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Abstract

Automatic evaluation metrics are central to the
development of machine translation systems,
yet their robustness under domain shift remains
unclear. Most metrics are developed on the
Workshop on Machine Translation (WMT)
benchmarks, raising concerns about their
robustness to unseen domains. Prior studies
that analyze unseen domains vary translation
systems, annotators, or evaluation conditions,
confounding domain effects with human
annotation noise. To address these biases, we
introduce a systematic multi-annotator Cross-
Domain Error-Span-Annotation dataset (CD-
ESA), of 4.5k human error span annotations
from the same five annotators and the
same six translation systems across one
seen news domain and two unseen technical
domains. Using this dataset, we first find
that automatic metrics appear surprisingly
robust to domain-shifts at the segment level
(0.47-0.61 agreement), but this robustness
largely disappears once we account for
human label variation. Averaging annotations
increases inter-annotator agreement by up to
+0.11. Metrics struggle on the unseen chemical
domain compared to humans (inter-annotator
agreement of 0.78-0.83 vs. 0.96). Meaningful
claims of cross-domain robustness require
comparison to inter-annotator agreement and
we recommend our standard evaluation setup
for future evals.

1 Introduction

Machine translation aims to break barriers between
different cultures, supporting humanity’s ability
to collaborate and share knowledge (Steigerwald
et al., 2022).To quantify which translation methods
are “good”, we need robust automatic metrics to
compare systems (Mathur et al., 2020). Those
metrics enable large-scale experimentation and
frequent model comparisons that would be too
costly with human annotation (Chaganty et al.,
2018). Although many studies rely on evaluation
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Figure 1: Metrics may show unexpected behavior on
unseen domains, reflecting domain familiarity over
translation quality, while variability in human judgments
(e.g., overlooking errors) can mask these effects.

metrics as the watchmen for progress in the field,
there are valid concerns whether these metrics
accurately quantify progress as intended, especially
in low-resource settings.

Most metric development and validation is
centralized around the WMT shared tasks (Lavie
et al., 2025). The WMT shared tasks provide a large,
annually refreshed human-evaluated benchmark of
bilingual text drawn from multiple high-resource
domains such as news, literary, social, and spoken
sources. This has raised concerns that metric
performance degrades under conditions outside this
distribution, for example on medical data.

Few studies have directly examined metric
robustness on unseen domains by collecting
new human annotations tailored to out-of-domain
evaluation (Zhang et al., 2025; Zouhar et al.,
2024). However, comparing domains between
studies is difficult and assessments are often
done by different human evaluators, raising two
methodological gaps to motivate this study. First,
human judgments are known to be inconsistent
(Belz et al., 2023), especially at the segment level
(Plank, 2022). Individual ratings contain noise
that cam act as a bottleneck for reliable metric
evaluation (illustrated in Figure 1). Second, studies
that change annotator pools, translation methods,
and annotation conditions across datasets make



it challenging to compare results and attribute
performance differences solely to domain shift
(Zouhar et al., 2024). Raw agreement or correlation
scores are therefore hard to interpret, as they
confound metric behavior with domain-specific
annotation difficulty (Agrawal et al., 2024). We
argue that variation in human label consistency
across domains and annotator pools makes machine
translation scores difficult to compare. In effect, we
need better ways for assessing the metrics in out-
of-domain settings, this watching the watchmen.
In this study, we introduce the Cross-Domain
Error-Span-Annotation dataset (CD-ESA) dataset
with 4.5k human error span annotations from
five annotators on English—German translations
and across three domains: WMT23 news, public
medical documents (Emea), and proprietary
pharmaceutical and chemical data (PharmaChem).
We ensure fair cross-domain comparison by
evaluating translations of the same MT systems
and relying on the same annotators across all
domains. Each segment is annotated by multiple
human annotators for consistent measurement of
inter-annotator agreement and fair comparison
of annotation difficulty across domains. Since
human labels can vary substantially (Plank, 2022;
Sarti et al., 2025), we examine how averaging
human annotations reduces this variability. We
also propose a grouping strategy that combines
n segments, reducing annotation costs and
inconsistency by requiring fewer human judgments.
To avoid data contamination, particularly for LLM-
as-a-judge approaches (Kocmi and Federmann,
2023b), we derive our unseen-domain dataset
from proprietary company data of shift worker log
entires with technical terms and specific jargon.
We first confirm prior findings that automatic
metrics appear robust at the segment level
on unseen domains (0.47-0.61 agreement),
often within 0.04 of inter-annotator agreement
(0.53-0.55) but this robustness largely disappears
once we account for human label inconsistency.
Averaging annotations increases inter-annotator
agreement by up to +0.11. Metrics struggle on
the unseen PharmaChem domain, inter-annotator
agreement reaches 0.96, while metrics achieve
only 0.78-0.83. Metrics underestimate translation
quality by up to 0.45 normalized score points
and over-prefer open-source MT systems. These
effects are strongest for fine-tuned metrics such as
XCOMET (Guerreiro et al., 2024), while LLM-as-
a-judge approaches show greater robustness.

Key Contributions:

» A Cross-Domain ESA Dataset. We introduce
CD-ESA, a multi-annotator Cross-Domain
Error Span Annotation dataset for three (unseen)
domains under consistent evaluation conditions.

» Disentangling metric robustness from human
label inconsistency. To reduce human label
inconsistency, we propose and evaluate a cost-
effective alternative that groups n segments into
a single evaluation unit.

» Analysis of metric weaknesses under domain
shift. We analyze the reasons why metrics fail
under domain shift.

2 Related Work

Quality estimation (QE) predicts translation
quality without reference translations (Specia
et al.,, 2009), making it key for low-resource
settings, where references are often not available.
Most QE research follows two paradigms. First,
methods fine-tune encoder-based models on human
judgments, including CometKiwi (Rei et al.,
2023), MetricX (Juraska et al., 2024), and
xComet (Guerreiro et al., 2024). Remedy (Tan
and Monz, 2025) departs from regression-based
training by learning relative quality from pairwise
preferences, improving performance on standard
benchmarks. Second, methods uses LLM-as-a-
judge approaches, such as GEMBA-MQM (Kocmi
and Federmann, 2023a), which assess translation
quality via prompting (Kocmi and Federmann,
2023b; Fernandes et al., 2023). While both
paradigms report strong results on benchmark
data, their robustness on new domains remains
underexplored.

