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Abstract
Benchmarks are central to assessing progress
in machine translation (MT), yet the content
of widely used MT test sets is increasingly
scrutinized. Concerns about data contamina-
tion and benchmark difficulty have gained trac-
tion, but the role of source-side diversity re-
mains largely overlooked. Many popular bench-
marks contain overlapping source items and
even exact duplicates, raising the question of
how such repetition affects evaluation quality.
We empirically examine how source-side diver-
sity shapes MT evaluation. First we measure
the inter-source diversity of nine popular MT
datasets. Next, our downstream analysis, based
on WMT24, suggests that benchmarks with
low diversity may be less discriminative and
may provide artificially narrow confidence in-
tervals. Ultimately, we call for greater attention
to inter-source diversity in general MT bench-
mark design.

1 Introduction

Designing general-purpose machine translation
(MT) benchmarks is fundamentally difficult: They
are expected to reflect the diversity of real-world
translation while avoiding an unintended focus on
any single style, domain, or register. Recent efforts
in WMT evaluation campaigns have prioritized this,
aiming to evaluate “MT systems’ ability to han-
dle a broad range of translation and language use”
and “explore the translation capabilities of current
systems in diverse settings” (Kocmi et al., 2024).
Still, MT benchmarks contain source-side items
with considerable overlap: Figure 1 shows such
an example of two items in the WMT24 bench-
mark. This overlap suggests potential correlation
between items: A model that performs well on item
#346 would also be expected to perform well on
item #350. Yet, how this affects the quality of MT
evaluation at large is currently an open question.

Previous work (Freitag et al., 2020; Bawden
et al., 2020; Zeng et al., 2024) has mainly addressed

src #346:

ref A:

GPT-4:

Aaaand it's still offline.

Uuuuund immer noch offline.

Uuund es ist immer noch offline.

src #350:

ref A:

GPT-4:

Still offline.

Immer noch offline.

Immer noch offline.

Figure 1: Example of overlapping source-side items
(#346 and #350) in WMT24 ( en→ de ). GPT-4 trans-
lated items similarly, leading to repeated output trigrams
and similar scores across items.

MT benchmark diversity from the reference-side,
aiming to mitigate the monotonous style of typi-
cal references used in common MT benchmarks.
In this work, we instead investigate source-side
diversity. We address the following research ques-
tion: How does source-side diversity affect MT
evaluation?

More specifically, we focus on inter-source di-
versity, based on pairwise comparisons of source
items. In particular, our analysis targets lexical,
surface-form repetition between items. Intuitively,
if a benchmark contains two identical items, the
weight of this item in a final aggregate metric is
doubled, compared to a unique item. This can lead
to (unintended) skews in the linguistic phenomena
that are represented. This is problematic when the
goal is to draw conclusions about translation qual-
ity generally, and results are aggregated uniformly
across items, as is common practice. Furthermore,
running large-scale MT evaluation campaigns re-
quires human translations, human annotations of
quality, and inference over all competing models.
When repeated and similar items are included, such
resources are potentially wasted: (Near-)duplicates
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provide limited new information about model per-
formance. Despite these intuitive arguments, there
has been no systematic investigation of the quanti-
tative, downstream impact of inter-source diversity
in MT benchmarks. We therefore present the fol-
lowing contributions:

• An audit of source-side diversity in nine pop-
ular MT benchmarks (§3);

• An empirical analysis of the downstream im-
pact of controlled inter-source diversity in
WMT24, regarding model rankings, confi-
dence intervals, and discriminativeness (§5);

• Further analysis concerning item and score
similarity, domains, and the relationship be-
tween difficulty and diversity (§6);

• A discussion on the role of inter-source diver-
sity in MT evaluation (§7);

• Practical recommendations for MT bench-
mark design (§8).

Our results, based on WMT24, indicate that
source-side diversity is an important and beneficial
property of MT benchmarks. We highlight the need
for more systematic attention to inter-source diver-
sity in general-purpose MT benchmark creation,
and provide a practical algorithm for controlling
benchmark diversity in existing benchmarks.

