0 -26.7
Our Submission 70.1 -4.65 81.0 -27.8
Best-QE Ensemble 70.5 -4.30 81.8 -20.5

Table 8: Chinese Simplified/English→ Japanese

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 61.0 -6.01 55.9 70.5
HY-MT1.5-7B 63.6 -4.96 63.1 81.6
MiLMMT-46-12B 62.7 -5.37 59.6 77.8
Qwen3.5-27B 63.8 -5.21 59.3 80.2
Seed-X-PPO-7B 61.5 -5.67 56.0 68.7
Tower-Plus-9B 62.4 -5.52 58.9 75.8
command-a-translate 62.8 -5.49 57.4 72.1
translategemma-27b 63.8 -4.80 60.6 81.1
HY-MT1.5-7B (COMET-MBR) 64.0 -4.82 64.7 89.7
HY-MT2-30B-A3B (COMET-MBR) 64.3 -4.78 64.7 88.8
translategemma-27b (COMET-MBR) 64.2 -4.64 61.9 90.6
MultiLLM (chrF-MBR) 64.0 -4.88 64.0 92.1
MultiLLM (COMET-MBR) 64.6 -4.65 65.3 90.9

Reranking 63.9 -4.91 63.9 81.1
Relay-MT 64.4 -4.83 64.6 81.7
Our Submission 64.4 -4.78 65.0 92.3
Best-QE Ensemble 64.3 -4.58 64.5 95.3

Table 9: English→ Korean

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 68.1 -3.95 77.1 36.7
HY-MT1.5-7B 71.2 -3.29 83.0 50.7
MiLMMT-46-12B 70.1 -3.49 80.4 44.2
Qwen3.5-27B 70.1 -3.66 79.4 41.8
Seed-X-PPO-7B 68.7 -3.93 76.8 35.4
Tower-Plus-9B 69.7 -3.71 79.2 42.4
command-a-translate 70.6 -3.60 80.6 44.2
translategemma-27b 70.4 -3.34 81.2 46.8
HY-MT1.5-7B (COMET-MBR) 71.5 -3.22 83.7 55.5
HY-MT2-30B-A3B (COMET-MBR) 71.4 -3.23 83.4 52.4
translategemma-27b (COMET-MBR) 70.7 -3.26 82.2 53.2
MultiLLM (chrF-MBR) 71.1 -3.26 83.1 54.8
MultiLLM (COMET-MBR) 71.9 -3.13 84.3 56.9

Reranking 71.4 -3.22 83.5 55.0
Relay-MT 71.4 -3.24 83.6 56.0
Our Submission 71.6 -3.20 83.7 56.3
Best-QE Ensemble 71.9 -3.02 84.2 57.1

Table 10: English→ Russian

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 67.0 -3.47 79.3 64.7
HY-MT1.5-7B 69.9 -2.14 84.1 81.9
MiLMMT-46-12B 69.3 -2.72 82.4 73.1
Qwen3.5-27B 66.8 -2.75 77.3 74.4
Seed-X-PPO-7B 69.3 -2.86 81.4 58.5
Tower-Plus-9B 68.3 -2.95 80.8 70.1
command-a-translate 69.2 -2.90 81.9 68.9
translategemma-27b 70.9 -2.11 83.4 83.4
HY-MT1.5-7B (COMET-MBR) 70.5 -2.00 84.9 84.1
HY-MT2-30B-A3B (COMET-MBR) 71.0 -2.00 85.1 84.0
translategemma-27b (COMET-MBR) 71.4 -2.01 84.1 86.0
MultiLLM (chrF-MBR) 71.0 -2.09 84.8 84.7
MultiLLM (COMET-MBR) 73.5 -1.54 84.9 97.1

Reranking 70.7 -2.06 84.9 84.6
Relay-MT 71.0 -2.02 85.3 84.1
Our Submission 71.2 -1.96 85.4 85.6
Best-QE Ensemble 71.4 -1.82 85.7 86.8

