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Abstract

This paper presents the AIST AIRC team’s con-
tributions to subtasks 1 (segment-level error de-
tection and span annotation), 2 (segment-level
quality score prediction) and 3 (detection of
error-free segments) of the automated transla-
tion quality evaluation systems shared task in
WMT 2026. Our approach to address each of
the 3 subtasks relies on an LLM-as-a-judge sys-
tem. Specifically, for subtasks 2, we follow
an LLM-as-a-judge approach within the Mul-
tidimensional Quality Metrics (MQM) error
typology, with the novel addition of prompt-
ing the large language model (LLM) to ver-
balize its confidence in each error type assess-
ment. We then train a Multilayer Perceptron
(MLP) Regressor on error severities with and
without associated confidence ratings to predict
human annotations. First, our results provide
further evidence for the relevance of integrating
LLM:s into automated translation quality evalu-
ation pipelines. Second, this work aims to ad-
vance ongoing efforts to make these pipelines
uncertainty-aware through the integration of
verbalized confidence. Our code is freely avail-
able at https://github.com/sshrichard/
WMT-Evaluation-Shared-Task-2026.

1 Introduction

In the last few years, artificial intelligence (Al) sys-
tems have been applied to numerous fields such
as biology (Jumper et al., 2021) and mathemat-
ics (Feng et al., 2026). In particular, since the
release of GPT-3.5 in 2022 (Schulman et al., 2022),
large language models (LLMs) have seen rapid and
widespread adoption. In this context, a straightfor-
ward method to address any given task consists in
directly prompting an LLM to perform it, an ap-
proach commonly referred to as LLM-as-a-judge
(Gu et al., 2026). The LLM-as-a-judge approach
has been followed in many areas, including the field
of translation evaluation (Kocmi and Federmann,
2023b,a; Fernandes et al., 2023; Lu et al., 2024,

2025; Sindhujan et al., 2025; Qian et al., 2024).
Accordingly, for subtask 1, we simply prompt an
LLM to perform segment-level error detection and
span annotation. Similarly, within subtasks 1 and 2,
we follow previous work, such as Lu et al. (2024),
where they implement the Multidimensional Qual-
ity Metrics (MQM; Freitag et al., 2021) framework
with LLM judges. More precisely, in the current
work, we prompt an LLM to assess the severity of
different error types drawn from the MQM typol-
ogy, with the following twist: rather than prompt-
ing the LLM solely to assess error severity, we also
prompt it to report (i.e., verbalize) its confidence in
each error type assessment.

Verbalized confidence, also referred to as ver-
balized uncertainty (Groot and Valdenegro-Toro,
2024), is one among a broad range of measures
in the field of LLM uncertainty quantification
(Shorinwa et al., 2025). It has also become an im-
portant focus of research on the metacognitive ca-
pabilities of Al systems (Servajean and Servajean,
2026; Liu et al., 2026a). These measures are typi-
cally evaluated on their ability to distinguish correct
from incorrect responses. Importantly, it is well-
established that taking into account uncertainty sig-
nals is crucial in decision-making contexts (Li and
Steyvers, 2025). As an illustrative example, in a
high risk, high uncertainty scenario, suspending
judgment and prioritizing further data collection
can help avoid committing to a decision with po-
tentially catastrophic consequences. With regard to
automatic translation evaluation, the integration of
confidence signals into evaluation pipelines has re-
cently attracted growing interest (Glushkova et al.,
2021; Zerva et al., 2022). Hence, in the present
paper, we aim to advance ongoing efforts to make
translation quality evaluation pipelines uncertainty-
aware by investigating whether taking into account
verbalized confidence make LLM-based translation
evaluation better.
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2 Related Work

Subtask 1. Yeom et al. (2025) introduced Tagged
Span Annotation (TSA), an annotation scheme
designed to extract span-level information by
proposing a translation error span detection sys-
tem that leverages OpenAl 03!, a state-of-the-
art proprietary-based reasoning LLM, for the
WMT’25 MT evaluation span-level error detection
task. Building on this idea, we use an LLM with
static span tagging schema.