2 Background & Related Work

Redesigning MT Benchmarks. Benchmarks
have played a vital role in the automatic evalu-
ation of MT developments, and thereby steering
research directions. This relationship is bidirec-
tional: Benchmarks shape progress, but progress
also reshapes what we require from strong bench-
marks. Currently, a prominent criticism of existing
MT benchmarks concerns their difficulty: As the
state of the art improves, benchmarks risk becom-
ing too easy, reducing their ability to meaningfully
differentiate system performance. Mitigating such
benchmark saturation has become a popular line
of MT research. Zhan et al. (2021) and Liu et al.
(2022) approached difficulty from the perspective
of metrics, where different benchmark items get
different weights in aggregate scores, based on their
predicted difficulty. Data-level approaches pursued
difficulty by filtering for specific textual charac-
teristics, such as selecting longer sentences (Chen
et al., 2023). A recent line of work has extended
this direction. Proietti et al. (2025) propose the task

of predicting the difficulty of benchmark items, and
use these predictors to sample difficult items, con-
structing more challenging benchmarks. Xu et al.
(2025) search for difficult test items on the internet,
and Pombal et al. (2025) and Zouhar et al. (2026)
generate items that are difficult to translate (the
former from scratch; the latter iteratively). This
line of research has practical impact: The WMT25
general MT benchmark was explicitly filtered for
difficulty (Kocmi et al., 2025).

Difficult benchmarks are not necessarily linguis-
tically representative, as they aim to assess MT
performance specifically in challenging scenarios.
In fact, Zouhar et al. (2026) demonstrate a trade-
off: Optimizing solely for difficulty may come at
the expense of diversity. Since most efforts to in-
crease benchmark difficulty have rarely accounted
for diversity, source-side diversity has been largely
absent from the discourse on improving MT evalu-
ation. Our work addresses this perspective directly.

Diversity in MT Benchmarks. Most works that
address diversity in MT benchmarks focus on the
reference-side. Freitag et al. (2020) note that WMT
references exhibit a monotonous style, and include
additional, manually paraphrased references, which
increased the correlation with human judgment on
the WMT19 English→German set. Bawden et al.
(2020) found that, when using automatically gener-
ated paraphrases, improvements (based on BLEU)
were small and inconsistent. Zeng et al. (2024) ex-
perimented with using LLM-generated reference al-
ternatives on four translation directions in WMT22,
and report an improved correlation with human
judgment. These works define the diversity of a
set of references according to lexical diversity (as
opposed to e.g. syntactic diversity), because MT
models and many metrics are sensitive to lexical,
surface-level variation.

We similarly focus on lexical diversity, but ap-
proach diversity from the source-side. This offers
a practical advantage: Source-side interventions
could lead to more efficient use of evaluation re-
sources. That is, more informed selection of source-
side items can avoid ineffective efforts such as
translating identical (or highly similar) items, both
in terms of human effort as well as model inference
costs. Since benchmarks are commonly translated
into a range of languages (9 for our WMT24 source
set, 55 languages in WMT24++; Deutsch et al.,
2025), this effort is not negligible.
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3 An Audit of Source-Side Diversity

Understanding whether source-side overlap mean-
ingfully affects MT evaluation first requires estab-
lishing how common such overlap actually is. If
the examples in Figure 1 prove to be isolated cases,
and overlap is generally rare in widely used MT
benchmarks, then inter-source diversity may pose
little practical concern. However, the current state
of source-side diversity in MT evaluation sets re-
mains largely undocumented. In this section, we
therefore conduct a systematic audit of source-side
diversity across popular MT benchmarks: What
is the extent of duplicates and overlap present in
benchmark items?

Datasets. We analyze nine of the most widely
used MT evaluation datasets: Europarl (Koehn,
2005), FloRes-101/200 devtest (Goyal et al.,
2022; NLLB Team et al., 2024), BOUQuET (An-
drews et al., 2025), and six recent benchmarks from
the main WMT evaluation campaigns (WMT20-25;
Barrault et al. 2020; Akhbardeh et al. 2021; Kocmi
et al. 2022, 2023, 2024, 2025). This broad selec-
tion includes the most recent evaluation datasets
used in the OPUS-MT Dashboard (Tiedemann and
de Gibert, 2023). We analyze English sources. For
the WMT datasets, we take the source text that
was translated into most target languages that year.
Details for each dataset are found in Appendix A.

