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Abstract

Machine Translation (MT) and automatic MT
evaluation have improved dramatically in re-
cent years, enabling numerous novel applica-
tions. Automatic evaluation techniques have
evolved from producing scalar quality scores
to precisely locating translation errors and as-
signing them error categories and severity lev-
els. However, it remains unclear how to re-
liably measure the evaluation capabilities of
auto-evaluators that do error detection, as no es-
tablished technique exists in the literature. This
work investigates different implementations of
span-level precision, recall, and F'-score, show-
ing that seemingly similar approaches can yield
substantially different rankings, and that cer-
tain widely-used techniques are unsuitable for
evaluating MT error detection. We propose
“match with partial overlap and partial credit”
(MPP) with micro-averaging as a robust meta-
evaluation strategy and release code for its use
publicly. Finally, we use MPP to assess the state
of the art in MT error detection.

1 Introduction

Machine Translation (MT) evaluation involves as-
sessing the quality of translated text, and automatic
evaluation techniques (hereafter, auto-evaluators')
assess translation quality without human interven-
tion. Automatic evaluation enables faster and
cheaper experimentation when developing trans-
lation models compared to human evaluation; also,
high-accuracy auto-evaluators are used for vari-
ous downstream applications such as data filtering,
translation re-ranking, and translation difficulty es-
timation (Freitag et al., 2022a; Fernandes et al.,
2022; Perrella et al., 2024a; Hrabal et al., 2025b;
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s = £ 8 s & £ 8
Auto-evaluator m = = 2 M@ = =
Qwen3 235b S 1 1 1 12 12 10 12
GemSpanEval.sec 32 2 2 4 4 4 4
Sonnet 4.5 2 5 3 6 8 11 7 9
GemSpanEval.pri 4 4 4 5 6 5 5 5
XCOMET-XXL 1 3 5 4 11 7 11 7
AlP.sec 1 7 6 12 3 3 3 3
Haiku 4.5 7 9 7 7 5 6 6 6
XCOMET-XL 12 6 8 3 13 10 13 10
gpt-oss 120b 6 10 9 8 10 13 12 13
AIP.pri 8 8 10 13 2 2 2 2
AutoLQA..pri 9 11 11 9 9 9 9 11
AutoLQAESAsec [ 10 12 12 10 7 8 8 8
AutoLQA41.sec 13 13 13 11 1 1 1 1

Table 1: Ranking of auto-evaluators on the MQM split
of the WMT 2025 Automated Translation Quality Eval-
uation Systems Shared Task under the measures defined
in Section 2 (EM, MP, and MPP), alongside W25, that is,
the measure used at WMT?25 (illustrated in Section C.2),
both micro- and macro-averaging results. We run the
auto-evaluators highlighted in gray, the others are sub-
missions to WMT.

Kocmi et al., 2025a; Finkelstein et al., 2025; Tan,
2025; Garcia Gilabert et al., 2025; Proietti et al.,
2025b), or as a proxy to fine-tune MT models us-
ing Reinforcement Learning objectives (He et al.,
2024; Xu et al., 2024; Hrabal et al., 2025b; Zheng
et al., 2025; Finkelstein et al., 2025).

Early auto-evaluators assessed translation qual-
ity using heuristics based on word n-grams and
character-based overlap between a translation and
one or more manually curated references (Papineni
et al., 2002; Banerjee and Lavie, 2005; Popovié,
2015). Later, neural auto-evaluators enabled assess-
ing translation quality at a deeper semantic level
(Rei et al., 2020; Wan et al., 2022; Rei et al., 2022;
Juraska et al., 2023; Proietti et al., 2026). How-
ever, most auto-evaluators return their evaluation
as a scalar quality score, which can be difficult
to interpret (Perrella et al., 2024a). To mitigate
this issue, recent auto-evaluators have been devel-
oped to locate translation errors, optionally also
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Figure 1: Span-level annotations for the translation x =
“The quick brown fox jumps”. §1, $3 € S are hypothesis
error spans, while s1, so € S are the ground-truth ones.

classifying them based on category and severity
(Perrella et al., 2022; Kocmi and Federmann, 2023;
Guerreiro et al., 2024; Juraska et al., 2025; Yeom
et al., 2025; Hrabal et al., 2025a). However, due to
the lack of established span-level meta-evaluation
strategies — that is, techniques for evaluating the
ability of auto-evaluators to detect translation er-
rors — prior work has adopted disparate approaches,
making results difficult to compare across studies.
Furthermore, no previous work has systematically
examined the effectiveness and fairness of these
approaches, leaving it unclear whether they are
equivalent or, most importantly, whether they can
be reliably applied to MT error detection.”

This work examines different implementations
of span-level precision, recall, and F'-score, demon-
strating that apparently similar approaches con-
ceal arbitrary methodological choices that can
lead to drastic differences in the results (Ta-
ble 1). Moreover, we find that some commonly
employed techniques are unsuitable for evaluat-
ing error detection capabilities, resulting in con-
founded results. We identify “match with par-
tial overlap and partial credit” (MPP), paired
with micro-averaging results across data sam-
ples, as a robust strategy for span-level MT meta-
evaluation, and use it to assess the state of the
art in MT error detection. We release code for
reproducing our results at https://github.com/
amazon-science/span-mt-metaeval, as well as
code for using MPP at https://github.com/
sted19/span-mt-metrics-eval.

2 Span-level MT Meta-Evaluation

We formulate MT error detection as a structured
prediction task in which auto-evaluators and hu-
man annotators identify sequences of characters
corresponding to translation errors. Accordingly,
span-level MT meta-evaluation aims to quantify the

2We provide an overview of the approaches used in previ-
ous works in Section 6.

agreement between auto-evaluators and humans by
estimating the similarity between their respective
error sequences (or error spans). However, method-
ological choices regarding how this similarity is
defined and computed can give rise to metrics that
are fundamentally different or, in some cases, even
unsuitable for MT error detection. This work fo-
cuses on implementations of precision, recall, and
F'-score, as these metrics are widely used to evalu-
ate MT error detection performance. Nevertheless,
most of our observations are broadly applicable
and extend to other evaluation measures as well.

Let « = (z1,%2,...,%,) denote a trans-
lation consisting of n characters. A span
s = (is,Js) denotes the character subsequence
(®iy, Tig+1,- - -, xj,), and we denote with [s] =
{is,is + 1,...,7s} the set of character positions
covered by s. We define the length of s as |s| =
|[s]]. For two spans s; and s2, we define their
intersection and union lengths as:

Is1 N szl = [[s1] Ns2]l, [s1Us2f = [[s1] U [s2]|

LetZ, = {(i,j) € N> : 1 <i < j < n} denote
the set of all valid spans in x, and let S cC1,
denote the set of hypothesis error spans — e.g., the
spans detected by an auto-evaluator — while .S C
T, is the set of ground-truth error spans.

We wish to compute the precision, recall, and
F-score of S with respect to S. However, a hypoth-
esis span may overlap with multiple ground-truth
spans, and vice versa, so the correspondence be-
tween hypothesis and ground-truth error spans is
not unique. We resolve this ambiguity by finding
the one-to-one matching between hypothesis and
ground-truth error spans that maximizes F'-score.’
This way, we also avoid underestimating F'-score
due to an unfavorable alignment between hypothe-
sis and ground-truth spans. Formally, we define the
set of all one-to-one matchings between S and S:

M:{MQSXS

v3es: \{s:(g,s)eM}\gl}
VseS: |{5:(8,s)eM}|<1

We then select M* € M as the matching that
maximizes F'-score.