Subtasks 2 and 3. Machine translation evalua-
tion is inherently affected by multiple sources of un-
certainty. As discussed by Glushkova et al. (2021),
uncertainty may arise from noisy human judgments,
limited inter-annotator agreement, imperfect or in-
sufficient reference translations, complex transla-
tions, and domain mismatch between evaluation
data and the model’s training domain. These fac-
tors motivate the development of uncertainty-aware
evaluation methods (Beck et al., 2016; Fomicheva
et al., 2020; Zerva et al., 2022; Zerva and Martins,
2024; Marashian et al., 2026; Wu and Monz, 2025).

Notably, for the WMT’25 MT evaluation task,
Wu and Monz (2025) leveraged the average log-
likelihood assigned by an LLM as a measure of
translation quality, and incorporated a calibration
step in their pipeline that optimizes the Pearson
correlation between this likelihood and an exter-
nal quality metric to further improve its correlation
with human annotations. They reported encour-
aging performance, sometimes exceeding that of
some state-of-the-art systems.

While we focus on evaluating full translations,
Marashian et al. (2026) focused on various per-
word and per-token confidence measures. They
especially compared methods based on verbalized
confidence to methods based on internal confidence
(token probabilities). Verbalized and internal meth-
ods performed comparably when evaluated on cal-
ibration and error detection. Yet, they found little
to no correlation between verbalized and internal
measures.

In this paper, we aim to leverage the capabilities
of LLMs to explicitly assess and verbalize their
own confidence.

"https://openai.com/index/
introducing-o03-and-o04-mini/ (accessed 11 September
2026)

3 Method

3.1 LLM for Segment-level Error Detection
and Span Annotation

We tackle the segment-level error detection
and span annotation (subtask 1) by employing
Qwen/Qwen3-32B2, leveraging prompt-based in-
context learning for inference. The model is loaded
from the Hugging Face hub. Due to time con-
straints to address this subtask, we mainly focus
on prompt-based approaches that exploit in-context
learning by providing instructions and examples
rather than relying on task-specific training.

Prompt Engineering for Error Span Detection.
Prompt engineering has become one of the most
widely adopted approaches for adapting general-
purpose LLMs to many domain specific tasks in-
cluding text summarization, peer-review genera-
tion, and code generation. Notably, this approach
does not require modifying model parameters. In a
few-shot setting for translation error span detection,
models are directly instructed to identify translation
errors using a prompt that includes several anno-
tated examples of error spans to guide the structure
of the output.

For a given source and target languages, the task
uses an error-span annotation scheme where each
error span is wrapped in a static tag <ES>.</ES>
that allows multiple errors to be annotated simul-
taneously within the same sentence. Therefore,
each error span consists of start-token marker and
a end-token marker.

For a desired JSON response format, the target
schema is illustrated through few-shot examples.
An example of the instructions and corresponding
JSON output is provided below:

Instruction

You are a careful and balanced annotator for machine
translation quality. Your task is to identify translation
errors with appropriate confidence.

EVALUATION GUIDELINES:

- Be thorough but precise: Only mark errors when you
are confident they are incorrect

- Consider context and domain: Some variations may be
acceptable depending on context

- Distinguish between errors and acceptable alternatives:
Multiple valid translations may exist

- Focus on clear, objective errors rather than subjective
preferences

- Verify each potential error against the source text
before marking

- When in doubt, err on the side of not marking an error

2https ://huggingface.co/Qwen/Qwen3-32B (accessed
11 September 2026)
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Error Categories:

- Accuracy: addition,
untranslated text

- Fluency: character encoding, grammar, inconsistency,
punctuation, register, spelling

- Style: awkward phrasing

- Terminology: inappropriate for context, inconsistent
use

- Other: non-translation, other issues

Severity Classification:

- Major: Errors that impact meaning or usability but do
not render the text unusable

- Minor: Errors that do not impact meaning or usability
Omission Classification:

- Null: No Errors detected in the annotated text

- Major: Errors that appears in the error category
as accuracy error like mistranslation, omission,
untranslated text

- Minor: Errors that do not impact meaning or usability
CRITICAL OUTPUT REQUIREMENTS:

- Mark errors only when you have clear evidence they
are incorrect

- Consider whether alternative translations could be
equally valid

- Apply strict standards: better to miss a minor error
than create a false positive

- Wrap error spans in the translation with tags:
<ES></ES>

- NO comments, explanations, or additional text

- **Mark only the minimal substring that contains the
clear error; do not include extra context**

mistranslation, omission,

English

Talks have resumed in Vienna to try to revive the nuclear pact,
with both sides trying to gauge the prospects of success
after the latest exchanges in the stop-start negotiations.