Diversity Measures. We are principally inter-
ested in inter-source diversity, i.e. how similar
or dissimilar individual test instances are to one
another. To assess this, we first count the number
of items that occur more than once in a bench-
mark (# Dpl), and the number of near-duplicates

(# N-Dpl) as the number of items in a test set that
have a Levenshtein similarity of > 0.9 to another
item in the test set.1 Note that this is a conserva-
tive threshold, capturing only items with very high
surface-form similarity, excluding examples such
as in Figure 1 (Levenshtein similarity: 0.65). Addi-
tionally, we measure lexical overlap through the av-
erage Dice-coefficient of the character bigrams (cf.
Kondrak, 2005) over all pairs of items, and subtract
this from 1 to retrieve an average lexical distance.2

This mean pairwise distance (MPD) measures how
lexically different benchmark items are from each
other, on average. Additionally, we report the av-
erage distance (again: 1−Dice-coefficient) to each
item’s nearest neighbour (mean minimal pairwise
distance; MMPD). While MPD captures the global
lexical spread of the benchmark, MMPD reveals to
what extent items are locally clustered.

We also examine how inter-source diversity re-
lates to other overall diversity measures, commonly
used in MT (e.g. Vanmassenhove et al., 2019).
We first measure the number of unique words in
each benchmark (|W |). This measure naturally
increases as the number of items in a benchmark
increases. Therefore, we also calculate the length-
robust MTLD (average length of consecutive word
strings that maintain a certain TTR value; Mc-
Carthy and Jarvis, 2010).3

1We use TheFuzz (https://github.com/seatgeek/
thefuzz), using the method fuzz.ratio(). This threshold
was argued in previous work to account for minor variations
(e.g. Szep et al., 2026).

2We experimented with a range of other metrics, including
Levenshtein Distance, Jaro-Winkler Distance and Hamming
Distance, but found that overall trends remain the same.

3We calculate this using https://github.com/
kristopherkyle/lexical_diversity, default settings.

Inter-source Diversity Overall Diversity
Benchmark # Items # Dpl (↓) # N-Dpl (↓) MPD (↑) MMPD (↑) |W| (↑) MTLD (↑)

Europarl 3,064 3 17 0.59 0.39 8,336 102.61
FloRes 1,012 0 0 0.62 0.45 5,818 108.26
BOUQuET 854 2 2 0.75 0.51 2,957 106.20
WMT20 1,418 0 0 0.61 0.42 8,583 125.36
WMT21 1,002 0 0 0.63 0.44 5,724 118.81
WMT22 2,037 204 249 0.72 0.40 6,107 97.30
WMT23 2,074 6 20 0.73 0.47 6,480 92.57
WMT24 998 9 17 0.72 0.46 6,885 120.68
WMT25 332 0 0 0.45 0.33 7,173 114.52

Table 1: Audit of source-side diversity in nine widely used MT benchmarks. Arrows indicate directions which
suggest higher diversity. Single values indicating most and least diversity are marked in each column.

https://github.com/seatgeek/thefuzz
https://github.com/seatgeek/thefuzz
https://github.com/kristopherkyle/lexical_diversity
https://github.com/kristopherkyle/lexical_diversity
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Results and Discussion. Table 1 shows the re-
sults. Firstly, we observe that the majority (5/9) of
benchmarks we analyzed contain exact duplicates
(# Dpl) at the source-side. Although the number
of items that appear more than once is generally
not very high (e.g. 6 out of 2,074, i.e. 0.3% in
WMT23), our audit reveals WMT22 as a problem-
atic outlier, with more than 200 repeated items.
Surface-level investigation shows that several items
appear frequently in that benchmark (e.g. “Go to
your Home screen.”, 11 times; “Tap Settings”,
11 times; “Tap Device information”, 7 times).