In the following sections, we define several vari-
ants of precision, recall, and F'-score, which dif-
fer in what qualifies as a valid match and whether
matches receive binary credit (either full or zero)
or may instead be assigned partial credit.

3We refer the reader to Appendix D for a discussion about
the effects of enforcing a one-to-one matching.
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2.1 Exact Match (EM)

Under exact match (EM), § matches s only if the
two spans have the same start and end character
indices; equivalently, if § = s. We define the set of
one-to-one exact-match matchings as follows:

Men ={M e M |V(5,5) e M : §=s}

Then, given any M € Mgy, we define precision,
recall, and F'-score as follows:

AT
Poy = 00— 57 ! 70 (1)
1 otherwise.
M|
Rey = tp+fm — |S]? if S 7é 0 (2)
1 otherwise.
2PEMREM 1
Foy = P+ Rem? if Poy ?'—REM >0 (3)
0 otherwise.

By setting P = 1 when S = () and R = 1 when
S = (), we ensure that an auto-evaluator receives
F' =1 when it detects zero errors in a translation
containing no ground-truth errors, while receiving
F' = 0 when only one of Sand S is empty. Finally,
we select My, € Mgy as the one that maximizes
Fenr- )

Let us consider the example in Figure 1. |S| =
|S| = 2, since there are two hypothesis spans
and two ground-truth spans. Moreover, Mgy =
{0,{ (82, s2)}}, because there are two exact-match
one-to-one error matchings. For M; = (), we
have Pgyy = Rgm = Fem = 0, while for My =
{(32,52)}, Pev = Ren = Fay = 3. Thus, we
select My, = M> as the matching that maximizes
Fen-

2.2 Match with Partial Overlap (MP)

Exact Match might be too strict. We allow matches
between error spans that overlap by at least 7 char-
acters by defining the set of one-to-one partial-
overlap matchings:

M&P:{M€M|V(§,S)EM|§ﬂ5|27-}

Then, given any M € M7, we define Pyp, Ryp,
and Fyp as in Equations 1, 2, and 3, and select
My as the one that maximizes Fyp.

Returning to the example in Figure 1, with
7 = 1, then | My | = |S| = |S| = 2, as both
hypothesis spans “The quick” and “fox” overlap
with ground-truth spans by at least one character.
As a consequence, Pyp = Ryp = Fyp = 1.

2.3 Match with Partial Overlap and Partial
Credit (MPP)

Both exact match and match with partial overlap
might be too rigid: they count one true positive
when two spans match, and nothing at all when
spans go unmatched. Another option is to give
partial credit when two spans overlap by a subset
of characters.

We define Mypp = Mup ‘7:1 as the set of one-
to-one partial-overlap matchings where 7 = 1.
Given any M € Myypp, One option is to define
precision and recall as follows:*

> (s,s)em 18N ]
2 ses 3]
> (ss)em 15N 5]

ZSES ‘S‘

C)

Pawas =

&)

Rawas =

We dub this strategy ~W25 because this is very
similar to the strategy adopted by Lavie et al. (2025)
at the WMT?25 Automated Translation and Evalua-
tion shared task, with the main difference that they
do not enforce a one-to-one matching M between
hypothesis and ground-truth spans.’> However, we
argue that this strategy is unsuitable for computing
precision and recall in MT error detection because
longer error spans weigh more than shorter ones.
Indeed, precision and recall are computed from
character counts, with error spans contributing to
the final values in proportion to their length. How-
ever, the human evaluation protocols typically used
as the ground-truth in MT evaluation are Multidi-
mensional Quality Metrics (MQM, Lommel et al.,
2014; Freitag et al., 2021) and Error Span Annota-
tion (ESA, Kocmi et al., 2024b). In both annotation
protocols, each error span identifies a single trans-
lation error and gets assigned a severity level that
is irrespective of its length. Thus, we argue that a
meta-evaluation strategy that uses MQM or ESA
annotations as the ground truth should treat error
spans of different length in the same way.

We enforce this constraint by calculating
character-based precision and recall for each pair
of matched spans in isolation, rather than for a full
translation at once, and then averaging across er-
ror spans. Formally, given M € M pp, we define

*Throughout the paper, egde cases of precision and recall
(S = 0 or S = ) are handled as in Equations 1 and 2.

SWe define formally the implementation used at WMT25
in Appendix C.2.
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precision and recall for each pair (8, s) € M:

15N s|
3]

R sNs
RMPP(Svs) = | ‘

PMPP(§)S) = |S|

Then, sample-level precision and recall are:

1
Pupp = — Z PMPP(§7 3) (6)
’S’ (8,9)eM
1 .
Rypp = @ Z RMPP(Sys) (N
(8,9)eM

By averaging across error spans, we ensure that
each span has the same weight in span-level preci-
sion and recall, while still assigning partial credit
based on character counts. Finally, Fypp iS com-
puted as the harmonic mean of Pypp and Rypp,
and the optimal M., € Mypp is the one-to-one
matching that maximizes Fypp.

2.4 Averaging Results Across Data Samples

Above, we illustrated several ways to compute pre-
cision, recall, and F'-score for the evaluation of a
single translation. Typically, however, we are in-
terested in measuring performance across all sam-
ples in a given test set, which can be achieved
either by macro-averaging or micro-averaging re-
sults. Formally, given a set of translations D =
{a', 22, ...,2"V}, we want to measure the preci-
sion, recall, and F'-score of auto-evaluators on D.

Macro-averaging. This strategy involves aver-
aging the values of precision, recall, and F'-score
across all x € D.

Micro-averaging. This strategy involves collect-
ing statistics (e.g., true positives, false positives,
and false negatives) across all samples, to later cal-
culate precision, recall, and F'-score over the entire
test set once.® This procedure is equivalent to con-
catenating all translations in the test set and comput-
ing precision, recall, and F'-score over the result-
ing sets of hypothesis and ground truth error spans.
Accordingly, we construct x = x'||x
where we use || for string concatenation — and com-
pute precision, recall, and F'-score using the S
and S®, i.e., the sets of all hypothesis and ground-
truth error spans in .

®For MPP, micro-averaging involves averaging span-level
precision and recall across all spans in the test set, rather
than accumulating true positives, false positives, and false
negatives. This follows from precision and recall being already
defined as averages in MPP’s sample-level version.

2. |=N -

3 Methodology

Unlike MT, where the ground truth is typically a ref-
erence translation produced by professional human
translators, or MT evaluation, where the ground
truth is given by human annotations of translation
quality, in MT meta-evaluation the ground-truth
ranking of auto-evaluators is unknown. This makes
it challenging to determine which meta-evaluation
strategy is most appropriate, since we do not know
which ranking of evaluators such a strategy should
produce. Moreover, different variants of precision,
recall, and F'-score yield auto-evaluator rankings
that differ drastically from one another (Table 1).