Table 11: English→ Thai

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 26.9 -13.09 32.1 -46.0
HY-MT1.5-7B 65.0 -3.92 73.7 70.5
MiLMMT-46-12B 64.2 -4.47 69.1 62.4
Qwen3.5-27B 64.8 -4.41 68.5 68.4
Seed-X-PPO-7B 62.9 -5.05 62.7 46.7
Tower-Plus-9B 48.9 -8.11 43.5 22.2
command-a-translate 59.1 -5.95 55.7 47.5
translategemma-27b 65.6 -4.07 71.0 65.8
HY-MT1.5-7B (COMET-MBR) 65.4 -3.76 75.3 81.6
HY-MT2-30B-A3B (COMET-MBR) 65.8 -3.64 75.7 77.1
translategemma-27b (COMET-MBR) 65.8 -3.94 72.3 78.3
MultiLLM (chrF-MBR) 65.6 -3.85 74.0 83.3
MultiLLM (COMET-MBR) 65.7 -3.61 76.4 81.3

Reranking 65.5 -3.73 75.4 84.8
Relay-MT 65.7 -3.78 76.1 85.9
Our Submission 65.7 -3.72 76.2 81.9
Best-QE Ensemble 66.0 -3.43 76.9 86.5

Table 12: Czech/English→ Ukrainian

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 59.9 -5.90 65.4 51.9
HY-MT1.5-7B 63.0 -4.59 72.2 66.5
MiLMMT-46-12B 60.5 -4.86 69.8 58.0
Qwen3.5-27B 62.6 -5.11 69.2 60.9
Seed-X-PPO-7B 62.3 -5.14 69.7 50.6
Tower-Plus-9B 61.7 -5.44 67.9 55.4
command-a-translate 62.5 -4.96 70.5 56.4
translategemma-27b 64.8 -4.25 71.6 65.0
HY-MT1.5-7B (COMET-MBR) 63.7 -4.37 73.6 71.0
HY-MT2-30B-A3B (COMET-MBR) 65.1 -4.22 74.6 72.7
translategemma-27b (COMET-MBR) 65.4 -4.09 72.8 73.1
MultiLLM (chrF-MBR) 64.6 -4.36 73.7 77.7
MultiLLM (COMET-MBR) 65.3 -4.04 75.4 75.4

Reranking 64.4 -4.34 73.6 65.2
Relay-MT 65.0 -4.28 74.5 77.3
Our Submission 65.0 -4.19 74.7 76.8
Best-QE Ensemble 65.2 -4.05 74.9 79.8
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Table 13: Czech/English→ Vietnamese

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 28.8 -12.32 30.5 -36.7
HY-MT1.5-7B 54.1 -4.76 49.6 18.1
MiLMMT-46-12B 51.0 -5.64 47.4 3.7
Qwen3.5-27B 52.1 -5.34 47.3 16.5
Seed-X-PPO-7B 50.9 -5.72 46.3 3.9
Tower-Plus-9B 38.8 -9.43 38.1 -10.1
command-a-translate 52.0 -5.40 48.6 6.7
translategemma-27b 53.2 -4.94 48.4 9.4
HY-MT1.5-7B (COMET-MBR) 54.8 -4.61 50.4 15.7
HY-MT2-30B-A3B (COMET-MBR) 54.7 -4.51 50.9 15.4
translategemma-27b (COMET-MBR) 53.9 -4.75 49.6 14.0
MultiLLM (chrF-MBR) 54.0 -4.73 50.5 20.5
MultiLLM (COMET-MBR) 55.1 -4.41 51.0 15.5

Reranking 54.3 -4.60 51.0 21.2
Relay-MT 54.9 -4.52 51.8 22.2
Our Submission 54.9 -4.32 52.0 19.9
Best-QE Ensemble 55.1 -4.19 52.3 21.4

Table 14: English→ Chinese, Simplified

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 66.0 -3.29 68.7 67.2
HY-MT1.5-7B 70.5 -2.28 77.4 91.3
MiLMMT-46-12B 69.2 -2.73 73.1 81.0
Qwen3.5-27B 69.8 -2.62 74.1 86.1
Seed-X-PPO-7B 69.7 -2.48 73.9 83.5
Tower-Plus-9B 67.5 -2.97 71.1 75.5
command-a-translate 68.9 -2.88 72.2 75.6
translategemma-27b 71.0 -2.31 75.0 85.9
HY-MT1.5-7B (COMET-MBR) 70.9 -2.22 78.2 95.8
HY-MT2-30B-A3B (COMET-MBR) 71.1 -2.17 78.3 93.5
translategemma-27b (COMET-MBR) 71.3 -2.23 76.0 93.8
MultiLLM (chrF-MBR) 70.9 -2.27 77.5 95.9
MultiLLM (COMET-MBR) 71.6 -2.09 79.0 96.4

