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Abstract
Machine-translated benchmark datasets reduce costs and offer scale, but noise, loss of structure, and uneven quality
weaken confidence. What matters is not merely whether we can translate, but also whether we can measure and
verify translation reliability at scale. We study translation quality in the EU20 benchmark suite, which comprises
five established benchmarks translated into 20 languages, via a three-step automated quality assurance approach:
(i) a structural corpus audit with targeted fixes; (ii) quality profiling using a neural metric (COMET, reference-free
and reference-based) with translation service comparisons (DeepL / ChatGPT / Google); and (iii) an LLM-based
span-level translation error landscape. Trends are consistent: datasets with lower COMET scores exhibit a higher
share of accuracy/mistranslation errors at span level (notably HellaSwag; ARC is comparatively clean). Reference-
based COMET on MMLU against human-edited samples points in the same direction. We release cleaned/corrected
versions of the EU20 datasets, and code for reproducibility. In sum, automated quality assurance offers practical,
scalable indicators that help prioritize review – complementing, not replacing, human gold standards.

1. Introduction

Large Language Models (LLMs) have transformed
NLP, yet rigorous multilingual evaluation re-
mains challenging beyond high-resource settings.
Across Europe, language- and region-specific
suites have emerged, covering e.g. Scandinavian
languages (Nielsen, 2023), Norwegian (Samuel
et al., 2023), German (Pfister and Hotho, 2024),
Italian (Magnini et al., 2025), and Iberian lan-
guages (Baucells et al., 2025), Czech (Fajcik et al.,
2025), Polish (Jassem et al., 2025), Greek (Peng
et al., 2025), and French (Faysse et al., 2025).
These native resources improve quality and task
relevance, but heterogeneity in scope, construc-
tion protocol, and task mix limits parallelism and
cross-language comparability at scale (Ott et al.,
2022; Srivastava et al., 2023; Yang et al., 2019)

Translating existing benchmarks automatically
is a pragmatic alternative that scales, but con-
cerns about translation noise, loss of structure,
and uneven quality limit trust in such evalua-
tions (Plaza et al., 2024; Meng et al., 2022; NLLB
Team et al., 2022). As a result, the question is
not merely whether we can translate benchmarks,
but whether machine-translated benchmarks meet
quantifiable reliability and diagnostic criteria to
guide LLM development and cross-language com-
parison of LLMs at scale.

We ground our study in EU20 (Thellmann et al.,
2024), which translates five established English
benchmarks into 20 European languages using
DeepL. While the EU20 benchmark suite offers
scale and coverage, comprehensive quality assur-
ance, whether human-based or automated, was
not the primary focus of the initial release. We take

a first step toward scalable validation for EU20 by
combining structural diagnostics with two comple-
mentary, automated translation quality estimation
(TQE) methods (i) neural quality estimation based
on COMET scores (Rei et al., 2020, 2023; Guer-
reiro et al., 2024) and (ii) an LLM-as-a-judge proce-
dure (Kocmi and Federmann, 2023b). Automated
TQE does not replace expert human review, but
helps prioritize where to look first (e.g., accuracy
vs. fluency issues) and provides indicators of trans-
lation quality under budget constraints.

In this paper, we operationalize translation qual-
ity validation on EU20 along three dimensions:

1. Structural integrity: a corpus-level audit of
field completeness, split/subset consistency,
and cross-language coverage (Section 3).

2. Item-level quality profiling: a quality land-
scape, by task and language, for translated
benchmark entries using reference-free and
reference-based xCOMET-XXL (Guerreiro
et al., 2024), including paired compar-
isons across distinct translation services
– EU20/DeepL1, Okapi/ChatGPT2 (Lai
et al., 2023), and Global-MMLU/Google
Translate3 (Singh et al., 2025) (Section 4).

3. Span-level diagnostic validity: an inter-
pretable error landscape from an LLM-as-
a-judge TQE setup, quantifying error cate-
gories (Accuracy/Mistranslation, Fluency, O-
ther) and severities across languages and

1https://www.deepl.com
2https://openai.com/research/gpt-4
3https://translate.google.com
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tasks, and testing convergence with xCOMET-
XXL (Section 5).

To make this operationalization actionable and
reproducible, we provide the following artifacts:

• A cleaned and corrected version of EU20 with
documented fixes from our structural audit4
(Section 3).

• Code for the structure-preserving cleaning
and correction used in the audit, enabling re-
producible maintenance of the EU20 bench-
mark suite5.

• Our LLM-as-a-judge TQE setup (prompts,
few-shot exemplars, and scripts) for span-
level error annotation6.