Addressing a similar issue in score-level MT
meta-evaluation, Perrella et al. (2024b) introduced
the concept of sentinel auto-evaluators,’ i.e., auto-
evaluators that serve as probes to identify pitfalls
in the meta-evaluation process. Sentinel auto-
evaluators are designed such that assumptions can
be made about where they should rank under a
fair meta-evaluation, enabling the identification
of meta-evaluation measures that rank them incor-
rectly. In this work, we design span-level sentinel
auto-evaluators to test the robustness of span-level
meta-evaluation measures.

3.1 Imprecise Sentinel Auto-Evaluators

We extend the error spans detected by our auto-
evaluators to test the robustness of different im-
plementations of precision, recall, and F'-score to
span length. Extended error spans are centered
on the original error spans, but are less precise in
pinpointing the exact error location.

3.2 Low-recall Sentinel Auto-Evaluators

MT error detection is sparse, with many samples
featuring no ground-truth error spans. In MQM
test sets, the proportion of translations annotated
with zero errors ranges from 18.9% to 77%, with
the highest value observed in the WMT24 EN—ES
test set (full statistics are reported in Table 4).
One consequence of this sparsity is that, under
macro-averaging, many samples feature X = 1
because recall’s denominator is 0 in Equation 2.
We hypothesize that this phenomenon may lead
macro-averaging to favor auto-evaluators that in-
flate precision, predicting fewer errors to maximize
the chance of getting /' = 1 on samples with no
ground-truth errors.

"Perrella et al. (2024b) refer to them as sentinel metrics
but we use “auto-evaluator” in place of “metric”.
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To test this hypothesis, we create low-recall sen-
tinel auto-evaluators by randomly deleting some
of the errors detected by auto-evaluators. Varying
the probability with which we delete each error, we
measure the robustness of different meta-metrics
to task sparsity.

4 Experimental Setup

We demonstrate that some meta-evaluation strate-
gies are unsuitable for MT error detection by mea-
suring the performance of sentinel auto-evaluators
alongside normal auto-evaluators.

Data We conduct our experiments on the con-
catenation of MQM test sets released from 2022
to 2024 (Freitag et al., 2022b, 2023; Riley et al.,
2024; Freitag et al., 2024). Table 4 in Appendix A
reports statistics about the test sets and language
directions employed in this work.

Models Our auto-evaluators consist of four Large
Language Models (LLMs) prompted for error
detection: Claude Sonnet 4.5, Claude Haiku 4.5,
Qwen3 235b, and gpt-oss 120b. This selection of
models includes closed-source and open-weights
models of varying sizes and families.?

5 Results

We measure the performance of our imprecise
and low-recall sentinels alongside normal auto-
evaluators under the implementations of precision,
recall, and F-score illustrated in Section 2, i.e., EM,
MP, and MPP, with micro- and macro-averaging.
MP uses 7 = 1, matching spans that overlap by 1
or more characters. We chose the minimum value
for 7 for two main reasons: (1) it does not affect the
generalization of our results while representing the
most extreme case, which facilitates visualization
of results, and (2) several previous works have used
variants of MP with 7 = 1 (Section 6).

5.1 Performance of Imprecise Sentinels

We extend the error spans produced by our auto-
evaluators by progressively adding leading and
trailing characters, and report results under EM,
MP, and MPP, using micro- (Figure 2, left) and
macro-averaging (Figure 2, right).

Performance under EM and MPP appropriately
decreases as span length increases, whereas per-
formance under MP improves. By assigning full

8Implementation details are reported in Appendix B.

credit to spans whose overlap exceeds 7 charac-
ters, MP inflates the precision, recall, and F'-score
of auto-evaluators that produce longer spans, as
longer spans are more likely to yield a match. As
a result, MP is unsuitable for span-level MT meta-
evaluation because it can be easily gamed by re-
turning artificially long error spans. Even in the
absence of deliberate metric manipulation, our re-
sults show that MP is biased toward auto-evaluators
that produce longer spans, thereby confounding
evaluations.

Additionally, we observe that F'-scoregy drops
abruptly to near zero for all auto-evaluators when
span length is increased by even a small number
of characters. This behavior is expected, as EM
requires exact span overlap. Nonetheless, it further
highlights that EM may be too strict for error detec-
tion evaluation, an inherently noisy task in which
human annotators often disagree on the precise lo-
cations and boundaries of translation errors.’

5.2 Performance of Low-Recall Sentinels

We delete errors detected by our auto-evaluators
uniformly at random with progressively higher
probability and report results under EM, MP, and
MPP, with micro- (Figure 3, left) and macro-
averaging (Figure 3, right).

Despite differing solely in how results are aver-
aged, micro- and macro-averaging produce dras-
tically different outcomes. Specifically, under
micro-averaging, performance decreases as the re-
moval probability increases, whereas under macro-
averaging it increases, highlighting its lack of ro-
bustness to task sparsity. Indeed, because many
samples contain no ground-truth errors (Table 4),
low-recall sentinels yield higher F'-score under
macro-averaging by maximizing the number of
samples assigned with zero errors.

We further exploit this limitation of macro-
averaging by deleting all errors detected by an
auto-evaluator in samples where it detected < 1
errors, and denote the F'-score of these modified
sentinel auto-evaluators with “Remove-1" in Fig-
ure 3. For each sample, these sentinels return ei-
ther 0 or > 2 error spans. As shown in the fig-
ure, Remove-1 sentinels further increase macro-
averaged F'-score. In contrast, micro-averaging is
robust to task sparsity: F'-score progressively de-
creases as the error removal probability increases,
and “Remove-1" sentinels do not achieve inflated

We refer the reader to Section 7.2, where we measure
agreement between human evaluators.
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Figure 2: Performance of auto-evaluators and imprecise sentinels at varying span length, with micro (left) and
macro (right) averaging, under all meta-metrics defined in Section 2. z = 0 shows the performance of the base

auto-evaluators before their spans were extended.
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Figure 3: Performance of auto-evaluators and low-recall sentinels at varying error removal probabilities, with micro
(left) and macro (right) averaging, under all meta-metrics defined in Section 2. x = 0 shows the performance of the
base auto-evaluators before any span was removed from their predictions.

scores, as their F'-score lies close to the correspond-
ing auto-evaluator’s curve.

5.3 Impact on Auto-Evaluator Ranking

Previous results establish that MP and macro-
averaging are biased to prefer auto-evaluators that
return longer error spans and under-detect trans-
lation errors, respectively. Additionally, in pre-
vious sections we also argued that EM might be
too strict for span-level MT meta-evaluation, and
that the approach adopted in the WMT 2025 Auto-
mated Translation Evaluation Systems shared task —
which we dub W25 — is misaligned with the MQM
and ESA annotations that serve as ground truth
in MT evaluation (Section 2.3). In this section,
we ask whether these factors also translate into
differences in auto-evaluator rankings in realistic

evaluation scenarios and, if so, to what extent. To
investigate this question, we compute the ranking
of auto-evaluators on the MQM split of the WMT
2025 shared task using all the metrics discussed
above, including W25, which we discuss in more
detail and formally define in Appendix C.2. We
present the resulting auto-evaluator rankings in Ta-
ble 1, whereas Table 7 in Appendix E reports the
corresponding F'-scores.