Czech

Ve Vidni se ve Vidni obnovily rozhovory o oZiveni jaderného
paktu, pfi¢emz obé partaje se snazi posoudit vyhlidky
na udspéch po poslednich vyménach v jednanich.

Output

{

"annotated_translation”: "Ve Vidni se <ES>ve
Vidni</ES> obnovily rozhovory o oziveni
jaderného paktu, pricemz obé
<ES>partaje</ES> se snazi posoudit
vyhlidky na Uspéch po poslednich
vyménach v<ES></ES> jednénich.",

"errors”: [

{
"severity"”: "major”,
"category”: "accuracy/addition”
1
{
"severity"”: "minor”,
"category”: "terminology/inappropriate
for context”
})
{
"severity”: "major",
"category”: "accuracy/omission”
3
]7
"omission”: "major"

b

3.2 Pipeline for Segment-Level Quality Score
Prediction and Detection of Error-Free
Segments

Here, we introduce our pipeline for subtask 2
(segment-level quality score prediction) and 3 (de-
tection of error-free segments), in which an LLM is
asked to assess the severity of different error types
and to verbalize its confidence.

3.2.1 Verbalized Confidence in
LLM-as-a-Judge

For subtask 2 (segment-level quality score predic-
tion), given a source and a translation, we first
assess whether the translation target language co-
incides indeed with that of the translation using
GlotLID model (Kargaran et al., 2023)°.

If the assessed translation language is the cor-
rect one, we prompt an LLM (we tried Qwen3.6-
27B* [with the recommended temperature of 1.0
and without reasoning], Owen3.8-2 7B-FP8’ [with
a temperature of 0.7 and without reasoning; it was
not included in our submission], and Babel-83B-
chat® [with a temperature of 0.0]) with the source,
the translation, their languages, seven error type
definitions corresponding to the “seven high-level
error type dimensions”’ within MQM error typol-
ogy (Lommel et al., 2024), and ask it to assess
the severity of each error type by choosing among
Not applicable, Neutral, Minor, Major, and
Critical. Finally, the model is instructed (within
the same prompt) to rate its confidence in each er-
ror type assessment (a confidence scale is provided
[e.g., 0.6-0.8: “Highly likely”]; see the prompt
available on GitHub for further details).

Based on the LLM output, we construct a 7 x
4+ 1 = 29-long feature vector, consisting of seven
4-dimensional blocks (one per error type) plus an
additional entry indicating whether a language mis-
match was detected between the translation and
the target language (0 or 1). Each of the seven
4-dimensional block encodes:

*https://huggingface.co/cis-1mu/glotlid
(accessed 8 September 2026)

*https://huggingface.co/Qwen/Qwen3.6-27B
(accessed 8 September 2026)

5ht’cps: //huggingface.co/Qwen/Qwen3.8-27B-FP8
(accessed 8 September 2026)

6https: //huggingface.co/Tower-Babel/
Babel-83B-Chat
(accessed 8 September 2026)

"For definitions of the seven high-level MQM error dimen-
sions, see https://themgm.org/the-mgm-typology/ (ac-
cessed 8 September 2026).
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875417 0.2161 n/a 0.2166 0.2287 0.1861 n/a n/a n/a n/a n/a 0.2075 n/a 0.1881 0.2414 n/a n/a n/a n/a n/a n/a
875796 0.2155 n/a 0.2161 0.2283 0.1853 n/a n/a n/a n/a n/a 0.2066 n/a 0.1878 0.2412 n/a n/a n/a n/a n/a n/a