2. Related Work

Prior work on European LLM evaluation spans
three strands. First, gold-standard resources
are created directly in the target language or
via human translation/editing, yielding high in-
language validity but slower coverage growth and
limited cross-task parallelism. Examples include
ScandEval (Scandinavian) (Nielsen, 2023), Nor-
Bench (Norwegian) (Samuel et al., 2023), Su-
perGLEBer (German) (Pfister and Hotho, 2024),
Evalita-LLM (Italian) (Magnini et al., 2025), Iber-
oBench (Iberian) (Baucells et al., 2025), as well
as BenCzechMark (Czech) (Fajcik et al., 2025),
LLMzSzŁ (Polish) (Jassem et al., 2025), Plutus
(Greek finance) (Peng et al., 2025), and Crois-
santLLM (French) (Faysse et al., 2025). Task-
specific multilingual benchmarks such as MLQA
(Lewis et al., 2020), XNLI (Conneau et al., 2018),
XCOPA (Ponti et al., 2020), XQuAD (Artetxe et al.,
2020) and TyDi QA (Clark et al., 2020) offer deep,
domain-focused insights but cover a narrow slice
of capabilities, which limits cross-task comparabil-
ity and pan-European parallelism.

Second, machine-translated with human quality
assurance (QA) suites broaden language reach
while retaining human curation on a subset.
Global-MMLU (Singh et al., 2025) provides MT
variants (Google Translate) and human-edited sub-
sets for selected languages, enabling reference-
based checks.

Third, there are machine-translated with lim-
ited or no documented QA resources that em-
phasize scalability. EU20 (Thellmann et al.,
2024) translates five complementary task families

4https://hf.co/eu20-cleaned/datasets
5https://github.com/eu20-cleaned/

lang-integrity
6https://github.com/eu20-cleaned/
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– knowledge-heavy QA (ARC; Clark et al., 2018),
mathematical reasoning (GSM8K; Cobbe et al.,
2021), commonsense (HellaSwag; Zellers et al.,
2019), NLI/knowledge probing (MMLU; Hendrycks
et al., 2020), and truthfulness (TruthfulQA; Lin
et al., 2022) – into 20 European languages us-
ing DeepL, maximizing parallelism across tasks
and languages. Okapi (Lai et al., 2023) provides
ChatGPT-based translations of ARC, HellaSwag,
MMLU, and TruthfulQA into 31 languages, span-
ning both EU and non-EU languages. In both
cases, a systematic QA pass is not the primary fo-
cus of the initial releases.

Against this landscape, our contribution is an au-
tomated QA layer for EU20 that is cost-efficient,
scalable, and complementary to expert review.
We focus on EU20 because its five task families
and 20 languages offer the parallelism required for
cross-lingual evaluation at scale. Our automated
QA increases the reliability of this testbed without
claiming to replace human-curated gold data.

With respect to other automated translation qual-
ity assessment tasks, the WMT translation quality
estimation and metrics shared tasks (Lavie et al.,
2025; Zerva et al., 2024; Freitag et al., 2024;
etc.) consider translations of “flat” text passages.
In comparison, LLM evaluation examples have a
structure which has to be preserved during trans-
lation. Furthermore, in our work, we also consider
consistency across multiple (target) languages as
a dataset-level quality criterion.

3. Structural Diagnostics and
Dataset Maintenance for EU20

In this section we follow Thellmann et al. (2024),
who introduced EU20 by translating five estab-
lished English benchmarks into 20 European lan-
guages, and provide a structural assessment of
the released corpora (Section 3.1), applying tar-
geted updates and completions where needed
(Section 3.2).

3.1. Structural Analysis
We verify the integrity of all translated samples
along four criteria:
A) Answer-index alignment (for multiple-

choice tasks): Language-independent
indices of the correct choice(s) match the
English original.

B) Field completeness: Essential fields are
non-empty (“question”; “choices” for multiple
choice; “answer” for generative tasks).

C) Split/subset consistency: For uniquely
identifiable samples, split and subset mirror
the English version.

https://hf.co/eu20-cleaned/datasets
https://github.com/eu20-cleaned/lang-integrity
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D) Cross-language coverage: The sample ex-
ists across all 20 translations for the evaluated
splits.

Criterion A) is satisfied for all datasets. Table 1
summarizes the remaining criteria: NC is the num-
ber of samples violating criterion B), NT is the num-
ber of samples fulfilling criterion C) across the 20
target languages, and NL is the number of sam-
ples violating criterion D) after removing samples
that violate the other criteria.

Regarding B), we observe missing content pri-
marily in the HellaSwag validation split: among
10,042 English originals, 327 samples (3.26%)
have at least one translation with empty answer
options; 257 of these (78%) affect two or more
target languages. Manual inspection suggests
that DeepL can be confused by the context-
continuation format used in LM-Eval-Harness
when answer options are fragments rather than full
sentences, which complicates finding a common
prefix across languages.