Meta-evaluation of QE Metric development
and validation are strongly shaped by the WMT
Metrics Shared Tasks, where submitted metrics are
ranked by agreement with newly collected human
judgments (Freitag et al., 2022b, 2023, 2024; Lavie
et al., 2025). These benchmarks focus on a
limited set of high-resource domains (e.g., news,
literary text, reviews) and language pairs (e.g.,
En—De, En—Zh). Over time, WMT has produced
large human-annotated datasets using standardized
evaluation protocols, such as Direct Assessment
(DA) (Graham et al., 2013), Multidimensional
Quality Metrics (MQM) (Freitag et al., 2021),
and ESA (Kocmi et al.,, 2024). As a result,



most state-of-the-art metrics train on WMT-derived
judgments and achieve near-human agreement on
WMT test sets (Proietti et al., 2025). We argue
that such results show adaptation to WMT-style
distributions. Our work evaluates metrics under
matched conditions but outside this distribution.

Metrics on unseen domains Only few studies
evaluate metrics using newly collected annotations
on unseen domains. Zouhar et al. (2024) report
degraded metric performance out of domain,
though updated analyses show sensitivity to label
imbalance (Section A). Further, they assume BLEU
as a domain-invariant reference, despite evidence
of domain-dependent performance (Section A).
Moreover, prior studies vary MT systems,
annotators, or annotation protocols across domains,

confounding domain effects with human variability.

Recent work on QE in the literary domain (Zhang
etal., 2025) focuses on human evaluation reliability
rather than cross-domain metric robustness.

Prior work highlights challenges in evaluating
metrics on unseen domains but typically varies
annotators, MT systems, or evaluation setups
across datasets, making it difficult to isolate true
domain effects from annotation noise. This
lack of controlled cross-domain evaluation leaves
it unclear whether observed performance drops
reflect genuine metric weaknesses or differences in
human labeling consistency.

3 Methodology

We create the CD-ESA dataset to evaluate MT
metrics under domain shift by translating data from
three domains with the same MT systems, and
collecting multiple human error span annotations
per segment. We assess metric-human agreement
at segment and system levels using the WMT25
(Lavie et al., 2025) protocols and compare it with
inter-annotator agreement. This design allows us
to disentangle metric robustness from human label
inconsistency and to analyze systematic biases in
metrics across unseen domains.

3.1 Creation & annotation of CD-ESA

To create our CD-ESA dataset, we collect English
source sentences from three domains:

(i) WMT23 (in-domain) A randomly sampled
subset of English news data from the metrics
shared task of WMT23 consisting of well-edited
journalistic text from a high-resource news domain

on which most automatic metrics are developed
and validated.

(ii) PharmaChem (unseen, proprietary) A
proprietary industrial dataset of English log entries
written by shift workers' in pharmaceutical and
chemical plants. The data contains domain-specific
terminology, abbreviations, and short, non-fluent
utterances. As proprietary data, PharmaChem is
contamination-free for LLM-based evaluation.
(iii) Emea (unseen, public proxy) A parallel
corpus derived from European Medicines Agency
documents (Tiedemann, 2012). The data
contain medical and regulatory text with specific
terminology and abbrevations. As a public
proxy for PharmaChem, we retain only segments
classified as similar to PharmaChem using a binary
domain classifier we train (see Section E).

We translate all source sentences from English
into German by the same six MT systems: GPT-40
(OpenAl, 2024), DeepL. (DeepL SE, 2024), Azure
MS (Microsoft, 2024), X-ALMA (Xu et al., 2024),
Tower-Instruct-v2 (Rei et al., 2024), and a Tower
model we fine-tune on PharmaChem data. This
results in a total of 1354 translations (Table 1).

To ensure comparability and avoid introducing
inference-related artifacts, all open-source MT
systems use beam decoding (Sutskever et al., 2014).
This choice avoids metric-hacking effects of other
decoding strategies, such as Minimum Bayesian
Risk decoding (Freitag et al., 2022a; Tomani et al.,
2024; Pombal et al., 2025).

We annotate all translations using a total of five
annotators and at least two annotators per segment,
enabling estimates of inter-annotator agreement
across domains. All annotations follow the Error
Span Annotation (ESA) protocol (Kocmi et al.,
2024) and are collected using Label Studio?.

Annotators are native German speakers (four
female, one male), aged between 20 and 25,
and employed as working students with prior
experience in linguistic annotation tasks.

Table 1 summarizes dataset statistics.
PharmaChem is the most challenging domain,
with 2.8 errors per segment on average, compared
to 1.4 on WMT23 and 0.8 on Emea. The lower
error rate on Emea is partly explained by shorter
segments (22.4 vs. 38 tokens for WMT23 and
PharmaChem).

! Shift workers operate industrial production processes and
document processes, incidents, and handovers across shifts.
2https://labelstud.io
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Metric Emea Chem WMT23
# Annotated segments 587 482 285

# sources 98 88 48
Avg. tokens / source 22.4 37.8 38.0
Avg. transl./source 6 54 5.9

# Annotators per segment 4 2 4
Avg. ESA score 91.3 82.4 88.5
Avg. errors / seg 0.8 2.8 1.4
Minor errors [%] 65.8 55.6 70.4
Major errors [%] 34.2 44 4 29.6

Table 1: Dataset overview of our new dataset CD-ESA.

Following human annotation, we evaluate three
categories of automatic metrics:
(i) Supervised fine-tuned (SFT) metrics,
including xCOMET-XL, MetricX-24-XL, and
COMETKIWI-23-XL. Unless stated otherwise,
reported SFT metrics results correspond to the
mean performance across these three metrics.
(ii) Remedy, a preference-based metric that
outperforms fine-tuning on recent WMT
benchmarks.
(iii) GEMBA, an LLM-as-a-judge approach
using the GEMBA-ESA prompt® with GPT-40*.