871400 0.6068 0.7376 0.7085 0.5960 0.3385 0.8471 0.7100 0.4322 0.3716 0.6536 0.6703 0.7123 0.7544 0.4260 0.7545 0.2791 0.5306 0.7556 0.5970 0.5184 0.7283
871401 0.6005 0.7337 0.6909 0.5683 0.333 0.848 0.7166 0.4260 0.359 0.6455 0.6964 0.7077 0.7355 0.3987 0.7531 0.2735 0.5363 0.7573 0.5987 0.5717 0.7371
871721 0.5013 0.5603 0.5041 0.4300 0.3424 0.4805 0.4785 0.6233 0.4101 0.5988 0.4676 0.5691 0.4758 0.5438 0.5064 0.1806 0.3345 0.6355 0.0467 0.6256
874374 0.3725 0.3466 0.3979 0.3679 0.3983 0.2338 0.4022 0.4666 0.4447 0.4659 0.2819 0.4681 0.2153 0.3891 0.3918 0.1715 0.2572 0.5056 0.4875 0.4659

LW = —

Table 1: Results for all three subtasks available at Codabench®, where our predictions are compared to the pseudo-
gold-standard scores (no further details given on the official website®. The metrics for subtasks 1, 2, and 3 are the
F-score (Perrella et al., 2026), the correlation (organizers did not specify which), and the Matthews correlation
coefficient, respectively. The submission IDs are given in the second column. For subtask 1, submissions 875417
and 875796 correspond, respectively, to the settings in which omission severity was either assessed directly by the
model or determined using a simple rule-based approach that checks the different errors associated with omissions
(see the example in the Method section). Within subtask 2, submissions 871400 and 871401 correspond to the
results obtained with Qwen3.6-27B, including and without including confidence ratings, respectively. Within subtask
3, submissions 871721 and 874374 correspond to the results obtained with Qwen3.6-27B and Babel-83B-chat,
respectively. Empty entries (see the EN-SE column) mean that this language pair was excluded, while n/a means

that we did not address this language pair.

1. Whether the considered error type is applica-
ble or not (0 or 1),

2. Its severity taking value O (Neutral), 1
(Minor), 5 (Major) or 25 (Critical), where
we followed standard MQM scoring model,

3. The model’s confidence (float between 0 and
1), and

4. Whether a format issue occurred (0 if no issue
occurred, 1 as soon as a parsing issue occurred
in a single value or in the entire output). Usu-
ally, no parsing issue occurs, but this may
depend on the model and on whether a strict
output schema is enforced.

By default, all values are set to 0. For example, in
case of an error type not applicable, the correspond-
ing severity entry is set to 0.

Then, we stacked all vectors corre-
sponding to all translations from the file
wmt25-genmt-humeval.jsonl!®, and trained
a Multilayer Perceptron (MLP) Regressor to
predict the corresponding human annotations. We
considered an MLP with two hidden layers (100
and 50 ReLU units), with scikit-learn’s default
settings, for up to 5000 epochs with the default
convergence tolerance.

8https://www.codabench.org/pr‘ofiles/user/
metricstask/

*https://www2.statmt.org/wmt26/
September 2026)
0Available at https://github.com/wmt-conference/

wmt25-general-mt/tree/main (accessed 11 September
2026)

(accessed 10

3.2.2 LLM-as-a-Judge for Error-Free
Translation

For subtask 3 (detection of error-free segments), a
segment is considered error-free if, in subtask 2,
the LLM judge considered that all error types were
either not applicable or had a neutral severity (see
Section 3.2.1). By default, parsing issues cause the
translation to be classified as not error-free.

4 Experiments

Our implementation is based on Hugging Face
transformers. During the model implementation,
we use the publicly available previous year WMT
ESA dataset; where the models are initialized from
the publicly available checkpoints that we men-
tioned in the Method section. For model inference,
a local machine with four NVIDIA RTX 6000
Ada GPUs with 48GB GDDR6 memory is used
along with a cluster node with eight NVIDIA H200
GPUs with 141GB of HBM3e memory. To address
segment-level error detection and span annotation
for the official test set, we only considered eight pri-
oritized language pairs due to time constraints. The
running time for each language pair were around
30 hours where we disable the chain-of-thought
thinking to non-thinking mode. Besides, we set
max_new_tokens to 1024, which controls the max-
imum number of tokens generated by the model.