For criterion C), we did not expect any mis-
matches, but found two problems that are most
likely due to operating errors during the translation:

Firstly, the train splits of our ARC translations,
from which the few-shot samples are drawn, con-
sist of a mix of samples from the easy and
challenge subsets. This applies to each of the
translated languages, but not to the English ver-
sion, where the few-shot samples are drawn from
the same subset as the sample under test, so com-
parability of k-shot accuracies (k ≥ 1) between En-
glish and non-English languages might be limited.

Secondly, in HellaSwag the per-language
train split is not a subset of train but a 99-item
subset of validation, which can leak answers
into few-shot contexts. Because the 10 few-shot
examples per query are sampled from this small
set (≈ 100) that itself belongs to the validation
set (≈ 10,000), the probability that the evaluated
item appears in the context is ∼ 0.1%. The
resulting measurement error is proportional to
this chance and decreases as the true model
accuracy increases. Even in the worst case (four
answer options, true accuracy ≈ 25%), the overes-
timation is only about 0.08 percentage points (e.g.,
25.00% → 25.08%). Given this upper bound, we
consider the expected fraction of leaks (and thus
their impact on reported accuracies) too small to
warrant re-evaluating all models on this relatively
large and resource-intensive benchmark.

Criterion D) holds for all evaluation splits except
HellaSwag and for MMLU-dev. It is not met for the
train splits of ARC, GSM8K, and HellaSwag be-
cause sub-splits were selected independently per
target language. Among the HellaSwag validation
splits, DE is missing 63 items, and ES, FR and IT
4 items each.

Dataset Split Nen NT NC NL

ARC train 3,370 6,420∗ 8 6,420
ARC val 869 17,380 17 0
ARC test 3,548 70,960 109 0
GSM8K train 7,473 2,288 0 2,288
GSM8K test 1,319 26,380 0 0
He.Sw. train 39,905 1,980∗∗ 10 1,980
He.Sw. val 10,042 200,765 1,039 1,185
MMLU test 14,042 280,840 678 0
MMLU dev 285 5,700 3 0
Tr.QA val 817 16,340 3 0

Table 1: Nen: #English samples. NT: #Non-
English samples. NC: #Non-English samples with
missing content. NL: #Non-English samples with
other Non-English version(s) missing. ∗3,060 sam-
ples from the respective other subset. ∗∗All sam-
ples present translated from validation (val) split.

3.2. Corrections and Completion
Based on the structural findings, we repair defec-
tive entries and complete missing ones via tar-
geted, sample-level re-translation:

• Scope selection. We operate either on full
split/subset combinations or on JSONL man-
ifests that enumerate individual sample IDs
(with associated split/subset and target lan-
guage) for re-translation. This enables surgi-
cal fixes without reprocessing entire corpora.

• Provenance guarantees. For each sample,
we ensure that the record contains sufficient
ID fields so its lineage to the English original
is unambiguous before and after modification.

• Update policy. Only fields flagged as de-
fective (missing/empty or structurally incon-
sistent) are overwritten. Intact fields re-
main unchanged. All edits are logged in
an extended diagnostics format alongside the
EU20-conform outputs to support auditability
and regression checks.

We reuse a minimal translation processor pri-
marily for correction/augmentation rather than bulk
creation. The design allows alternative engines,
but we currently use DeepL with formatting equiva-
lent to the original setup except for XML escaping.

For each dataset we (i) extract translatable
fragments, (ii) ensure/normalize ID/key fields,
and (iii) write translated fragments back. Frag-
ments are serialized into a single XML string
(Frag_1<x>SEP</x> . . . <x>SEP</x>Frag_n)
with XML-escaping. The DeepL API is configured
to ignore <x>, and the response is de-serialized to
a fragment list.

We support API-level batching and cache for-
matted inputs/outputs (key: formatted source;
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Figure 1: EU20 reference-free quality landscape. Left: median xCOMET-XXL per language×dataset
on a unified [0, 1] scale; short in-cell tick encodes IQR (Q3−Q1). Middle: median target-side sentence
length (words). Right: Spearman correlation (ρ) between length and score (negative ρ indicates lower
scores for longer outputs). Rows are aligned across panels and sorted by the language-wise median
across datasets.

value: formatted target) to avoid duplicate calls
during iterative fixes. Outputs are emitted as (a)
EU20-conform JSON and (b) an extended diag-
nostics format for quality control and diffing.