Overall, mean pairwise distances (MPD) are be-
low 0.80, suggesting that benchmark items are
not all lexically well-separated. Given that MT
evaluation is typically budget-constrained, higher
MPD values would be desirable, as they indicate a
greater coverage of distinct linguistic phenomena.
The mean minimum pairwise distance (MMPD)
shows that, apart from BOUQuET, all benchmarks
have mean nearest-neighbour distances below 50%.
This means that, for most items, another source sen-
tence in the same benchmark is somewhat lexically
similar, revealing substantial local overlap despite
moderate global diversity.

Lastly, we observe that how diversity is mea-
sured matters: Overall diversity scores, which are
widely used in MT (e.g. Vanmassenhove et al.,
2019), and inter-source diversity results vary. For
example, WMT20 contains the highest number of
unique words and retrieves the highest MTLD, but
its mean pairwise distance (MPD) between items
is lower than for example BOUQuET, which re-
trieves the highest MPD of 0.75, with a more mod-
est MTLD score of 106.20.

Implications. This audit indicates that source-
side overlap is not an isolated issue, but a recurring
characteristic in popular MT benchmarks, making
it worthwhile to investigate these patterns empir-
ically in relation to MT evaluation. We find that
source-side diversity manifests in more subtle ways
than mere exact duplication: The absence of exact
duplicates does not necessarily imply higher over-
all diversity scores, or high mean pairwise distance.
Practically, our results suggest that inter-source
diversity cannot be taken for granted in existing
MT benchmarks, and that trivial solutions (e.g. ap-
plying a de-duplication filter) do not necessarily
mitigate the issue.

4 Experimental Setup

To evaluate the downstream impact of inter-source
diversity, we first construct subsets with controlled
levels of inter-source similarity (§4.2). Based on
these subsets, we evaluate differences in model
rankings, confidence intervals and discriminative-
ness (§4.3).

4.1 Data
We base our analysis on the WMT24 benchmark
(Kocmi et al., 2024). This dataset includes model-
and item-level scores across a range of recent MT
models and LLMs. Importantly, it is not an out-
lier in terms of diversity scores (§3), unlike for
example WMT22 (# Dupl) and WMT25 (MPD),
and it was not pre-filtered for difficulty, unlike
WMT25. WMT24 has also shaped several recent
claims about state-of-the-art MT, for example “The
LLM Era Is Here but MT Is Not Solved Yet” (Kocmi
et al., 2024), and continues to be used actively be-
yond the original shared task (e.g. Zouhar et al.,
2026; Ramos et al., 2026). Moreover, it serves as
the foundation for the broader WMT24++ dataset
(Deutsch et al., 2025), further underscoring its rele-
vance. For our analysis, we use the English sources
which were translated into nine target languages
(Czech, German, Spanish, Icelandic, Japanese, Rus-
sian, Ukrainian, Chinese, Hindi). We include each
of these language directions in our analysis, to
strengthen the cross-lingual generalizability of our
findings, and to demonstrate robustness against
reference-side variation (references differ across
target languages).

4.2 Controlling Benchmark Diversity
Dataset filtering has proven to be an effective ap-
proach for mitigating redundancy in NLP bench-
marks more generally (Rubinstein et al., 2026;
Gupta et al., 2025; Gevers et al., 2025) and for
redesigning MT benchmarks for difficulty (Proietti
et al., 2025). We extend this approach to control-
ling diversity, by sampling high and low diversity
benchmarks.

Sampling Algorithm. To retrieve a diverse sam-
ple, in which overlap is minimized, we approach
the problem as an instance of the Maximum Min-
imum Diversity Problem (MMDP), where the ob-
jective is to select items such that the minimum
distance between any two sampled items is maxi-
mal. This eliminates the need to specify any man-
ual diversity threshold. Since the MMDP is known
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Inter-source Diversity Overall Diversity
Benchmark # Items # Dpl (↓) # N-Dpl (↓) MPD (↑) MMPD (↑) |W| (↑) MTLD (↑)

MAXMIN 499 0 0 0.81 0.59 2,416 258.80
MINMIN 499 0 0 0.52 0.38 6,024 138.52

Random* 499.0 2.40 4.20 0.72 0.48 4,463.60 170.92
st. dev ± 0.0 ± 2.27 ± 2.57 ± 0.01 ± 0.01 ± 112.75 ± 7.26