The most noticeable difference is between the
micro- and macro-averaged results: the ranking
is almost entirely reversed, with auto-evaluators
moving from the top to the bottom of the rank-
ing, and vice versa, when switching from micro- to
macro-averaging. Notably, AutoLQA41.sec moves
from last overall to first overall, while Qwen3 235b
moves from first overall to near the bottom of the
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ranking. As shown in Table 6, AutoLQA41.sec is
the model that identifies the fewest translation er-
rors, while Qwen3 235b is among those that iden-
tify the most. This further supports our finding
that macro-averaging is biased toward low-recall
auto-evaluators. Moreover, these results provide an
indication of how strongly this bias can affect the
final auto-evaluator rankings.

Substantial ranking differences also emerge
when comparing measures that use the same av-
eraging strategy. Focusing on micro-averaging, the
positions of individual auto-evaluators vary con-
siderably across measures in several cases. For
example, XCOMET-XL ranks 12th, 6th, 8th, and
3rd under EM, MP, MPP, and W25, respectively.
Similarly, APLsec ranks 1st, 7th, 6th, and 12th.
These large differences in auto-evaluator rankings
underscore the importance of establishing a ro-
bust approach to span-level meta-evaluation: seem-
ingly small methodological choices can not only
introduce evaluation biases, but these biases can
also substantially affect the resulting auto-evaluator
rankings when the measures are applied in realistic
evaluation settings.

6 Approaches Used in Previous Work

Previous work has adopted disparate approaches.
In the 2019 and 2020 editions of the WMT Qual-
ity Estimation shared tasks (Fonseca et al., 2019;
Specia et al., 2020), the organizers used versions of
span-level precision, recall, and F'-score similar to
MPP (we refer to this measure as W19 and formally
define it in Appendix C.1). However, they com-
pute the final F-score via macro-averaging, which
favors low-recall auto-evaluators, as shown in Sec-
tion 5.2. In the WMT Quality Estimation shared
tasks in 2023 and 2024 (Blain et al., 2023; Zerva
et al., 2024), as well as in the WMT shared task
on Automated Translation Quality Evaluation Sys-
tems in 2025 (Lavie et al., 2025), the organizers
adopted different evaluation strategies, which we
denote by W23 and W25, and define formally in
Appendix C.2. However, both strategies assign
greater weight to longer errors than shorter ones,
which is not aligned with how severity is defined in
the ESA and MQM protocols. Furthermore, Lavie
et al. (2025) report findings based on both micro-
and macro-averaged results.

Beyond the WMT shared tasks, other previous
work has adopted one or the other approach. Per-
rella et al. (2022) evaluate their MaTESe metrics

using the Span Hit Metrics — roughly equivalent to
MP with 7 = 1. Similarly, Kocmi et al. (2024b)
measure inter-annotator agreement between differ-
ent human evaluation protocols in terms of how
much protocol A covers protocol B, a measure sim-
ilar to Ryp with 7 = 1. However, as shown in
Section 5.1, MP is biased toward auto-evaluators
(or human annotators) that produce longer spans.
Guerreiro et al. (2024) evaluate XCOMET using
w23. Fernandes et al. (2023) evaluate AutoMQM
by defining custom meta-metrics similar to W23,
where span overlap is computed based on word
counts rather than character counts. Finally, Kas-
ner et al. (2026) use the measures defined by
Da San Martino et al. (2019) for propaganda detec-
tion, which closely resemble W19, but they do not
clarify whether micro- or macro-averaging is used
to derive corpus-level statistics.

6.1 Summary of Findings

* “Match with partial overlap” (MP) favors auto-
evaluators that produce longer error spans.

* Macro-averaging across data samples favors
auto-evaluators that under-detect translation
errors.

3

* “Exact match” (EM) may be too strict for span-
level MT meta-evaluation.

* Auto-evaluator rankings change drastically
when switching from micro- to macro-
averaging, as well as across different imple-
mentations of span-level precision, recall, and
F'-score.

* We recommend “match with partial over-
lap and partial credit” (MPP) combined
with micro-averaging. Among the measures
studied, this approach is the most robust to
variations in span length and task sparsity,
while remaining flexible enough to account
for partially detected errors.

7 Assessing the State of the Art

Having established MPP with micro averaging as
the recommended span-level MT meta-evaluation
strategy, we use it for two research purposes: In
Section 7.1, we evaluate auto-evaluators and rank
them according to their capabilities; In Section 7.2,
we assess the state of progress in MT error detec-
tion by measuring the gap between auto-evaluators
and human annotators.
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Metric P R F1

Qwen3 235b 17.36  31.45 22.37
GemSpanEval-QE.sec  16.33  28.61  20.60
Claude Sonnet-4.5 21.47 1858 19.92
GemSpanEval.pri 16.60 25.34 19.84
XCOMET-XXL.bas 16.38 21.39 18.33
AlP.sec 3734 1199 18.16
Claude Haiku 4.5 2195 14.82 17.69
XCOMET-XL.bas 15.46  21.10 1747
gpt-oss 120b 19.57 15.78  17.45
AIP.pri 35.18 10.30  15.93
AutoLQA.pri 16.00 14.99 14.95
AutoLQAESA .sec 16.46 13.00 14.01
AutoLQA41.sec 24.42 5.79 9.30

Table 2: MPP with micro averaging on the MQM split
of WMT25. We run the auto-evaluators highlighted in
grey, the others are submissions to WMT?25 (Lavie et al.,
2025).

7.1 WMT25 Ranking

Table 2 presents the auto-evaluator ranking on the
MQM split of WMT25 — including the English-to-
Korean and Japanese-to-Chinese translation direc-
tions — using MPP with micro-averaging. We also
compute the auto-evaluator ranking on the ESA
split of WMT?25 and report results in Table 8 in
Appendix E. Results are aggregated across transla-
tion directions by averaging language pair-specific
precision, recall, and F-score.!?

The first and third positions are obtained by
Qwen3 235b and Claude Sonnet 4.5, respectively,
which are based on our reference-less, zero-
shot, LLLM-as-a-Judge approach illustrated in Ap-
pendix B. The second and fourth positions are
achieved by GemSpanEval models, which are
based on the Gemma-3 27b model (Team et al.,
2025) fine-tuned for error detection (Juraska et al.,
2025). Interestingly, GemSpanEval-QE, which op-
erates without relying on reference translations,
slightly outperforms GemSpanEval.

We also note that results differ substantially
when ESA is used as the ground-truth, both in
terms of ranking and absolute scores (Table 8). In
particular, we observe that average F'-scores are
substantially lower with ESA. While this might be
attributed to the different translation directions cov-
ered by the two test sets, it might also stem from the
fact that ESA annotators have been shown to detect
fewer errors compared to the MQM annotations

Unlike WMT25, we do not apply any severity penalty,
meaning that matches between errors of any severity are
treated equally. Our work focuses on evaluating error de-
tection capabilities, and our meta-evaluation strategies are
orthogonal to the application of severity penalties.

conducted at WMT (Kocmi et al., 2024b). Indeed,
the average precision of auto-evaluators is 21.57
for MQM error detection, whereas it is only 10.19
with ESA; conversely, average recall is higher with
ESA than with MQM (20.55 vs 16.95).!!