For HellaSwag-style continuations, we option-
ally reformat options (e.g., prefix repeated context)
to reduce empty-field failures, validate complete-
ness post-translation, and route failed/ambiguous
cases to manual inspection queues recorded in the
diagnostics.

4. EU20 Translation Quality Profiling
with a Neural QE Metric

In this section, we profile translation quality with
xCOMET-XXL, a neural QE metric (reference-
free and reference-based), in three steps across
tasks and systems: First, we build a reference-
free quality landscape over the EU20 benchmark
suite, complemented by a length profile and a
length–quality correlation analysis (Section 4.1).
Second, we run paired, reference-free compar-
isons of EU20 versus Okapi across three suites
and ten languages, reporting median gaps and
win-rates with paired-bootstrap confidence inter-
vals (Section 4.2). Third, on MMLU we com-
pare EU20, Okapi, and the human-edited Global-
MMLU via average-rank testing, and we also per-
form a reference-based comparison against the

human-edited references to validate the trends
(Section 4.3 and 4.4).

4.1. Quality Landscape
Method. In this comparison, we present a
quality landscape of the EU20 translations across
five widely used benchmarks: ARC, HellaSwag,
MMLU, GSM8K, and TruthfulQA, using the
reference-free xCOMET-XXL quality estimator.
To better interpret the results we posit two hy-
potheses: (i) longer outputs tend to receive lower
xCOMET-XXL scores; (ii) scores follow a pattern
driven by dataset design, with standardized QA
(e.g., ARC, MMLU) yielding higher medians than
open-ended continuations (HellaSwag).

We test (i) by computing target-side word-count
medians for each language-dataset combination,
then estimating Spearman’s ρ between length and
score. Hypothesis (ii) is treated as a design-
based rationale consistent with the observed pat-
tern rather than a tested causal claim. The results
are shown in Figure 1 (left heatmap) as a 20×5
matrix (languages × datasets) on a unified [0, 1]
scale. Each cell reports the median score, a short
in-cell tick encodes the interquartile range (IQR,
Q3−Q1), and rows are sorted by the language-
wise median across datasets. The same figure
also presents median sentence-length statistics
(middle heatmap) and Spearman correlations be-



tween length and score (right heatmap).

Results and discussion. Figure 1 (left) shows
the median xCOMET-XXL scores as a 20×5 matrix.
ARC is highest overall (.,97-.,98), HellaSwag is
lowest (.,42-.,65), and MMLU (.,83-.,94), GSM8K
(.,80-.,90), and TruthfulQA (.,79-.,92) lie in be-
tween. This pattern is consistent with Hypothe-
sis (ii): standardized QA prompts (ARC, MMLU)
tend to yield more semantically aligned transla-
tions, whereas open-ended continuations (Hel-
laSwag) induce greater lexical and structural vari-
ability. Across languages, DE/DA/SV lead (median
across datasets ≈.,87-.,88), followed by NL (.,85)
and a mid-cluster (PL/FI/SL/ES/RO, ≈.,82); EL/ET
(≈.,77) and LV (.,75) trail. In addition to median lev-
els, longer IQR ticks on HellaSwag and MMLU indi-
cate greater within-dataset variability: HellaSwag
combines lower medians with high dispersion (un-
even outputs), while MMLU shows higher medians
yet similarly wide spread (heterogeneous subjects,
formats, and length effects).

Figure 1 (middle) reports median output lengths,
supporting Hypothesis (i)’s premise about ver-
bosity: HellaSwag is longest (medians ∼112-183
words), followed by GSM8K (73-99), TruthfulQA
(58-88), and MMLU (38-59); ARC is shortest (27-
44). This aligns with task design, where open-
ended reasoning naturally produce longer outputs
than fixed-format multiple-choice questions.

Figure 1 (right) shows Spearman correlations
between length and xCOMET-XXL. Correlations
are predominantly negative, indicating that longer
translations tend to receive lower quality estimates.
Effect sizes vary by dataset: ARC weak-moderate
(ρ ≈ −0.25 to −0.43), TruthfulQA moderate (ρ ≈
−0.29 to −0.47), GSM8K and MMLU stronger (ρ ≈
−0.39 to −0.68), and HellaSwag strongest (often <
−0.60; e.g., de ρ ≈ −0.75), with p ≪ .001 in most
cells. Overall, the dataset pattern remains the
dominant signal, while length effects help explain
within-cell dispersion and some cross-dataset dif-
ferences.