5 Results

The results obtained on the initial submission
in which our predictions were compared against
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pseudo-gold-standard scores are given in Table 1.
For subtask 2, the correlation between human an-
notations and our predictions are given in Table 2.
When considering the overall correlations, we can
see that the impact of including confidence ratings
in the regression is unclear; extremely small dif-
ferences in correlation (of the order of 10~2 or
10~3) end up statistically significant (the 95% con-
fidence interval of the paired bootstrap distribution
with n = 1,000 of the differences in correlation
excludes zero) in both directions. For a similar anal-
ysis, note that we also considered all translations
from 1,000 source segments randomly drawn from
the 2025 data (see the Method section) regardless of
the source and translation languages, with an MLP
regressor trained on Qwen3.6-27B assessments of
the translations from a disjoint set of 1,000 source
segments. With confidence ratings included in the
regression, Pearson, Spearman and Kendall corre-
lations with human scores were 0.5501, 0.4791 and
0.3459 respectively; without them, 0.5348, 0.4722
and 0.3405 (all p < 0.001). A paired bootstrap
(n = 10, 000) demonstrates that the improvement
when including confidence ratings is significant for
all three coefficients. However, the improvement
is very small. Finally, for comparison, note that
CometKiwi (Rei et al., 2022)'! evaluated on the
same translations yielded Pearson, Spearman, and
Kendall correlations of 0.4347, 0.3308, and 0.2280,
respectively (all p < 0.001).

Even though Table 1 and Table 2 can-
not be perfectly compared as the consid-
ered translations differ (many translations
from mteval-test26.jsonl.gz are not in
annotations_preliminary.json; see captions
for further details), we still notice significant
differences. A possible explanation is that there
is a varying number of human annotations per
translation in annotations_preliminary. json,
so that the presence of segments with very few
annotations or even a single annotation may add
noise that would degrade the correlation with our
predictions, compared to the case where they are
evaluated against pseudo-gold-standard scores.
Similarly important differences can be noticed
between Table 1 and Table 3 for subtask 3. A
striking difference concerns the language pairs
EN-IT (Ladin) and EN-IT (Ligurian), which were
not included in the training set (i.e., last year data;

11https://huggingface.co/Unbabel/
wmt22-cometkiwi-da (accessed 11 September 2026)

see the Methods): while the Matthew correlation
coefficients are near zero when our predictions are
evaluated against human annotations, they remain
positive when evaluated against the pseudo-gold-
standard scores, although the correlations are still
very moderate.

6 Discussion

In this paper presenting our contribution to sub-
tasks 1 (segment-level error detection and span
annotation), 2 (segment-level quality score predic-
tion) and 3 (detection of error-free segments) of
the automated translation quality evaluation sys-
tems shared task in WMT 2026, we considered an
LLM-as-a-judge approach.

For subtask 1, we adopted a prompt-based in-
context learning approach using few-shot examples
rather than relying on task-specific training. We be-
lieve that task-specific training across all language
pairs using data from previous years could further
improve segment-level error detection and span an-
notation performance. In addition, to reduce gener-
ation time, we disabled chain-of-thought reasoning
and used the model in non-thinking mode. Fu-
ture work could therefore explore combining task-
specific training with chain-of-thought prompting
at inference time to further improve performance
on subtask 1.

For subtasks 2 and 3, we followed the MQM
framework, with the novel addition of prompting
the LLM to verbalize its confidence in each error
type assessment. More specifically, we trained a
Multilayer Perceptron Regressor on error severi-
ties with and without associated confidence rat-
ings, generated by an LLLM, to predict human an-
notations. We find no clear evidence that includ-
ing confidence ratings improves the predictions.
There exist many different measures of uncertainty
(Shorinwa et al., 2025). Future work could in-
tegrate alternative uncertainty measures into our
pipeline and compare their effects on performance.
Additionally, other regression methods could be
explored, as could explicit strategies for combining
error type severities with their associated confi-
dence scores, such as a weighted sum.

An important limitation is that last year annota-
tions, on which we performed the MLP regressions,
were obtained within the ESA protocol (Kocmi
et al., 2024), while 2026 data uses cESA proto-
col (Zouhar et al., 2026). In the latter case, anno-
tators have access to multiple translations of the
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Qwen3.8-27B Qwen3.6-27B Babel-83B-chat
With conf. Without conf. With conf. Without conf. With conf. Without conf.