3.2 Meta-Evaluation

To assess automatic metrics on the CD-ESA
dataset, we follow the WMT25 Metrics shared task
evaluation and measure metric-human agreement
at system- and segment-level.

Segment-level evaluation. For segment-level
evaluation, we use pairwise accuracy with
tie calibration (acce,) (Deutsch et al., 2023).
Specifically, acc., counts how often a metric m
ranks pairs of translations of the same source
segment in the same order as a human annotator 5,
while accounting for tied scores.

System-level evaluation. We evaluate system-
level metric performance using Soft Pairwise
Accuracy (SPA) (Thompson et al., 2024). SPA
measures how well a metric agrees with humans
on the relative ranking of MT systems while
accounting for the confidence of these preferences.
Computational details of acce, and SPA are in
Section B.

Oracle bounds We also establish performance
bounds ensuring fair comparison across domains.
We measure inter-annotator agreement using the
same metrics (acceq, SPA) to define an upper

3https ://github.com/MicrosoftTranslator/GEMBA
“We use the GPT-40 API version released on 2024-12-01.

bound. As lower bounds, we include a dummy
metric that assigns random scores and a sentinel
candidate metric (Perrella et al., 2024) that has
access only to the candidate translation and not the
source. Thus, this metric is unable to evaluate the
quality of machine-translated text properly.

Unless stated otherwise, we compute evaluation
scores by treating each human annotator as
the ground truth individually and averaging the
resulting values. For inter-annotator agreement,
we compute agreement over all possible annotator
pairs and report the average.

Bias analysis and implementation. To analyze
potential biases, we additionally examine scores
assigned by metrics and humans across MT
systems and domains directly. This allows us
to detect preferences for specific systems and
systematic score shifts across domains. We conduct
parallel analyses of human scoring to distinguish
effects caused by human label inconsistency from
metric biases.

4 Experiments

Our experiments investigate how well automatic
MT evaluation metrics generalize to unseen
domains and identify factors that limit their
reliability under domain shift.

First, we assess whether current metrics exhibit
degraded performance on unseen domains. We
compare metric-human agreement at the segment
and system levels across seen and unseen domains,
following the WMT?25 meta-evaluation protocol.
Interpreting metric-human agreement relies on
human judgments as ground truth. However,
human annotations are known to exhibit substantial
label inconsistency (Plank, 2022). This raises the
question of whether human noise may conceal
differences in metric behavior across domains.
Second, we investigate the role of human label
inconsistency in cross-domain evaluation. By
averaging human scores and grouping multiple
segments, we reduce annotation noise and obtain
a cleaner evaluation signal. This allows us to
test whether domain-specific effects become more
apparent once human noise is mitigated. Third,
we analyze the reasons metrics fail to align with
human judgments on unseen domains. We focus on
identifying systematic biases and domain-specific
effects that explain mismatches between metric and
human evaluations.
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Figure 2: (Soft)Pairwise accuracies of metric-human
and human-human (humanB) agreement on CD-ESA.
The red line is the performance of a random baseline.

4.1 Maetrics are robust on unseen domains

To compare metric performance across seen and
unseen domains, we measure segment- and system-
level metric—human agreement on our CD-ESA
dataset across three domains: WMT23, Emea,
and PharmaChem (Section 3.1). Figure 2 reports
segment-level acceq and system-level SPA.

At segment level, metrics show no degradation
on unseen domains. Supervised metrics and
Remedy even improve on the contamination-free
PharmaChem domain (0.54—0.57 and 0.58—0.61)
compared to WMT23. GEMBA shows nearly
identical performance across domains (0.47 on
WMT23 and Emea, 0.48 on PharmaChem). We
find that segment-level metric—-human agreement
remains stable across domains.

Comparison to inter-annotator agreement
supports the robustness of metrics across domains.
In all domains, at least one metric is within 0.04 of
human-human agreement. Remedy, for example,
reaches 0.58 vs. 0.55 on WMT?23, 0.53 vs. 0.53 on
Emea, and 0.61 vs. 0.65 on PharmaChem. In some
cases, metric—chuman agreement even exceeds
inter-annotator agreement (e.g., Remedy: 0.58 vs.
0.55 on WMT?23), suggesting that human label
inconsistency may affect reliability (Plank, 2022).

At the system level, a different pattern emerges.
On WMT?23, metrics achieve an average SPA of
0.86, close to inter-annotator agreement (0.88). On
Emea, GEMBA reaches 0.85, slightly exceeding
human agreement (0.83), while SFT metrics
and Remedy lag behind (0.74 and 0.77). On
PharmaChem, inter-annotator agreement is high
(0.96), but metrics fall behind, with SPA values
between (.78 and 0.83. This gap shows that metrics
shows that metrics fail at the system level despite
suspected robustness at the segment level.
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Figure 3: Pairwise accuracy gains from score
aggregation on WMT23 and Emea. Bars report changes
in acc.q when replacing single with averaged scores.

4.2 Averaging human annotations reveals
metric weaknesses on unseen domains

Here, we want to understand whether the apparent
cross-domain robustness observed in Section 4.1
reflects metric generalization or is instead driven
by human label inconsistency. We evaluate the
effect of averaging multiple human annotations as
a noise-mitigation strategy and propose a second,
cost-effective strategy that groups n segments into
a single evaluation unit.

Aggregating multiple annotations. We assume
that each translation has an underlying ground-
truth quality score and that annotators approximate
this score with independent noise (Graham et al.,
2015). Under this assumption, averaging multiple
annotations for the same segment should reduce
noise. As a result, we expect both inter-annotator
and metric-human agreement to increase as more
annotations are aggregated (Sarti et al., 2025).

To enable averaging across heterogeneous
scoring scales, we first z-normalize all scores
for each annotator and each metric separately,
following prior work (Bojar et al., 2017).
We first examine inter-annotator agreement.
Specifically, we compare acceq at segment-level
computed between two individual annotators to
agreement computed after averaging the scores
of two annotators on each side. In both
cases, we average the results over all possible
single—single and pair—pair annotator combinations.
Averaging human annotations leads to a consistent
improvement across domains, suggesting that
human label inconsistency is largely domain-
independent.