7.2 State of Progress

To get a sense of the state of progress in MT er-
ror detection, we measure the performance gap
between human annotators and auto-evaluators, us-
ing inter-annotator agreement as a reference for
human performance. We adopt the same approach
as Proietti et al. (2025a), who assess whether hu-
man parity has been achieved in score-level MT
evaluation. Specifically, we evaluate humans and
auto-evaluators jointly under the same evaluation
measure (MPP with micro-averaging).

We use the MQM test sets released at the WMT
Metrics Shared Task in 2022 and 2023 (Freitag
et al., 2022b, 2023), alongside the MQM test set
released by Riley et al. (2024). Translations in
these test sets were each annotated three times by
distinct human evaluators. This redundancy allows
us to select one set of annotations as the ground-
truth and use the others to estimate human perfor-
mance.'? For this experiment, we cannot use the
WMT24 (Kocmi et al., 2024a; Freitag et al., 2024)
and WMT?2S5 test sets (Kocmi et al., 2025b; Lavie
et al., 2025). In the 2024 ESA and MQM test sets,
as well as in the WMT25 MQM test set, each trans-
lation was annotated only once. Regarding the ESA
split of WMT?25, although many translations were
annotated multiple times, there is no guarantee that
the annotations were produced by distinct annota-
tors, which would inflate our estimate of human
reference performance.

We report results in Table 3. On average, MQM
human evaluators have higher performance than
auto-evaluators, especially for EN—DE, where the
F-scores achieved by humans are as much as 10
points higher than those of auto-evaluators. Only
twice is a human evaluator surpassed by automatic
systems: MQM #1 ranks below Qwen3 235b in
EN—ZH, and below Claude Sonnet 4.5 in ZH—EN.
In contrast, MQM #2 consistently ranks first; only
in EN—ZH Qwen3 235b achieves an F'-score that

""'We compute averages excluding the auto-evaluators run
by us because they were not evaluated on the ESA test set.

2We note that each human evaluator does not correspond
to a single annotator, but rather to the combination of multiple
annotators, because WMT evaluation campaigns typically
collect annotations from a pool of annotators. Nonetheless,
each sample is annotated by three distinct annotators.
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Metric EN—DE (2022) EN—ZH (2022) EN—DE (2023) ZH—EN (2023)
P R Fl P R Fl1 P R F1 P R F1

MQM #1 42.66 44.62 | 43.62 29.88 2549 | 27.51 38.04 3551 | 36.73 40.17 39.48 | 39.82
MQM #2 39.22 4356  41.28 3595 25.68 29.96 39.02 37.47 3823 44.57 39.82 42.06
Sonnet4.5  32.61 29.75 31.12 3431 21.57 26.49 38.92 27.80 3244 48.82 33.94 40.04
Qwen3235b 23.62 38.87 29.39 28.88 30.92 20.87 31.18 30.41 30.79 40.12 39.50 @ 39.81
gpt-oss 120b  24.08 31.04 27.12 28.89 21.42 24.60 32.33 24.60 27.94 4455 29.10 @ 35.20
Haiku 4.5 30.07 19.89 | 23.94 29.88 1515  20.11 37.79 1854 24.87 50.25 25.66 33.97

Table 3: Results on the EN—DE MQM test set from WMT 2022 (Kocmi et al., 2022; Freitag et al., 2022b), the
EN—ZH MQM annotations released by Riley et al. (2024), and the EN—DE and ZH—EN MQM test sets from WMT
2023 (Kocmi et al., 2023; Freitag et al., 2023). “MQM #1” and “MQM #2” are human evaluators.

matches its performance.

These results paint a different picture from the
findings of Proietti et al. (2025a). They measure
human and auto-evaluator performance at the score
level, using the same test sets and human annota-
tions used in this work, and find that human evalu-
ators are consistently matched or surpassed by au-
tomatic systems, raising concerns about our ability
to measure progress in score-level MT evaluation.
In their discussion, they attribute these findings to
limitations in meta-evaluation measures, annota-
tion quality, and benchmark difficulty, urging the
research community to address these issues to en-
sure progress in MT evaluation remains measurable.
While some of these issues also extend to span-
level meta-evaluation, we hypothesize that, by fac-
toring in error location, the span-level setting may
enable more precise estimates of auto-evaluator ca-
pabilities, thereby increasing meta-evaluation res-
olution. For example, consider an auto-evaluator
that incorrectly detects an error at one location
while simultaneously missing a true error at another
location. The MQM-based score assigned to the
translation would remain unchanged compared to
the case where the correct error had been detected
instead. This additional noise in score-level meta-
evaluation may partly explain why human evalua-
tors are consistently matched by auto-evaluators,
whereas they still rank higher at the span-level.

8 Conclusions

This work investigates strategies for reliably as-
sessing the performance of machine translation
error detection. We evaluate the robustness of
three versions of span-level precision, recall, and
F'-score, both micro- and macro-averaging results
across data samples. Our results show that differ-
ent measures yield substantially different rankings
of auto-evaluators and that several widely used ap-
proaches introduce systematic unfairness into the

meta-evaluation, favoring auto-evaluators that pro-
duce longer error spans or that under-detect trans-
lation errors. Based on these findings, we recom-
mend “match with partial overlap and partial re-
wards” (MPP) combined with micro-averaging as
a robust strategy for span-level machine transla-
tion meta-evaluation. Finally, using MPP, we es-
tablish the state of the art in MT error detection
and measure the gap between state-of-the-art auto-
evaluators and human performance.

Limitations

Characters vs words vs tokens Both “match
with partial overlap” (MP) and “match with partial
overlap and partial credit” (MPP) rely on character-
based overlap to derive a one-to-one matching.
Specifically, two spans can match only if they over-
lap by at least one character (or 7 characters, for
MP). Similarly, the partial credit assigned by MPP
to valid matches corresponds to the proportion of
overlapping characters. We selected characters as
the unit of overlap because this makes our measures
tokenization-agnostic while still working well with
scripts that do not rely on spaces to separate words,
such as Chinese or Japanese. A consequence of this
choice is that long words contribute more to preci-
sion and recall than short ones. While we believe
that the impact of this phenomenon is negligible,
our work does not investigate whether alternative
choices would significantly change results.

Severity weighting This work does not investi-
gate weighting precision and recall according to
error severity, which is arguably orthogonal to our
discussion of evaluation measures for error detec-
tion. Recent editions of the WMT Quality Estima-
tion shared task (Blain et al., 2023; Zerva et al.,
2024) and the Automated Translation Evaluation
Systems shared task (Lavie et al., 2025) apply a
0.5 penalty to error spans with mismatched sever-

50350



ity. However, as also noted by Lyu et al. (2025),
this strategy penalizes precision and recall when
predicted and ground-truth severities differ, but
does not account for the fact that predicting a
minor error where there is no ground-truth error
is less severe than predicting a major error. Aur
et al. (2026) adapt MPP to incorporate a severity-
weighting scheme that addresses this issue: severity
mismatches remain penalized, while errors of dif-
ferent severities contribute to the final F-score in
proportion to their respective weights. Our im-
plementation at https://github.com/sted19/
span-mt-metrics-eval includes options for us-
ing MPP with this severity weighting.
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Year Lali;gl.lage #Samples  #Errors %Samples
air w/o Errors