Language pair T P T T P T T P T r P T T P T T P T

CS-DE 0.429 0.364 0.261 0.435 0.360 0.262 0.365 0.314 0.225 0.356 0.317 0.227 0.303 0.198 0.160 0.259 0.100 0.083
CS-UK 0.523 0.386 0.276 0.551 0.385 0.281 0.525 0.372 0.267 0.527 0.387 0.280 0.422 0239 0.192 0.414 0202 0.167
CS-VI 0.497 0.454 0.329 0516 0.465 0.337 0.494 0.410 0.296 0.498 0.422 0.305 0.399 0.257 0.203 0.413 0221 0.178
ZH-JA 0.481 0.463 0.339 0.491 0.484 0.358 0.463 0.462 0.339 0474 0.468 0.345 0.361 0.258 0.206 0.365 0.252 0.205
EN-AR 0.191 0.187 0.149 0.193 0.193 0.155 0.177 0.186 0.148 0.184 0.199 0.159 0.182 0.186 0.153 0.173 0.170 0.144
EN-HY 0.599 0.529 0.384 0.613 0.544 0.397 0.604 0.554 0.404 0.622 0.583 0.428 0.479 0.365 0.286 0.480 0.385 0.310
EN-BE 0.536 0.533 0.398 0.537 0.528 0.398 0.519 0.530 0.397 0.526 0.533 0.402 0.350 0.338 0.269 0.330 0.330 0.269
EN-ZH 0.192 0.260 0.191 0.177 0.253 0.187 0.197 0.317 0.234 0.201 0.319 0.238 0.097 0.146 0.116 0.076 0.102 0.083
EN-ZH (Taiwan) 0.162 0.270 0.192 0.166 0.293 0.213 0.155 0.283 0.205 0.163 0.291 0.211 0.097 0.191 0.151 0.070 0.122 0.099
EN-CS 0.432 0462 0.339 0.424 0.448 0.332 0420 0.472 0.345 0432 0482 0.355 0.299 0270 0.215 0.278 0.251 0.204
EN-ET 0.479 0.459 0.339 0.502 0.474 0.352 0.488 0.476 0.350 0.486 0.484 0.358 0.337 0.287 0.225 0.317 0.256 0.205
EN-DE 0.432 0.483 0.354 0.410 0.466 0.346 0.369 0.433 0.315 0.389 0.451 0.332 0.273 0.281 0.229 0.246 0.260 0.215
EN-IS 0.540 0.491 0.361 0.554 0.517 0.382 0.580 0.550 0.407 0.601 0.565 0.420 0.379 0.322 0.257 0.372 0.328 0.269
EN-ID 0.361 0.371 0.267 0.357 0.367 0.267 0.322 0.356 0.255 0.339 0.370 0.268 0.292 0.309 0.243 0.264 0.281 0.226
EN-KK 0.561 0.483 0.352 0.574 0.492 0.363 0.549 0498 0.364 0.573 0.519 0.382 0.427 0.308 0.238 0.422 0.290 0.231
EN-IT (Ladin) 0.137 0.168 0.133 0.141 0.175 0.139 0.127 0.181 0.142 0.137 0.184 0.145 0.142 0.182 0.145 0.139 0.182 0.146
EN-IT (Ligurian) 0.239 0.284 0.206 0.245 0.293 0.214 0.228 0.281 0.203 0.226 0.274 0.201 0.254 0.287 0.221 0.245 0.285 0.227
EN-RU 0.565 0.514 0.377 0.570 0.501 0.371 0.540 0.495 0.361 0.554 0.509 0.374 0.480 0.363 0.292 0.448 0.355 0.289
EN-SE 0.749 0.710 0.531 0.757 0.711 0.527 0.669 0.692 0.511 0.696 0.675 0.507 0.488 0.498 0.375 0.509 0.513 0.396
EN-TH 0.425 0.384 0.278 0.506 0.437 0.320 0.450 0.381 0.277 0.411 0.382 0.281 0.520 0.463 0.380 0.475 0.418 0.346
EN-UK 0.561 0.483 0.351 0.570 0.472 0.348 0.569 0.494 0.360 0.572 0.497 0.364 0.480 0.348 0.277 0.464 0.342 0.276
All 0.420 0.414 0.301 0.424 0.410 0.300 0.403 0.394 0.286 0.408 0.406 0.296 0.372 0.361 0.282 0.353 0.354 0.283