As shown in the top bars of Figure 3, averaging
yields consistent gains across domains: inter-
annotator agreement increases from 0.55 to 0.66 on
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Figure 4: Pairwise accuracy for grouping segments. The
x-axis shows number of segments (n), the y-axis shows
pairwise accuracy. We plot inter-annotator agreement
(HumanB) and metric-human agreement for several
metrics with lower-bound (sentiel).

WMT23 (+0.11) and from 0.53 to 0.63 on Emea
(+0.10), indicating largely domain-independent
human label noise.

Next, we analyze the average metric-human
agreement by replacing a single human annotation
with the average of four human annotations as
ground truth (middle bars in Figure 3). On WMT?23,
agreement increases from 0.54 to 0.60 (+0.06). On
the unseen Emea domain, gains are smaller, from
0.50 to 0.53 (+0.03), despite comparable reductions
in human noise. This divergence indicates that once
annotation noise is reduced, metric weaknesses on
unseen domains become more apparent.

Finally, we examine average metric-human
agreement when averaging scores from four
metrics instead of using a single metric score
(bottom bars in Figure 3). In contrast to human
averaging, this yields no meaningful improvement.
The absence of gains indicates that current metrics
exhibit correlated errors rather than independent
noise, reflecting shared biases.

Grouping n segments. Since collecting multiple
human annotations per segment is costly and
often infeasible for large datasets, we propose an
alternative noise-mitigation strategy: grouping
n segments. Instead of averaging multiple
annotations for the same segment, we group
n segments translated by the same MT system
and average their scores. This yields an
intermediate evaluation setting between segment-

level evaluation (n =
evaluation (large n).

Figure 4 shows the results. For WMT23
with n = 1, the inter-annotator agreement
is relatively low with 0.54, reflecting high
inconsistency in human segment-level labels. As
n increases, inter-annotator accuracy rises sharply.
Grouping only three segments already increases
human-human pairwise accuracy from 0.55 to 0.70.
Metric-human agreement improves in parallel and
remains close to inter-annotator agreement across
all values of n. This behavior indicates that,
on seen data, reducing human noise primarily
strengthens agreement signals without revealing
large gaps between humans and metrics.

On the unseen PharmaChem domain at n =
1, the gap between inter-annotator agreement
and the best metric-human agreement is small
(approximately 0.04), mirroring the segment-
level results discussed earlier. As we increase
n, inter-annotator agreement continues to rise
and approaches 1.0, reflecting increasingly stable
human system rankings. In contrast, metric-human
agreement plateaus around 0.8. As a result, the
gap between human—-human and human-metric
agreement widens, reaching approximately 0.20
for larger group sizes. This divergence indicates
that once human label inconsistency is reduced,
persistent metric weaknesses in unseen domains
become more visible.

Grouping also exposes differences between
meaningful metrics and trivial baselines. Atn = 1,
GEMBA performs on par with the sentinel baseline
across all domains, indicating that human noise
masks the benefit of access to the source sentence.
When grouping at least n = 6 segments, this
changes: GEMBA outperforms the sentinel by
approximately 0.08 pairwise accuracy across all
three domains. This aligns with the expectation that
access to the source sentence improves translation
evaluation once annotation noise is reduced. A
similar pattern-no separation at n = 1, but a
growing gap after grouping is also observed on the
Bio dataset of Zouhar et al. (2024) (see Section A).

1) and full system-level

4.3 Automatic metrics are susceptible to
biases on unseen domains.

In this section, we analyze the systematic biases
that occur under domain shifts for various metrics.

Bias 1: QE metrics overestimate open-source
systems on unseen domains. Any given QE
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Figure 5: Visualization of the ranking of three MT systems. The x-axis lists the ranks and the y-axis shows the
corresponding z-scores assigned by the ranker. Green dotted A markers in the HumanA/HumanB columns indicate
the score gap between X-ALMA and the closed-source systems under human judgments.

metric should align with human judgments on the
relative ranking of MT systems across domains. To
assess this, we compute system rankings separately
for each domain using z-scores. These ranks
allow us to compare scores across heterogeneous
scoring scales of different humans and metrics. For
each human and metric, scores are normalized per
domain, and systems are ranked by their average
score across all translations.

Figure 5 shows differences between human- and
metric-based rankings for three systems X-ALMA
(open-source), Azure, and DeepL (closed-source),
for which human judgments reveal performance
gaps between open- and closed-source models.
Human rankings (HumanA/B) are obtained by
splitting the four annotators randomly into two
groups (WMT23, Emea) or using individual
annotators directly (PharmaChem).

On the seen WMT23 domain, humans and
metrics largely agree. Both rank DeepL. and Azure
above X-ALMA (e.g., HumanA/B: DeepL +0.77,
Azure +0.62 vs. X-ALMA -1.13). Metrics reflect
this ordering, with SFT metrics assigning DeepL
+1.35, Azure +0.51, and X-ALMA -0.71; Remedy
is the only metric placing X-ALMA close to closed-
source systems.

On unseen domains, this alignment breaks down.
Humans consistently prefer closed-source systems,
while metrics inflate scores for X-ALMA and
deflate closed-source systems. On Emea, humans
assign DeepL +0.41 and X-ALMA -1.55, whereas
SFT metrics score X-ALMA +0.34 and DeepL -
1.20, reversing the human ranking. A similar effect
appears on PharmaChem: humans rank DeepL
(+0.91) and Azure (+0.40) above X-ALMA (-1.55),
while metrics assign X-ALMA scores near zero
(e.g., -0.05 for SFT metrics) and push Azure into
negative ranges (-1.33).

While the precise score shifts are not all visible
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Figure 6: Average differences of normalized human and
metric scores across domains. Negative values mean
the metric underestimates translation quality relative to
humans; positive values mean it overestimates quality.

in Figure 5, detailed rankings and score differences
for all systems are provided in Section F.