4.2. EU20 vs. Okapi
Method. To directly compare the quality of our
translations against Okapi across tasks, we com-
pute reference-free xCOMET-XXL scores on the
shared subset of items for three representative
benchmarks ARC, HellaSwag, and MMLU, and ten
overlapping languages (CORE-10: DA, DE, ES, FR,
HU, IT, NL, RO, SK, SV). Working on the paired item
overlap (identical (language, subset, split, id)) en-
sures a fair comparison, as both translation sys-
tems are evaluated on exactly the same segments.
For each (language, dataset) pair, we compute the
median score difference ∆ = median(EU20) −

arc

he
llas

wag
mmlu

sk

hu

da

sv

nl

de

ro

it

fr

es
0.15

0.10

0.05

0.00

0.05

0.10

0.15

Figure 2: EU20 vs. OKAPI xCOMET-
XXL reference-free quality comparison per
language×dataset. Cells report the median
difference ∆ = median(EU20) − median(Okapi)
on the paired overlap and the win-rate (% items
where EU20 > Okapi). Positive ∆ favors EU20.

median(Okapi), where positive ∆ indicates higher
predicted adequacy/fluency for EU20.

To visualize these results, we use a heatmap
with a diverging, zero-centered color scale fixed to
a symmetric range, enabling comparison across
datasets and languages. Each cell also reports
the win-rate P (EU20 > Okapi), i.e., the propor-
tion of samples for which EU20 receives a higher
xCOMET-XXL score than Okapi. This provides a
complementary, distribution-sensitive indicator of
relative system quality beyond the median.

We assess the statistical reliability of ∆ using
a paired bootstrap, a standard distribution-free
method in MT/NLP for system-level score com-
parisons (Koehn, 2004; Dror et al., 2018; Efron
and Tibshirani, 1994). We resample paired seg-
ment scores B ≈ 5000 times, recompute the
median difference for each replicate, and form a
(1−α) confidence interval from the empirical quan-
tiles of the bootstrap distribution. Figure 2 sum-
marizes the paired, reference-free comparison of
EU20 vs. Okapi on ARC/HellaSwag/MMLU across
the CORE-10 languages. Given the large per-cell
sample sizes (e.g., ∼1.4k for ARC, ∼7.3k for Hel-
laSwag, ∼11.4k for MMLU), the intervals are typi-
cally narrow and differences often reach statistical
significance. A star marks cells where the 95% CI
does not include zero, indicating a statistically sig-
nificant difference.



Results and discussion. On ARC and MMLU,
EU20 is ahead in every language: the median
score advantage is typically ∆≈ .009-.054 on ARC
and .012-.086 on MMLU. These gains are small
in absolute terms but statistically reliable: boot-
strap confidence intervals for (∆) do not include 0,
and win-rates are mostly [0.55, 0.71] with intervals
above 0.5 (i.e., EU20 wins on a clear majority of
segments). Because scores are bounded in [0, 1],
differences between strong systems are com-
pressed, so improvements of a few hundredths (to-
gether with win-rates > 0.5 and CIs excluding 0)
are therefore meaningful when consistent.

HellaSwag is mixed: EU20 leads in
SK/SV/DA/HU/NL/DE, while Okapi (Google Trans-
late) edges out in ES/FR/RO; IT is at parity (small,
non-significant ∆). One plausible interpretation is
a better stylistic fit of Okapi on colloquial continua-
tions in some Romance languages. We treat this
as an observation consistent with the data rather
than a causal claim.

Two signals support the overall conclusion that
in the majority of language-task combinations,
the EU20 translations have higher xCOMET-XXL
scores on average than the Okapi translations: (i)
win-rates (> 0.5) show that EU20 wins on a major-
ity of segments, and (ii) large per-cell sample sizes
(∼ 1.4k on ARC, ∼ 7.3k on HellaSwag, ∼ 11.4k on
MMLU) yield narrow bootstrap intervals, so many
gaps are statistically significant.

Finally, this pattern is consistent with the
reference-based MMLU analysis (Section 4.4): the
ref-free advantage of EU20 over Okapi persists
when evaluated against human-edited references
and is significant in 4/5 languages. This triangula-
tion suggests the effect is systematic rather than
specific to a single evaluation mode.

4.3. MMLU Ranks: EU20, Okapi, Global

Method. We compare three translation sources
EU20 (DeepL), Okapi (ChatGPT), and Global-
MMLU (Google Translate, human-edited) on
MMLU in five languages {DE, ES, FR, IT, RO}, us-
ing the triple item overlap (segments with iden-
tical language, subset, split, and id). On this
shared set of items, we compute per-system me-
dian xCOMET-XXL scores, then convert the three
medians to ranks (1 = highest median; ties share
average rank).