Table 2: Subtask 2. Segment-level correlation between the predictions from each model and the human scores
obtained within the cESA protocol (Zouhar et al., 2026), per language pair and overall (last row). When multiple
human annotations are assigned to a given translation, we take the average. r is Pearson, p Spearman and 7
Kendall’s tau. All p < 0.001. The cESA scores come from the released file annotations_preliminary.json'2.
We only consider translation segments that are concerned by the predictions from our submission, i.e. those from

mteval-test26.jsonl.gz'>.

same document at the same time, facilitating “more
consistent and efficient judgments” (Zouhar et al.,
2026). This may introduce differences between the
training and testing targets.

Beyond confidence ratings, additional informa-
tion could have been incorporated as regression
features, such as segment length or the source and
target languages (encoded as categorical variables)
as there exists cross-lingual differences in human
annotations (Magdy et al., 2026; Liu et al., 2026b).

Also, note that we only considered evaluating
models that are publicly available at no cost or free
trial to help with reproducibility, such as Qwen3-
32B, Owen3.6-27B, Qwen3.8-27B-FP8, and Babel-
83B-chat. The choice of the model and parameters
like the reasoning budget when applicable are likely
to have a significant impact on performance.

Finally, it is worth noting that incorporating Al
confidence into pipelines is becoming an increas-
ingly prominent topic across research communities
in AL

12 Available at https://github.com/wmt-conference/
wmt26-general-mt/releases/tag/humeval (accessed 9
September 2026)

B Available at https://github.com/wmt-conference/
wmt26-mteval (accessed 11 September 2026)
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MCC
Language pair Qwen3.8-27B  Qwen3.6-27B  Babel-83B-chat
CS-DE 0.213 0.121 0.106
CS-UK 0.232 0.205 0.150
CS-VI 0.192 0.139 0.155
ZH-JA 0.258 0.191 0.177
EN-AR 0.138 0.138 0.132
EN-HY 0.235 0.185 0.124
EN-BE 0.354 0.318 0.172
EN-ZH 0.224 0.222 0.024
EN-ZH (Taiwan) 0.263 0.163 0.084
EN-CS 0.339 0.329 0.173
EN-ET 0.312 0.302 0.136
EN-DE 0.353 0.238 0.204
EN-IS 0.334 0.291 0.168
EN-ID 0.285 0.220 0.220
EN-KK 0.289 0.260 0.175
EN-IT (Ladin) 0.042 -0.004 0.005
EN-IT (Ligurian) 0.113 0.095 0.125
EN-RU 0.337 0.303 0.212
EN-SE 0.272 0.043 0.114
EN-TH 0.153 0.132 0.203
EN-UK 0.386 0.328 0.260
All 0.256 0.221 0.173

Table 3: Subtask 3. Matthews correlation coeffi-
cient between the error-free predictions from each
model and the human labels, per language pair and
overall (last row). A translation is labeled error-free
when the human annotation marks no error spans;
when multiple human annotations are assigned to a
given translation, we take the majority, ties count-
ing as containing errors. Chi-square tests of inde-
pendence lead to p < 0.001 in all cases, with the
following exceptions: for Babel-83B-chat, EN-ZH
(p = 2.50 x 10~1), EN-IT (Ladin) (p = 7.28 x 1071),
and EN-SE (p = 2.09 x 1073); for Qwen3.6-27B,
EN-IT (Ladin) (p = 7.50 x 10~ !) and EN-SE (p =
2.49x1071); and for Qwen3.8-27B-FP8, EN-IT (Ladin)
(p = 2.42 x 10~3). Human annotations come from the
released file annotations_preliminary.json'>. We
only consider translation segments that are concerned
by the predictions from our submission, i.e. those from
mteval-test26.jsonl.gz'®.

humans or animals in this research. We use privacy-
preserving, locally hosted Al assistants for help
with coding data processing scripts necessary for
our experiments and evaluation.
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