0oy EN—IDE 21,040 16,074 53.5%
EN—ZH 49,558 29,558 48.6%

2023 EN—DE 5,980 18,698 26.9%
ZH—EN 18,829 43,767 18.9%

EN—DE 9,253 11,650 48.3%

2024 EN—ES 9,345 4,077 77.4%
JA—ZH 8,400 8,378 51.0%

2025 EN—KO 3,474 7,706 38.6%
MQM JA—ZH 3,906 8,591 27.0%
CS—DE 9,140 17,238 59.8%

CS—UK 7,290 6,561 67.0%

EN—AR 6,640 6,069 53.0%
EN—BHO 11,620 12,681 74.9%

EN—CS 7,296 12,532 64.1%

EN—ET 6,308 12,399 57.4%

2025 EN—IS 5,976 17,301 45.4%
ESA EN—IT 5,976 7,620 55.3%
EN—JA 5,976 3,968 73.3%
EN—MAS 8,964 4,106 63.2%

EN—RU 5,976 9,188 55.7%

EN—SR 5,976 12,048 52.1%

EN—UK 5,976 3,363 72.6%
EN—ZH 5,976 6,695 68.6%

Table 4: Statistics of the test sets used in this work.
These test sets have been sourced from several previous
works: the WMT Metrics Shared Task editions from
2022 to 2024 (Freitag et al., 2022b, 2023, 2024), the
study from Riley et al. (2024) regarding finding replica-
ble human evaluation techniques, the WMT25 General
Machine Translation shared task (Kocmi et al., 2025b),
and the WMT?25 shared task on Automated Translation
Evaluation Systems (Lavie et al., 2025).

A Data and Models

Table 4 reports statistics for the MQM and ESA
test sets employed in this work. Table 5 lists the
WMT25 submissions used in this work and at-
tributes them to their corresponding research pa-
pers.

B LLM-as-a-Judge Implementation
Details

Our auto-evaluators consist of four Large Language
Models (LL.Ms) prompted for error detection:

* Claude Sonnet 4.5 is a closed-source think-
ing LLM developed by Anthropic, optimized
for agents, coding, and computer use.!?

* Claude Haiku 4.5 is a cost-efficient thinking
model in the Claude family.'*

13https ://www.anthropic.com/claude/sonnet.
“https://www.anthropic.com/claude/haiku.

Auto-evaluator Research Paper

GemSpanEval (Juraska et al., 2025)
GemSpanEval-QE  (Juraska et al., 2025)
XCOMET-XL (Guerreiro et al., 2024)
XCOMET-XXL (Guerreiro et al., 2024)
AIP (pri) (Yeom et al., 2025)
AIP (sec) (Yeom et al., 2025)
AutoLQA (Hrabal et al., 2025a)
AutoLQAESA (Hrabal et al., 2025a)
AutoLQA41 (Hrabal et al., 2025a)

Table 5: Research papers associated with the WMT25
submissions and baselines used in this work.

* Qwen3 235b is an open-weight Mixture-of-
Experts model from the Qwen3 model fam-
ily (Yang et al., 2025). It features 235b pa-
rameters, with only 22b parameters activated
per token during a forward pass. This model
incorporates both thinking and non-thinking
modes.

* gpt-oss 120b is an open-weight, Mixture-of-
Experts, thinking model from the GPT model
family (OpenAl et al., 2025). It features
116.8b parameters, with only 5.13b parame-
ters activated per token during a forward pass.

We instruct these LLMs using the prompt re-
ported in Table 9. Such a prompt illustrates pre-
cisely the error detection task, providing to the
model:

* Task Guidelines: high-level instructions on
how translation errors should be identified;

* Error Typology: the MQM error typology
used by Freitag et al. (2021);

* Severity Levels: the allowed severity levels;

* Output Annotation Format: the JSON out-
put annotation format expected;

 Task Instructions: step-by-step instructions
guiding the models to conduct the error detec-
tion task.

{final_instruction} is assigned one out of two
different values depending on whether the underly-
ing LLM uses reasoning or not:

Execute these steps
sequentially. Ensure you complete
all steps: error identification,
individual error analysis (including
reasoning, categorization, and

1. Reasoning:
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verification), and final annotation
generation. Your output outside
thinking tags must contain only the
final json annotation.

2. Non-reasoning: Execute these steps
sequentially. Ensure your output
shows your reasoning for all steps:
error identification, individual
error analysis (including reasoning,
categorization, and verification),
and final annotation generation.

Asking non-reasoning models to show their rea-
soning in the output, we elicit some reasoning be-
havior, preventing them from outputting the final
JSON directly. Reasoning models are gpt-oss 120b,
Claude Sonnet 4.5, and Claude Haiku 4.5, while
Qwen3 235b is used without reasoning.

We collect our evaluations using the AWS
Bedrock service.!> We sample from LLMs using
the following generation parameters, leaving the
rest as per the Bedrock default:

max_new_tokens 32768
reasoning_effort | medium
reasoning_budget 4096

C Measures Used at WMT

WMT editions have employed different variants of
span-level precision, recall, and F-score to measure
error detection performance. In this section, we
formally define these measures and highlight their
differences from those introduced in Section 2. We
use the same notation as in Section 2. Importantly,
as in the rest of the paper, we ignore error severity.

C.1 WMT 2019 and 2020

At the 2019 and 2020 editions of the WMT Qual-
ity Estimation shared tasks (Fonseca et al., 2019;
Specia et al., 2020), the organizers adopt a version
of span-level precision, recall, and F'-score similar
to MPP.'® Each hypothesis span 5 € S is matched
with the ground-truth error span with which it has
the highest character overlap, and vice versa. The

15https ://aws.amazon.com/bedrock/.

15The official WMT19 meta-evaluation script can be found
here: https://github.com/deep-spin/qge-evaluation/
blob/master/eval_document_annotations.py.

“best match” of each span is defined as follows:
bm(8) = argmax [§ N s|
s€S
bm(s) = argmax [§ N s|
H
Foreach 3 € Sand s € S, span precision and
recall are defined as follows:

Pu1o(8) = |8“|b:|1(8>|
Ruto(s) = |8“|b:|1(8>|

Document precision and recall are computed as the
average span precision and recall:

1 .
Pyrg = — prw(s)
|5 se8
1
Ryi9 = E ZPWI‘)(S)
seSs

Finally, document F'-score is the harmonic mean of
average precision and recall, and corpus F'-score is
obtained by averaging F'-score across documents.

Similar to MPP, this measure assigns partial
credit to partial overlaps. However, instead of com-
puting a one-to-one matching between hypothesis
and ground-truth error spans, each hypothesis span
is matched with the ground-truth span with the
largest character overlap. As a consequence, the
same hypothesis span can be matched to multi-
ple ground-truth error spans, and vice versa, and
matches involving longer error spans are preferred
over those involving shorter ones. Furthermore,
corpus F'-score is obtained via macro-averaging,
which, in the presence of short documents and
sparse human annotations, favors low-recall auto-
evaluators, as shown in Section 5.2.