The bias is most pronounced for supervised
fine-tuned metrics, but it also appears for the
LLM-as-a-judge approach on the contamination-
free PharmaChem domain. Notably, these ranking
errors occur despite using the same scoring
procedures as those used in WMT?23, and despite
strong inter-annotator agreement among humans.

Bias 2: QE metrics underestimate translation
quality on out-of-domain data. A desirable
property of a QE metric is domain invariance:
translation  quality should be  assessed
independently of the source domain. We
test this by comparing average human and metric
scores across domains. We use z-scores to ensure
comparability across different scoring scales.

For each domain, we compute the average
z-score assigned by humans and metrics and
their differences (Figure 6). Because humans
score translations are based on quality rather than
domain, a domain-agnostic metric should closely
match human averages, with differences near zero.



Figure 6 shows that on the unseen PharmaChem
domain, SFT metrics are systematically pessimistic,
assigning scores on average 0.45 points lower than
humans. Their behavior closely mirrors that of
the sentinel baseline, suggesting reliance on target-
side fluency rather than adequacy under domain
shift. Remedy exhibits inconsistent behavior
across unseen domains, overestimating quality on
PharmaChem while underestimating it on Emea. In
contrast, the LLM-as-a-judge approach (GEMBA)
does not show systematic over- or underestimation,
indicating more domain-agnostic scoring behavior.

Error masking analysis. To better understand
why supervised fine-tuned (SFT) metrics exhibit
the biases observed on unseen domains, we analyze
token-level error masks predicted by XCOMET, an
explainable variant of COMET (Rei et al., 2020).
Error span prediction offers a fine-grained view
of metric behavior beyond scalar scores on the
WMT25 Metrics shared task 2.

We compare character-level overlap between
XCOMET-predicted error spans and human
annotations across all domains, computing
precision, recall, and F1 following the WMT?25
setup. For simplicity, we treat minor and major
errors uniformly. Human—human agreement shows
balanced precision and recall, with stable F1
scores between 0.44 and 0.60, indicating consistent
annotation behavior across domains (Table 2).

In contrast, human—-XCOMET agreement is
substantially lower (F1: 0.25-0.32), confirming
that error span prediction remains challenging.
Precision—recall imbalance is markedly stronger
on unseen domains, most notably on PharmaChem,
where precision drops to 0.19 while recall reaches
0.83. The imbalance indicates that XCOMET over-
predicts errors particularly under domain shift.
Thus, SFT metrics may rely on source-side domain
cues rather than solely judging translation quality.

Qualitative examples corroborate the pattern: on
unseen-domain translations, XCOMET frequently
labels large portions of a sentence as containing
minor errors, even when humans annotate a small
number of error spans (Figure 7). Our analysis
reveals a systematic tendency of SFT metrics to
over-predict errors on unseen domains, providing
an explanation for the pessimistic quality estimates
observed in Figure 6.

Embedding Analysis. We analyze last-layer
representations of XCOMET. The embeddings
cluster mainly by domain rather than by human-

XCOMET-human human-human

Domain

P R F1 P R F1
WMT23 022 051 025 058 047 0.48
Emea 027 0.69 032 067 064 0.60
PharmaChem 0.19 0.83 029 0.52 044 0.44

Table 2: Precision, Recall, and F1 of character-level
error mask overlap between human—human and human—
XCOMET. Bold shows the highest value per domain.

Source:

Grease line is interrupted near the front end.
xCOMET :
Fettleitung
Human A:
Fettleitung ist nahe am Front Ende unterbrochen
Human B:

Fettleitung ist nahe am Front Ende unterbrochen

ist nahe am Front Ende unterbrochen

Figure 7: Example of XCOMET on Emea marking many
words as errors when humans only marked two.

judged quality, indicating reliance on source-side
domain information. Details are in Section D.

5 Conclusion

This paper analyzes how automatic MT evaluation
metrics behave under domain shift. Using CD-
ESA, a new multi-annotator dataset covering
translations from the same five MT systems on
a seen news domain (WMT23) and two unseen
technical domains (Emea and the proprietary
PharmaChem), all annotated by the same five
annotators, we study metric behavior under
controlled cross-domain conditions.

We show that annotation noise can mask metric
weaknesses on unseen domains, leading to overly
optimistic conclusions. When we reduc noise by
averaging multiple human annotations or grouping
segments, marked gaps emerge between human
and metric judgments on unseen domains.

On unseen domains, metrics show two
systematic biases, they underestimating translation
quality and over-preferencing weaker open-source
systems. These effects are strongest for SFT
metrics, while LLM-as-a-judge approaches show
greater robustness. Error mask analyses further
shows that SFT metrics rely on domain-related cues
rather than translation quality.

Our findings highlight that metric robustness
across domains must be interpreted relative to inter-
annotator agreement under identical conditions.
Controlling for human label inconsistency is
essential for reliable conclusions about metrics.



Limitations

Our study focuses on two unseen technical
domains (Emea and PharmaChem) and a single
high-resource language pair (English—-German),
reflecting both our research goal of evaluating
metrics in our-of domains settings and the needs
of our pharmaceutical industry partner. While
extending this approach to additional domains
and language pairs is an important direction
for future work, the multi-annotator error span
annotations required for reliable evaluation are
costly at scale. Future studies could mitigate
this cost by reusing existing annotations, sharing
cross-domain annotation resources, or adopting
aggregation strategies such as segment grouping to
reduce annotation overhead.

Some of our analyses further rely on
assumptions about human judgments. In
particular, we assume that human annotators
assess translations based on translation quality
rather than domain characteristics. Under this
assumption, a domain-agnostic metric should
assign domain-wise average scores similar to those
of humans. To our knowledge, this assumption is
necessary for fair cross-domain comparison, but
our conclusions may need to be revisited if future
work challenges it.