To determine whether observed rank gaps
are more than descriptive, we use the stan-
dard ML/NLP workflow – Friedman’s omnibus test
(blocks = languages) followed by the Nemenyi all-
pairs test on mean ranks, to determine which sys-
tems differ across datasets (Demšar, 2006; García
and Herrera, 2008). The resulting critical differ-
ence (CD) is the minimum gap between average

0.5 1.0 1.5 2.0 2.5 3.0 3.5

CD

Ours OKAPI

Global

Figure 3: Critical-difference (CD) diagram on
MMLU (ref-free). Points are systems’ average
ranks across five languages (lower is better). Thin
bars show Nemenyi intervals (avg±CD/2; α=0.05,
k=3, N=5). A grey bridge links systems that are
not significantly different (no bridge = significant).

lang mEU20 mOkapi mGlobal items rEU20 rOkapi rGlobal

de .96 .94 .95 2378 1 3 2
es .93 .92 .91 2378 1 2 3
fr .91 .89 .88 2378 1 2 3
it .92 .90 .91 2378 1 3 2
ro .93 .91 .88 2378 1 2 3

Table 2: Per-language medians and ranks on the
triple overlap (MMLU, ref-free). For each language,
we report median xCOMET-XXL for EU20, Okapi,
and Global-MMLU, the number of common items,
and per-language ranks (1 = best).

ranks that must be exceeded for a pair to be con-
sidered significantly different at α=0.05 (Demšar,
2006). Graphically, the CD is shown as Nemenyi
intervals (avg±CD/2) where overlap indicates “not
significantly different” and non-overlap indicates a
significant difference. Figure 3 visualizes average
ranks with Nemenyi intervals and bridges indicat-
ing pairs that are not significantly different.

Results and discussion. On the triple overlap
(2,378 items per language), our translation attains
rank 1 in all five languages (average rank = 1.00),
while Okapi and Global-MMLU occupy ranks 2-3
(see Table 2 for medians and ranks). With k=3
systems and N=5 languages, the Nemenyi CD
is ≈ 1.48. The EU20-Global average-rank gap
is 1.60 > CD ⇒ significant, whereas EU20-OKAPI
(1.40≤CD) and OKAPI-Global (0.20≤CD) are
not significant (see Figure 3). The per-language
medians in Table 2 show the same ordering.
We hypothesize that minor differences in para-
phrasing/verbosity and morphology handling on
EN→{de, es, fr, it, ro} make EU20/DeepL align
slightly better with COMET’s adequacy/fluency sig-
nals. This finding is consistent with the reference-
based results (see Section 4.4).



lang mref
EU20 mref

Okapi ∆ref CI[low,high] items

it .92 .89 .029 [.0195, .0398] 2342
de .96 .93 .026 [.0218, .0320] 2342
fr .90 .88 .025 [.0150, .0344] 2342
ro .92 .91 .015 [.0070, .0232] 2342
es .91 .91 -.004 [-.0237, .0158] 516

Table 3: Per-language reference-based medians
and deltas on MMLU. For each language, we
report median(EU20ref), median(Okapiref), ∆ref,
95% CI, and n of common items.
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Figure 4: ∆ref (EU20−Okapi) of reference-based
xCOMET-XXL on MMLU (reference = Global-
MMLU). Bars show ∆ref per language with 95%
paired bootstrap CIs. Zero line indicates parity.
Sorted by ∆ref. Common items only.

4.4. Ref-Based MMLU: EU20 vs. Okapi
Method. We compare two MMLU translation
variants in a reference-based setting: EU20
(DeepL-derived) vs. Okapi (ChatGPT-derived), us-
ing Global-MMLU as the human-edited reference.
To ensure strict comparability, we restrict both sys-
tems to the paired item overlap, i.e., the common
set of segments with identical language, subset,
split and id, present in both sources, for the five
languages with vetted references {DE, ES, FR, IT,
RO}. On this shared set, we summarize the effect
per language as ∆ref = median

(
EU20ref

)
−

median
(
Okapiref

)
, where larger values favor EU20.

Uncertainty is quantified with a 95% paired boot-
strap CI on ∆ref (resampling the same indices in
both systems; B≈ 5000) to avoid distributional as-
sumptions (Efron and Tibshirani, 1994). Figure 4
displays horizontal bars per language with CIs and
a vertical zero line indicating parity (∆ref=0), using
fixed axes for visual comparability and sorting lan-
guages by ∆ref. The corresponding per-language
medians, deltas, CIs, and item counts are reported
in Table 3.

Results and discussion. Across the five lan-
guages, EU20 is significantly better than Okapi in
4/5 cases (see Figure 4 and Table 3): IT (∆ref=.029,

95% CI [.020 − .040]), DE (.027[.022 − .032]), FR
(.025[.015− .034]), RO (.015[.007− .023]) ES shows
no significant difference (∆ref=−.004, CI [−.024,
.016]). Effect sizes are small-to-moderate (hun-
dredths) but consistent over large item counts (n).