C.2 WMT 2023, 2024, and 2025

The organizers of the 2023 and 2024 editions of
the WMT Quality Estimation shared tasks (Blain
et al., 2023; Zerva et al., 2024) adopt a different
version of span-level precision, recall, and F'-score,
which was later slightly modified again for the 2025
edition of the WMT shared task on Automated
Translation Quality Evaluation (Lavie et al., 2025).
These measures are very similar to the one we dub
~W25 in Section 2.3, with the primary difference
that they do not enforce a one-to-one matching
between hypothesis and ground-truth error spans.
We define them formally as follows.
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Let us first define two functions to count the
number of times each character index of translation
x = (1,22, ...,Ty,) participates in an error span:

>

2.

56575:(i37js)

ca(i) = Ilis < i < js]

Cs(i) = H[ls <1< ]s]

We then define two binary functions that indicate
whether a character index participates in any error
span:

Precision and recall, as used by the WMT 2023 and
2024 Quality Estimation shared tasks, are defined
as follows:!”

Later, at the WMT 2025 Automated Transla-
tion Quality Evaluation shared task, the organizers
allowed multiple overlapping annotations to con-
tribute as many times as each character participates
in a distinct error span. Consequently, their version
of precision and recall is defined directly using the
counts c(-) rather than the binary functions b(-):'

_ S mines(i).cu(9)
B R @
S min(es (i) ()

>oizq cs(i)

Despite being used for span-level evaluation,
both measures operate at the character level. As a
result, longer error spans receive greater weight
than shorter ones, making these measures un-
aligned with MT evaluation protocols such as ESA
and MQM, where the weight of each error is deter-
mined by explicit severity labels rather than span
length.

€))

RW25 =

The official WMT23 meta-evaluation script can
be found here: https://github.com/WMT-QE-Task/
ge-eval-scripts/blob/main/wmt23/task2_evaluate.

BThe official WMT25 meta-evaluation script can be
found here: https://github.com/wmt-conference/
wmt25-mteval/blob/main/scripts/scoring/task2/
scoring_esa.py.

S1 S2 S3
—_—— —

quick b rown f o x jump s

REEEEEN (o] (o[+[~ W [ilu[r[]s]
S

§1 §2

Figure 4: Given the translation = “The quick brown
fox jumps”, this example shows span-level annotations
of translation quality, featuring three ground-truth error
spans — s1, 52, 3 € S — and two hypothesis error spans
—51,5 € 8.

D Effects of Enforcing a One-to-one
Error Matching

In Section 2, we enforce a one-to-one matching
between hypothesis and ground-truth error spans.
In contrast, previous work has often implemented
meta-evaluation measures without enforcing such a
matching. For example, considering the measures
employed over the years at WMT (Appendix C),
W19 computes two many-to-one alignments, differ-
ent between precision and recall, while w23 and
W25 do not align hypothesis and ground-truth er-
rors at all, because the final precision and recall
are directly based on character overlaps. Let us
clarify the difference between these choices using
the example in Figure 4, where 51 overlaps with
both s and ss.

Let us start from W19, where each hypothe-
sis span is aligned to the ground-truth span with
the highest character overlap, and vice-versa (Sec-
tion C.1). Consequently, §; is paired to so when
computing precision, while both s; and s are
paired to §; when computing recall, leading to the
following P and R values:

5

s+1 7
Pw19:9T:§

1+1+1
Rw19=T=1

In w23 and W25, there is no span alignment,
and P and R are based directly on character over-
lap counts. Thus, $; overlaps with ground-truth
spans for 8 out of 9 characters, while s; and s3
overlap entirely with hypothesis error spans (51
covers them both), leading to:

8+3 11
VBT 913 12
34+5+3

Ryss = o272 4
W T 3513
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Instead, MPP enforces a one-to-one error match-
ing and selects the M € M ypp that maximizes the
final F'-score. In the example in Figure 4, s; is
matched to so, while s; remains unmatched:

ot

+1 7
PMPPZQT:§
1+1 2
fuee = =37 =3

Arguably, one strategy is not necessarily better
than the other, and the choice might depend on
the specific evaluation objectives. We decided to
enforce a one-to-one matching to align with the
MQM protocol, enabling the maximum score of
F' =1 to be reached only when both the position
and number of detected errors match the ground
truth. In contrast, measures that do not enforce a
one-to-one matching focus primarily on error lo-
cation. Consider again our running example in
Figure 4: auto-evaluators assessed using W23 and
W25 can achieve an optimal F'-score = 1 by re-
turning as many single-character annotations as
there are annotated characters in the ground-truth.
However, the MQM protocol assigns scalar scores
to translations based on both error severity and
number. Specifically, a translation containing 11
errors e; (i.e., the number of characters of “The”,
“quick”, and “fox™) is assigned an MQM score of
- Zzlil severity(e; ), which is substantially worse
than a translation containing three errors, even if
their lengths and position match precisely.

W19 mitigates this by aligning hypothesis and
ground-truth errors based on their character overlap.
However, it does not enforce a single one-to-one
matching; instead, it computes two many-to-one
alignments when computing precision and recall.
This allows the same hypothesis error to be aligned
to multiple (potentially distinct) ground-truth er-
rors, and vice versa. Returning to our running ex-
ample, this allows R = 1 even though the number
of hypothesis errors is smaller than the number of
ground-truth errors.

E Additional Results

Table 6 shows the number of errors, average num-
ber of errors per sample, and average span length,
for each evaluator, computed on the MQM split of
the WMT 2025 data.

Table 7 presents the full results, including Preci-
sion, Recall, and F-score, of auto-evaluators on the
MQM split of the WMT 2025 data.

Auto-Evaluator #E #E/S  SL
MQM 16,297 2.21 10.7
AutoLQA41 .sec 2,116 0.29 53.1
Claude Haiku 4.5 11,439 1.55 10.7
Claude Sonnet 4.5 17,584 238 7.3
AutoLQAESA.sec 8,549 1.16 36.5
AIP.pri 6,606 090 5.1
AutoLQA..pri 10,070 1.36 35.5
AlP.sec 7,098 096 5.0
gpt-oss 120b 14,308 1.94 10.8
GemSpanEval.pri 26,363 3.57 105
XCOMET-XXL.bas 26,676 3.61 5.6
XCOMET-XL.bas 30,824 4.18 5.0
Qwen3 235b 30,563 4.14 9.6
GemSpanEval-QE.sec 31,815 431 9.6

Table 6: Number of errors (“#E”), average number of
errors per sample (“#E/S”), and average span length
(“SL”), for each evaluator, computed on the MQM split
of the WMT 2025 data (Lavie et al., 2025).