Finally, reducing human annotation noise
requires multiple annotations per segment, which
substantially increases annotation cost. While
averaging human judgments improves evaluation
reliability, it is expensive in practice. Our
proposed grouping strategy offers a more cost-
effective alternative, but it reduces the number of
independent evaluation units. To mitigate this trade-
off, future evaluation campaigns could prioritize
annotating shorter segments, which would allow
collecting more annotations under fixed annotation
budgets.
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A Pairwise accuracy evaluation for the
BIO-MQM dataset

Prior work by Zouhar et al. (2024) evaluates metric
robustness on the BIO-MQM dataset using plain
Kendall’s 7 for meta-evaluation. While Kendall’s 7
is a widely used rank-correlation measure, it does
not explicitly account for ties, which are common
in high-quality translation data.

More recent meta-evaluation techniques address
these issues by (i) comparing systems on a
pairwise basis with explicit tie handling (Deutsch
et al., 2023), and (ii) restricting comparisons to
translations of the same source segment via a
group-by-item evaluation strategy. Together, these
methods prevent measuring spurious correlations
across heterogeneous segments and consider if
metrics are able to predict ties.

Applying these updated evaluation techniques
to the BIO-MQM data yields a more nuanced
view of metric performance and highlights several
properties of the dataset that influence the resulting
conclusions.

Findings from the updated BIO meta-evaluation.
Figure 8 summarizes metric-human agreement
under pairwise accuracy with tie calibration.

First, for the Chinese-English BIO data,
performance is strongly affected by dataset
characteristics. A large proportion of translations
contain no annotated errors, leading to label
imbalance. Under these conditions, no metric
consistently outperforms a constant baseline that
predicts ties for all system pairs. This suggests that
apparent metric failures on this subset are driven
primarily by data properties rather than by a lack
of metric signal.

Second, BLEU performs unexpectedly well on
the BIO domain, particularly for English—Russian,
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Figure 9: Pairwise accuracy on Chinese—English BIO
data when grouping multiple segments into a single
evaluation unit.

where it exceeds the constant baseline by nearly
20 accuracy points. On WMT22 news data, in
contrast, BLEU performs only marginally above
this baseline. This pattern indicates that BLEU’s
behavior is domain-dependent: it appears to benefit
from the more literal and formulaic nature of
biomedical text, whereas it is less effective on the
more diverse and conversational content found in
WMT news data. As a result, BLEU cannot be
assumed to act as a domain-invariant reference
metric.

Finally, we note a structural limitation of the
BIO-MQM dataset as used in prior work. Only
a small number of segments are translated by the
same systems and annotated by at least two human
annotators, which makes it difficult to compute
reliable inter-annotator agreement or human-oracle
upper bounds. This limits the interpretability of

absolute metric performance levels on this dataset.

Grouping analysis on BIO data. To further
assess whether label imbalance and annotation
noise drive these effects, we apply our proposed
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grouping n segments strategy described in
Section 4.2. As shown in Figure 9, grouping a
small number of segments substantially stabilizes
metric evaluation on the Chinese—English BIO data
without discarding any annotations.

Under grouping, most metrics outperform a
random baseline, indicating that earlier near-
random performance was largely due to noise
and imbalance at the segment level rather than an
absence of useful metric signal. BLEU, however,
continues to lag behind neural metrics under
grouping, consistent with its known limitations in
fine-grained quality estimation.

Overall, this analysis illustrates that conclusions
about metric robustness on unseen domains are
sensitive to the choice of meta-evaluation protocol
and to dataset properties such as label balance and
annotation density. These observations motivate
the controlled evaluation design adopted in our
main experiments.

B Meta-evaluation details

Segment-level. For a given segment, let C' denote
the number of translation pairs ranked in the same
order by both m and h, and D the number ranked
in opposite order. Let 7;,, and 7}, denote pairs tied
only by the metric or only by the human, and 7},,5
pairs tied by both. Segment-level accuracy is then
defined as:

C+Tmh
CH+D+T, +Th+ T

aCCeq = ey
Tie calibration introduces an optimal threshold on
metric score differences (i.e., the maximum score
difference still treated as a tie), so that metrics



producing continuous scores and rarely predicting
exact ties can still be fairly compared to human
judgments.

System-level. Given a test set with M MT
systems, SPA considers all (1\24 ) system pairs. For
each pair (7, j), we compute a human p-value p?j
and a metric p-value p;7, representing the statistical
confidence that system i is preferred over system j.
These p-values are obtained via paired permutation
tests over segment-level scores. SPA assigns partial
credit based on how similar the metric’s confidence
is to the human confidence:

M
sea - ()
2)

Thus, SPA rewards metrics that express preference
strengths similar to those of human judgments and
penalizes deviations.

—1M-1 M-1

> X (-

i=0 j=i+1

h m
Pij — Dij

C Human annotation times

Figure 10 analyzes how human annotation time
scales with source segment length. We bucket
source sentences by length (in word intervals
of five) and report the average annotation time
per bucket. To reduce the influence of outliers
(e.g., breaks during annotation), we compute the
mean over the 75% fastest annotations within each
bucket.

The results show that annotation time increases
approximately linearly with segment length. These
finding supports the recommendation made in the
main text: annotating shorter segments is more cost-
efficient. When combined with grouping strategies
that aggregate multiple short segments into a single
evaluation unit, this approach enhances evaluation
robustness while limiting annotation cost.

D Embeddings of XCOMET

To understand why SFT metrics become overly
pessimistic on unseen domains, we analyze
what information their internal representations
encode. Specifically, we extract the last-layer
embeddings of XCOMET before the scoring head
and visualize translation embeddings from WMT23
and PharmaChem using t-SNE.

Ideally, these embeddings would primarily
reflect translation quality. Good and bad
translations should form separate clusters, and
these groupings should be largely independent of
the domain of the source sentence.
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Figure 10: Human annotation time as a function of
source segment length. Source sentences are bucketed
by length in intervals of five words. The average
segment length (x-axis) and annotation time (y-axis)
is reported per bucket. The mean is computed over the
75% fastest annotations within each bucket.