The wider CI in ES reflects the much smaller
paired overlap (n=516 vs. 2,342 elsewhere).
These findings complement the ref-free compar-
ison in Section 4.3: although EU20 differs sig-
nificantly from Global-MMLU in the reference-free
setting (reflecting stylistic or phrasing divergences
that xCOMET-XXL judges more favorably), it still
aligns more closely with the human-edited Global-
MMLU translations than Okapi does when those
translations are used as explicit references. In
other words, EU20 is not identical to Global-MMLU,
but it captures key aspects of phrasing and mor-
phology that bring it significantly closer to the ref-
erence than Okapi across four of five languages.

5. Translation Error Landscape for
EU20 from Span-Level Judgments

As a complement to the sentence-level quality pro-
filing with xCOMET-XXL – a neural, dual-mode QE
metric (reference-free/-based; Section 4) – we con-
duct a span-level error profiling of EU20 transla-
tions. We adopt an LLM-as-a-judge TQE setup
based on GEMBA-ESA (Kocmi and Federmann,
2023a; Kocmi et al., 2024) and the MQM tax-
onomy (Lommel et al., 2013) to annotate trans-
lation errors with category and severity. The
two perspectives are complementary: xCOMET-
XXL provides scalar sentence-level quality signals,
whereas GEMBA-ESA exposes an interpretable
error structure (what went wrong, and how severe)
at span level.

Method. We adapt GEMBA-ESA with a struc-
tured JSON output and multilingual few-shot
prompts that instruct the model to detect span-
level errors and label them with MQM categories
and a severity (major if meaning is impaired, minor
if generally understandable). We use three inde-
pendent LLM annotators – GPT-4o-mini7, Llama-
4 Scout8, and Mistral-Large-Instruct-24119 – all
prompted with our adapted GEMBA-ESA prompt.
For comparability across languages and tasks, we
aggregate the MQM span labels produced by the
LLM annotators into the high-level categories: A+M
(accuracy+mistranslation), F (fluency/style), and O
(other).

For each item (one translated benchmark entry)
and category (A+M, F, O), we set maj(i, T, S) = 1 iff

7platform.openai.com/docs/models/gpt-4o-mini
8HF: meta-llama/Llama-4-Scout-17B-16E-Instruct
9HF: mistralai/Mistral-Large-Instruct-2411

https://platform.openai.com/docs/models/gpt-4o-mini
https://huggingface.co/meta-llama/Llama-4-Scout-17B-16E-Instruct
https://huggingface.co/mistralai/Mistral-Large-Instruct-2411


Figure 5: EU20 error overview per language ×
dataset. Each cell shows four horizontal bars:
A+M, F, O, and Clean. Error rates per 1,000 items.

at least two annotators flagged any span of type T
with severity S (S ∈ {minor,major}; if both sever-
ities would apply, we keep major to avoid double
counting). For Figure 5, we collapse severities and
mark a category as present if either minor or major
reached majority. CLEAN holds if a majority judged
“no error” (items without error spans count as no er-
ror for that annotator). We report rates per 1,000
items for each category and CLEAN for every lan-
guage and dataset.

Although Figure 5 collapses severities for space,
Table 4 reports the share of major/minor within
each category per dataset. We pool counts across
all 20 languages: for each dataset and category,
the major percentage is the share of agreed ma-
jor errors out of all agreed errors in that category
(major+minor), and minor percentage is the com-
plementary share.

Results and discussion. A consistent pattern
emerges across languages: (i) HellaSwag shows
the highest A+M rates (e.g., LV: 744/1k, RO: 691/1k,
BG: 693/1k), with F smaller (typically ∼120-290/1k)
and O low (single digits to ∼20/1k). Clean is corre-
spondingly low (often ∼120-285/1k). (ii) GSM8K

AM F O CLEAN
maj/min maj/min maj/min -/-

arc 73.9/26.1 3.7/96.3 0.9/99.1 72.6
gsm8k 83.4/16.6 6.1/93.9 2.2/97.8 56.7
hellaswag 87.6/12.4 2.0/98.0 4.1/95.9 19.3
mmlu 81.9/18.1 5.1/94.9 9.4/90.6 66.3
truthfulqa 75.4/24.6 7.3/92.7 1.4/98.6 65.2

Table 4: Share of major/minor (maj/min) severi-
ties (in %) among majority-agreed errors per cate-
gory (A+M F, O, CLEAN)

and MMLU sit mid-range in A+M (∼170-347/1k
and∼150-322/1k, respectively) with CLEAN mostly
∼500-750/1k. (iii) ARC is comparatively clean
(A+M ∼90-250/1k; CLEAN ∼700-850/1k). (iv)
TruthfulQA shows moderate A+M (146-303/1k) and
high CLEAN (535 - 709/1k). CLEAN is gener-
ally higher in Germanic/Romance languages (e.g.,
DA/NL/SV/DE/FR) than in Baltic/Balkan languages.
However, these cross-language gaps are mod-
est compared to the dataset effect – differences
between datasets (e.g. HellaSwag vs. ARC) are
substantially larger than differences between lan-
guages within a dataset. Overall, A+M dominates
the error mass, F is secondary, and O marginal.