E.1 WMT2S ESA Ranking

Table 8 presents the ranking of auto-evaluators
when using the ESA split of WMT?25 — including
all the translation directions associated with ESA
in Table 4 — using MPP with micro-averaging. Re-
sults are aggregated across language directions by
averaging language pair-specific precision, recall,
and F'-score.
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Micro Macro

Auto-evaluator EM MP MPP W25 EM MP MPP W25
Qwen3 235b 6.99 2833 2237 23.31 721 2375 17.45 18.33
GemSpanEval.sec | 7.76  25.87 20.60 22.10 | 14.99 27.33 22.11 2261
Sonnet 4.5 798 25.05 19.92 18.37 | 12.28 23.84 18.87 19.11

GemSpanEval.pri | 7.11 2529 19.84 20.61 | 13.95 25.88 20.65 20.95
XCOMET-XXL 2.68 2553 1833 20.89 | 7.81 2473 1743 1948

AlP.sec 8.69 2443 18.16 1391 | 22.12 31.86 27.30 26.87
Haiku 4.5 6.29 2245 17.69 17.52 | 14.14 2477 20.31 20.55
XCOMET-XL 232 2472 1747 21.14 | 6.67 2389 1622 18091
gpt-oss 120b 6.62 2206 17.45 1635|1099 2199 1721 17.42
AlP.pri 6.04 23.18 1593 13.20 | 22.73 32.65 2790 27.71
AutoLQA.pri 3.15 2149 1495 1626 | 11.78 2444 17.56 18.82

AutoLQAESA:sec | 2.82 1992 14.01 15.69 | 12.81 2457 18.14 19.27
AutoLQA41.sec 1.72 1135 930 15.15 | 27.16 34.16 30.36 31.40

Table 7: F'-score of auto-evaluators on the MQM split of the WMT 2025 Automated Translation Quality Evaluation
Systems shared task under EM, MP, MPP, and W25, with both micro- and macro-averaging. We run the auto-
evaluators highlighted in gray; the others are submissions to WMT.

Metric P R F1

AlP.sec 17.00 14.75 15.17
AlIP.pri 16.06 13.02 13.52
AutoLQA .pri 10.61 14.59 10.95

AutoLQAESA .sec 11.45 13.50 10.77
XCOMET-XXL.bas 6.80 28.45 10.55
GemSpanEval-QE.sec  5.98 33.99  9.95

GemSpanEval.pri 591 3351 981
XCOMET-XL.bas 6.22 2590 9.60
AutoLQA41.sec 11.68 727  8.30

Table 8: Full results on the ESA split of WMT?25 under
MPP with micro-averaging.
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Table 9: Prompt used to instruct the LLMs to conduct the error detection task. It is designed to take as input source
language, source text, target language, and target text, and return the annotation as a JSON object.

You will be provided with a source paragraph and its translation. A paragraph may contain one or more sentences. Your task is
to identify all translation errors, assigning a category, subcategory, and severity level to each error.

### Task Guidelines

- To identify an error, you must mark its span of text in the translation. Only in two special cases must the error be located
in the source paragraph rather than the translation. These two special cases depend on the error category you assign to
the identified error (refer to error categories and subcategories below):

1. *xOmission errors*x (category='Accuracy' and subcategory='Omission'): Mark the missing span of text in the source
paragraph.

2. xxSource errorsx* (category='Source error' and subcategory='Source error'): Mark the problematic span of text in the
source paragraph. Source errors are problems in the source paragraph itself, not translation errors (e.g., grammatical
errors in the source paragraph). When source errors occur, do not penalize the translation by marking a corresponding
translation error unless the translation introduced additional problems.

Apart from these two special cases, all errors must be located in the translation.

- When identifying errors, be as fine-grained as possible. For example, if two consecutive words are each mistranslated, record
two separate errors. However, if multiple errors occur in a single stretch of text and cannot be separated, record only
the most severe error (refer to the available error severities below).

- We will later derive the position of the identified error spans in the source or translation paragraphs via string matching.
Therefore, report the identified error spans verbatim, without modifying or altering them in any way.

- If it is not possible to reliably identify distinct errors because the translation is too badly garbled or is unrelated to
the source, mark a single 'Unintelligible' error that spans the entire paragraph. There can be at most one '
Unintelligible' error per translation, and it should span the entire paragraph. Do not identify other errors if the
Unintelligible' category is used.

### Error typology

You must select error categories and subcategories from the following error typology:
**xAccuracyx*
- Addition: Translation includes information not present in the source.
- Omission: Translation is missing content from the source.
- Mistranslation: Translation does not accurately represent the source.
- Untranslated text: Source text has been left untranslated when it should have been translated (note: use common sense and
consider target language conventions, as some text like certain titles or certain proper names are typically left
untranslated).

*xFluency*x
- Punctuation: Incorrect punctuation (for locale or style).
Spelling: Incorrect spelling or capitalization.
- Grammar: Problems with grammar, other than orthography.
- Register: Wrong grammatical register (e.g., inappropriately informal pronouns).
- Inconsistency: Internal inconsistency (not related to terminology).
- Character encoding: Characters are garbled due to incorrect encoding.

**Terminologyx*
- Inappropriate for context: Terminology is non-standard or does not fit the context.
- Inconsistent use: Terminology is used inconsistently.

*xStylexx
- Awkward: Translation has stylistic problems.

*xLocale convention*x
- Address format: Wrong format for addresses.
- Currency format: Wrong format for currency.
- Date format: Wrong format for dates.
- Name format: Wrong format for names.
- Telephone format: Wrong format for telephone numbers.
- Time format: Wrong format for time expressions.

**0ther**
- Other: Any other issue.

*xSource errorx
- Source error: An error in the source.

**Unintelligiblexx
- Unintelligible: Impossible to reliably characterize distinct errors.

Each error category (e.g., Accuracy or Fluency) has one or more subcategories (such as Addition for Accuracy, and Punctuation
for Fluency).

### Severity levels

You must select severity levels from the following list:
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- xxCritical*x: Errors that severely distort the meaning of the source text or make the translation very difficult to
understand or parse.

- x*Majorx*: Errors that alter the meaning of the source or impact the readability or flow of the translation.

- *xMinor*x: Small imperfections that have minimal impact on meaning preservation or readability.

### Output Annotation Format
Return your annotations in JSON format as a list of Python dictionaries enclosed between triple backticks. Each dictionary
represents a translation error and has the following form:

TTjson

i«
"span”: <minimal span of text containing the error>,
"span_with_context”: <extended span of text containing the error>,
"explanation”: <justification for marking this span as error>,
"category”: <error category>,
"subcategory”: <error subcategory>,
"severity": <error severity>

13

If no errors are found, return an empty list.

## Input Source and Translated Segments

The source paragraph and translation to evaluate are provided below:
{src_lang} source: {src}

{tgt_lang} translation: {tgt}

## Task instructions

You must execute these steps in order:

1. **xERROR IDENTIFICATION**: Analyze the translation sentence by sentence. For each sentence, quote it, then identify potential
translation errors by specifying error spans within the considered sentence. List all the spans of text that are
potential translation errors.

2. *xERROR ANALYSIS**: Examine each identified span in isolation:

1. **REASONING**: Explain why this span of text should be considered an error. If during your reasoning you determine that
this is not actually an error, discard it and move to the next span. Otherwise, proceed with the next step.

2. xxCATEGORIZATION**: Assign an appropriate category, a subcategory, and a severity level to the identified error. Pay
particular attention to severity assignment. Ensure that the assigned severity label reflects the severity description.
Adjust the severity level if your initial assessment doesn't align with the definitions.

3. **VERIFICATION**: Review the error you have identified, its category, subcategory, and severity level. Confirm
compliance with the annotation guidelines by checking:

- Was the error span correctly marked in the translation? Or is it an omission or source error and should be marked in
the source?
- Was the error span correctly copied verbatim from the translation or source paragraphs, or have other characters been
added?
3. *xFINAL ANNOTATION GENERATION*x: Generate the output annotation in JSON format as requested.

{final_instruction}
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