Figure 11 shows the resulting embedding space,
where each point corresponds to a translation, and
colormaps indicate the source domain. Rather
than clustering by human-judged translation
quality, the embeddings separate almost entirely
by domain. Translations from WMT23 and
PharmaChem exhibit a clear domain-dependent
tendency, clustering more by domain than by
human-judged quality. This pattern indicates that
domain membership dominates the structure of the
embedding space.

These results indicate that XCOMET learns
strong domain-specific representations. As a
consequence, the metric relies heavily on source-
side domain information, which weakens its ability
to generalize and to judge translation quality
consistently across domains.

We observe the same behavior when repeating
the analysis for WMT23 and Emea (details in
Section D). In all cases, domain-specific clustering
persists, largely independent of translation quality.

E Data filtering

To obtain a close proxy to our private company
dataset, we manually searched for domain-related
multilingual and parallel open-source resources
and trained a domain classifier to filter and
retain only those segments that closely match the
chemical and pharmaceutical domain. To train
a domain classifier for identifying chemical and
pharmaceutical content, we constructed a dataset
with a balanced mixture of related and unrelated



segments. Half of the data (50%) consists of
unrelated domains such as Law, Art, Physics, and
History, sampled from the EU Bookshop corpus.’
The other half (50%) contains domain-related
text. Of this portion, 50% is drawn from FoS
categories Medicine, Pharma (Singh et al., 2023),
and 50% consists of English instances from the
PharmaChem domain, sampled randomly to ensure
representation across all customers.

The final dataset contains 80K documents, split
into train, dev, and test sets. We fine-tuned
SciBERT (Beltagy et al., 2019) using the following
hyperparameters:

- learning_rate=2e-5,

- batch_size=16,

- num_train_epochs=3,

- weight_decay=0.01,

- evaluation_strategy=epoch,
- save_strategy=epoch,

- load_best_model_at_end=True

We observed overfitting beyond 3 epochs and
therefore kept the best checkpoint. The final model
achieved accuracy 0.95, precision 0.97, recall 0.93,
and F1 0.95.

We qualitatively inspected several multilingual
datasets for domain relevance, including XQuAD
(Artetxe et al., 2020) (Wikipedia QA pairs),
TED Talks (Dayanik and Padé, 2021) (semi-
formal spoken-language transcripts), and Emea
(Tiedemann, 2012) (medical documents from the
European Medicines Agency). Among these, we
found that Emea is the closest in style and domain
to the PharmaChem domain. After training, we
then applied the classifier to the Emea corpus
and retained only sentences with a classifier score
> 0.5 to obtain a proxy dataset for the private
company dataset.

F System ranking table

This appendix reports the full system rankings
underlying the analyses in Section 4.3. For each
domain, we show rankings assigned by individual
human groups (HumanA, HumanB) and by each
evaluated metric. Rankings are computed from
domain-wise z-normalized scores, with higher
values indicating better performance.

The tables make explicit where metrics diverge
from human judgments, including cases of
attenuated score differences and outright ranking

Shttps://metatext.io/datasets/eubookshop

reversals between open- and closed-source systems.
They also provide the complete score context for
systems not visualized in the main figures, enabling
a detailed inspection of metric behavior across
domains.

G Human annotation guidelines

Guidelines and Labeling setup were adapted from
error span annotation protocol (ESA, (Kocmi et al.,
2024)). Provided guidelines:

Introduction

We want to find out which translation system on
the shift connector data is mostly preferred by
humans, and if automatic evaluation metrics come
to the same result as human evaluation. For that,
translations of English source sentences were done
by six different machine translation systems (Deepl,
GPT4-0, Azure Translate, Towerlnstruct-7B-v0.2,
Tower fine-tuned on PharmaChem data, and X-
ALMA), which are known to produce high-quality
translations. You are asked to annotate the quality
of the translated sentences.

Guidelines

Annotate the English-German translation by
marking errors and providing a translation quality
score:

* Choose error severity for translation:

— Minor errors: Style, grammar, and word
choice could be better or more natural.

— Major errors: The meaning is changed
significantly, and/or the part is really
hard to understand.

* Missing content: If something is missing,
tick either the “Minor Omission” or “Severe
Omission” box. If not, tick the “No Omission”
box

* Tip: Highlight the word or general area of
the error—it doesn’t need to be exact. Use
separate highlights for different errors.

* Score the translation: After marking errors,
please set an overall score based on meaning
preservation and general quality:

— 0: No meaning preserved:
information is lost.

most

— 33%: Some meaning preserved: major
gaps and narrative issues.


https://metatext.io/datasets/eubookshop

humanA humanB SFT metrics GEMBA Remedy
GPT40 (+0.94) GPT4o0 (+1.00) DeepL (+1.35) GPT4o0 (+1.11) Azure (+0.62)
DeepL (+0.77) DeepL (+0.94) Azure (+0.51) Azure (+0.89) DeepL (+0.60)
Azure (+0.62) Azure (+0.31) GPT4o0 (+0.32) DeepL (+0.11) GPT4o0 (+0.44)
ALMA (-1.13) Tower-Instrc (-0.86) ALMA (-0.71) Tower-Instrc (-0.45) ALMA (+0.32)
Tower-Instrc (-1.19) ALMA (-1.40) Tower-Instrc (-1.46) ALMA (-1.66) Tower-Instrc (-1.99)
(a) WMT23 (en—de).
humanA humanB SFT metrics GEMBA Remedy
Azure (+0.76) Azure (+1.41) GPT4o0 (+1.32) DeepL (+0.98) Azure (+1.14)
GPT4o0 (+0.74) DeepL (+0.41) Azure (+0.48) Azure (+0.83) ALMA (+0.59)
DeepL (+0.41) GPT4o (+0.26) ALMA (+0.34) GPT4o0 (+0.56) GPT4o0 (+0.56)
Tower-Instrc (-0.36)  Tower-Instrc (-0.53)  Tower-Instrc (-0.94)  Tower-Instrc (-0.86) DeepL (-0.67)
ALMA (-1.55) ALMA (-1.55) DeepL (-1.20) ALMA (-1.51) Tower-Instrc (-1.62)
(b) Emea (en—de).
humanA humanB SFT metrics GEMBA Remedy
GPT4o (+1.00) GPT4o (+1.26) GPT4o (+1.48) GPT4o (+1.70) GPT4o (+1.15)
DeepL (+0.91) DeepL (+0.56) DeepL (+0.52) DeepL (+0.32) DeepL (+0.95)
Azure (+0.40) Azure (+0.55) ALMA (-0.05) ALMA (-0.09) ALMA (-0.05)
Tower-Instrc (-0.77) ALMA (-1.09) Tower-Instrc (-0.62) Azure (-0.81) Azure (-0.44)
ALMA (-1.55) Tower-Instrc (-1.27) Azure (-1.33) Tower-Instrc (-1.16)  Tower-Instrc (-1.61)

(c) PharmaChem (en—de).