As shown in Table 4, A+M errors are predom-
inantly major across datasets – highest on Hel-
laSwag (87.6% maj), followed by GSM8K (83.4%)
and MMLU (81.9%). ARC and TruthfulQA are
lower yet still predominantly major (73.9% and
75.4%). By contrast, F and O are mostly minor in all
datasets (e.g., HellaSwag F 2.0/98.0, O 4.1/95.9).
CLEAN is lowest on HellaSwag (19.3%) and high-
est on ARC (72.6%)

The translation error profile/landscape from
span-level judgements aligns closely with the
sentence-level xCOMET-XXL quality landscape
(Section 4): datasets with lower xCOMET-
XXL medians (notably HellaSwag) are precisely
those with high A+M rates here. This sup-
ports our earlier hypotheses: task design drives
difficulty (open-ended continuations induce ad-
equacy/mistranslation pressure), and length ef-
fects exacerbate it, producing lower sentence-level
quality scores and more adequacy-span agree-
ments. Conversely, ARC (short, standardized
QA) shows high CLEAN and low A+M, match-
ing its high xCOMET-XXL medians. Taken
together, xCOMET-XXL provides scalar, task-
sensitive sentence-level quality signals, while
GEMBA-ESA reveals where the quality is lost: pre-
dominantly accuracy/mistranslation (often major),
rather than fluency or style issues. This suggests
that targeted clean-up of high-A+M clusters (espe-
cially on HellaSwag) would yield the largest quality
gains for EU20.



6. Conclusion

We examined the reliability of machine-translated
benchmark evaluation at pan-European scale
by diagnosing translation quality in EU20. Our
automated QA stack combines (i) a corpus
audit and targeted repairs, (ii) COMET-based
sentence-level profiling (reference-free and
reference-based) with comparisons across trans-
lation services, and (iii) span-level LLM-as-a-judge
(MQM). Results converge: HellaSwag has the
highest accuracy/mistranslation error mass and
lowest COMET; ARC is cleanest; longer out-
puts correlate with lower quality. On MMLU,
reference-based COMET against human-edited
Global-MMLU samples supports ref-free rankings.
Our take-away is pragmatic: automated QA pro-
vides quantifiable, diagnostic evidence that helps
decide where scarce human QA is most valuable,
strengthening cross-lingual comparisons at scale.

7. Limitations

Our study is centered on EU20 (five tasks and
20 European languages) so conclusions may not
transfer to other domains or non-European lan-
guages. We rely on automated quality assur-
ance as a proxy for human review: COMET and
LLM-as-a-judge can introduce metric and judge
biases, and span-level MQM may suffer from
boundary ambiguity, over-fragmentation of single
errors, and unstable severity calibration under
prompt/model changes. Human verification is lim-
ited to a reference-based check on a subset of
MMLU (human-edited Global-MMLU). We do not
provide large-scale human adjudication across all
tasks and languages (out of scope).

Stability remains a concern: results can
vary with prompts, seeds, and evolving
MT/LLM/COMET versions despite reporting
confidence intervals. Comparisons across trans-
lation services (DeepL, ChatGPT, Google) are
observational and tied to specific pipelines and
time windows. Small deltas should be interpreted
cautiously rather than causally. Finally, struc-
tural audits ensure format integrity (fields, splits,
coverage), and TQE-based evaluations cannot
guarantee full semantic faithfulness or cultural
appropriateness of translations.

8. Ethical & Broader Impact

The ability to evaluate large language models
(LLMs) across a wide range of European lan-
guages, particularly underrepresented ones, is a
critical step toward enhancing inclusivity and ac-
cessibility in natural language processing (NLP).

By ensuring that LLMs can perform well in lan-
guages beyond English or other high-resource lan-
guages, we contribute to a more equitable digi-
tal landscape where speakers of less widely spo-
ken languages have equal access to advanced
language technologies. However, this inclusivity
brings unique challenges, particularly in achieving
benchmarks that are comparable across diverse
linguistic and cultural contexts.
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