Reranking 71.0 -2.25 78.0 96.0
Relay-MT 71.2 -2.20 78.1 89.9
Our Submission 71.2 -2.16 78.2 96.4
Best-QE Ensemble 71.5 -2.07 78.6 97.4

Table 15: English→ Chinese, Traditional Taiwan

Model COMETKiwi MetricX xCOMET ReMedy

EuroLLM-22B 60.5 -4.60 55.2 68.5
HY-MT1.5-7B 64.7 -3.41 65.3 85.9
MiLMMT-46-12B 63.9 -3.76 61.0 81.9
Qwen3.5-27B 65.3 -3.62 62.7 84.2
Seed-X-PPO-7B 63.1 -3.77 59.4 69.7
Tower-Plus-9B 62.5 -4.13 56.8 73.2
command-a-translate 63.9 -4.05 60.3 72.6
translategemma-27b 67.8 -3.31 62.3 80.3
HY-MT1.5-7B (COMET-MBR) 64.8 -3.29 66.3 94.9
HY-MT2-30B-A3B (COMET-MBR) 70.0 -2.84 67.9 84.2
translategemma-27b (COMET-MBR) 68.4 -3.15 64.4 94.9
MultiLLM (chrF-MBR) 65.9 -3.30 66.8 100.7
MultiLLM (COMET-MBR) 70.6 -3.22 65.0 106.7

Reranking 65.7 -3.24 67.7 99.8
Relay-MT 65.8 -3.23 68.4 101.3
Our Submission 65.8 -3.17 68.3 101.6
Best-QE Ensemble 66.4 -3.02 68.8 101.8
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Table 16: List of translation models used in experiments

Model name Hugging Face URL

Marco-MT-Algharb https://huggingface.co/ATH-MaaS/Marco-MT-Algharb
EuroLLM-22B-Instruct https://huggingface.co/utter-project/EuroLLM-22B-Instruct-2512
command-a-translate https://huggingface.co/CohereLabs/command-a-translate-08-2025
Hunyuan-MT-7B https://huggingface.co/tencent/Hunyuan-MT-7B
HY-MT1.5-7B https://huggingface.co/tencent/HY-MT1.5-7B
Hy-MT2-30B-A3B https://huggingface.co/tencent/Hy-MT2-30B-A3B
Hy-MT2-7B https://huggingface.co/tencent/Hy-MT2-7B
MiLMMT-46-12B https://huggingface.co/xiaomi-research/MiLMMT-46-12B-v0.1
Qwen3.5-27B https://huggingface.co/Qwen/Qwen3.5-27B
Qwen3.5-122B-A10B https://huggingface.co/Qwen/Qwen3.5-122B-A10B
Qwen3.6-27B https://huggingface.co/Qwen/Qwen3.6-27B
Seed-X-PPO-7B https://huggingface.co/ByteDance-Seed/Seed-X-PPO-7B
Tower-Plus-9B https://huggingface.co/Unbabel/Tower-Plus-9B
translategemma-27b-it https://huggingface.co/google/translategemma-27b-it

https://huggingface.co/ATH-MaaS/Marco-MT-Algharb
https://huggingface.co/utter-project/EuroLLM-22B-Instruct-2512
https://huggingface.co/CohereLabs/command-a-translate-08-2025
https://huggingface.co/tencent/Hunyuan-MT-7B
https://huggingface.co/tencent/HY-MT1.5-7B
https://huggingface.co/tencent/Hy-MT2-30B-A3B
https://huggingface.co/tencent/Hy-MT2-7B
https://huggingface.co/xiaomi-research/MiLMMT-46-12B-v0.1
https://huggingface.co/Qwen/Qwen3.5-27B
https://huggingface.co/Qwen/Qwen3.5-122B-A10B
https://huggingface.co/Qwen/Qwen3.6-27B
https://huggingface.co/ByteDance-Seed/Seed-X-PPO-7B
https://huggingface.co/Unbabel/Tower-Plus-9B
https://huggingface.co/google/translategemma-27b-it
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