Table 3: Human and metric rankings of MT systems across three domains. Columns show rankings produced
by each human group or metric; values in parentheses are average domain-wise z-normalized scores. Green

highlights system pairs where humans agree but metrics do not. Orange indicates cases where metrics preserve
the human-preferred ordering between open- and closed-source systems but with substantially smaller score gaps.
Red marks ranking reversals relative to human judgments. For WMT23 and Emea, four annotators were split into
two pairs (HumanA/HumanB); for PharmaChem, two annotators were used directly.

translation of system 1 could be the GPT4-
o translation for one example and in the next
example, system 1 could be Deepl.

— 66%: Most meaning preserved: minor
issues with grammar or consistency.
— 100%: Perfect: meaning and grammar

align completely with the source L )
Annotation interface is adapted from ESA

annotation interface ¢ and rebuild in Label-Studio.
An image of the rebuild interface is given in
Figure 12.

Tip: Assign the score such that it reflects your
preferred translations. If you prefer translation of
system 1 over the other two translations, the score
of translation 1 should be the highest.
H Al usage card
Additional Notes
* If you don’t know an abbreviation or word,
quickly Google it or ask Google Gemini.

Table 4 shows how Al was used to construct this
study apart from using Al models as subjects of
experiments (e.g., for writing, writing code).
* Do not use ChatGPT if you don’t know a word,

as we use ChatGPT as one of the translation

systems. It probably gives you the same (but

maybe wrong) translation.

* Some source sentences will appear twice.
This is done on purpose for validation reasons.
Proceed as always.

* The order of the translation systems is

randomly shuffled. For example, the ®https://github.com/AppraiseDev/Appraise

15



. ¢ w %
o, ¢ ‘oy ° ‘.' o
0% . o P v
00 % o . - ® . {.
.-O.." %0t g7 % A °® 'o.." o:.
s0 000 ® o T e e 0wt o) © Hol, 8
P R AT G eedh 3
0o PO . e S s es o e%ee
% ® oe fee o ° % 0 .
LIS N ° o® ° ™
e o o, e .
. . N .
° [ ]
LY °

-3 -2 -1 o 1
PharmaChem human z-score
-3 -2 -1 o 1

WMT23 human z-score

(a) PharmaChem (red—yellow) vs. WMT (blue-violet).
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-
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(b) Emea (red—yellow) vs. WMT (blue—violet).

Figure 11: t-SNE visualization of last-layer translation
embeddings from XCOMET (before the linear scoring
head). Each point represents a translation, colored by
human-assigned z-scores.
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Source (English)

There are two vials in each pack of Convenia, one vial containing a powder, and one vial containing the diluent.

System 1

In jeder Packung Convenia befinden sich zwei Flaschchen, ein Flaschchen mit einem Pulver und ein Flaschehen mit dem Verdinnungsmittel.

Minor 1 |Severe 2

Mo Omission'® Minor Omission!*! Severe Omission'®!
0%: No meaning preserved 33%:Some meaning preservad 56%: Most meaning preserved 100%: Perfect
® 100
System 2

In jeder Packung von Convenia sind zwei Ampullen enthalten, eine mit einem Pulver und eine mit dem Losungsmittel.

Minor 7 |Severe 8

Mo Omission'® Minor Omission!®! Severe Omission'
0%: No meaning preserved 33%: Some meaning preserved 66%: Most meaning preserved 100%: Perfect
9] 72

Figure 12: Example for the annotation interface in Label Studio.
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Al Usage Card

[=] 3,2
PROJECT PROJECT NAME DOMAIN KEY APPLICATION
DETAILS Who Watches the Paper Coding
Watchmen?
CONTACT(S) NAME(S) EMAIL(S) AFFILIATION(S)
MODEL(S) MODEL NAME(S)
ChatGPT-5.2, GPT-5.2-Codex
LITERATURE FINDING LITERATURE FINDING EXAMPLES COMPARING
REVIEW FROM KNOWN LITERATURE
LITERATURE OR
ADDING LITERATURE
FOR EXISTING
STATEMENTS
WRITING GENERATING NEW ASSISTING IN PUTTING OTHER
TEXT BASED ON IMPROVING OWN WORKS IN
INSTRUCTIONS CONTENT OR PERSPECTIVE
ChatGPT-5.2 PARAPHRASING ChatGPT-5.2
RELATED WORK
ChatGPT-5.2
CODING GENERATING NEW REFACTORING AND COMPARING
CODE BASED ON OPTIMIZING EXISTING ASPECTS OF
DESCRIPTIONS OR CODE EXISTING CODE
EXISTING CODE GPT-5.2-Codex GPT-5.2-Codex
GPT-5.2-Codex
ETHICS WHY DID WE USE Al WHAT STEPS ARE WE WHAT STEPS ARE
FOR THIS PROJECT? TAKING TO MITIGATE WE TAKING TO
ERRORS OF Al? MINIMIZE THE

Efficiency and Speed

We manually verified all
outputs

CHANCE OF HARM
OR INAPPROPRIATE
USE OF Al?

We carefully reviewed
generated content

THE CORRESPONDING AUTHORS VERIFY AND AGREE WITH THE MODIFICATIONS OR
GENERATIONS OF THEIR USED AI-GENERATED CONTENT

Al Usage Card v2.0

https://ai-cards.org

(Wahle et al., 2023)
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