Table 2: Diversity evaluation on WMT24 subsets, where Random, MAXMIN and MINMIN sample sizes are 50% of
the original dataset. *For all random samples in this paper, we report the average over 10 runs.

to be NP-hard we apply a heuristic; greedy sam-
pling. Given a set of source items S, for each
s ∈ S, we first calculate each distance dist with
respect to every other source s′ ∈ S \ {s}. For
this, we use 1− the average Dice-coefficient of the
character bigrams, consistent with §3. Given this
matrix of pairwise distances, we then aim to sam-
ple k items with maximum minimum distance. We
first identify the source s ∈ S that has the maxi-
mum distance dist with respect to all other sources
s′ ∈ S \ {s}. Then, until k is reached, we retrieve
the next point that has the largest minimum dis-
tance to all items in the current sample. A formal
representation of our sampling approach is found
in Appendix B. We sample using a threshold of
50% of the full dataset4, resulting in a MAXMIN

set which we expect to exhibit increased lexical
diversity compared to random samples of the same
size. As a controlled low diversity benchmark, we
construct a sample using the opposite objective
(minimum minimum distance): MINMIN.

Diversity Verification. To verify whether our al-
gorithm effectively controls source-side diversity,
we compare the constructed MAXMIN and MIN-
MIN test sets using the diversity measures from
§3. For a length-fair comparison with the full test
set, we report the average over ten random sam-
ples of the same size (50%). Table 2 shows that,
indeed, our controlled MAXMIN sample yields sub-
stantially increased lexical diversity, across most
measures. On the other hand, diversity in our MIN-
MIN dataset is effectively decreased. The only ex-
ception, the number of unique words, is explained
by the MINMIN sample containing more longer
items (note that |W | is very sensitive to length).
Further, neither MAXMIN nor MINMIN contains
duplicates. MAXMIN and MINMIN overlap by 68
items (13.6%). As a final verification step, we visu-

4The 50% threshold is arbitrary; we use it to demonstrate
the difference between high and low diversity benchmarks,
rather than searching for an optimal value.
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Figure 2: Frequency distribution of pairwise distances
(1− Dice bigram coefficients) across the MINMIN and
MAXMIN samples.

alize the distribution of pairwise distances in Figure
2: MAXMIN indeed contains more dissimilar items
than MINMIN.

4.3 Measuring Downstream Impact
Unlike model evaluation, where performance can
be measured directly on a benchmark, evaluating a
benchmark itself is more challenging. In previous
work, benchmark filtering approaches (e.g. Gupta
et al. 2025; Zouhar et al. 2025) are deemed success-
ful if the performance of the filtered set corresponds
to that of the full benchmark. However, because
existing benchmarks themselves are not guaranteed
to be diverse (§3), we cannot rely on the full set as a
gold standard. Instead, we first inspect how model
rankings differ across the MAXMIN, MINMIN

and random samples (§5.1). We then look at differ-
ences in terms of their confidence intervals (§5.2)
and discriminativeness (§5.3). We report chrF in
the paper’s main text, which was also used in the
OCELoT leaderboard for WMT24 (Kocmi et al.,
2024). We rely on an automatic metric because
human assessment (e.g. MQM, ESA) is not avail-
able for each item for each model. We choose chrF
instead of a learned metric (e.g. COMET) in the
main text, since learned metrics may disadvantage
low-resource languages (Falcão et al., 2024).5

5Appendices D, E and G show results on MT metrics
beyond chrF; The observed patterns hold.
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cs de es hi is ja ru uk zh

All↔ MAXMIN 0.98 0.98 0.99 0.97 0.98 0.95 0.99 0.97 0.99
All↔ MINMIN 0.94 0.96 0.94 0.98 0.99 0.97 0.92 0.96 0.98

All↔ Random* 0.99 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.99
st. dev ± 0.005 ± 0.011 ± 0.008 ± 0.004 ± 0.006 ± 0.008 ± 0.007 ± 0.005 ± 0.005

Table 3: Correlation (Spearman’s ρ) of model rankings, when calculating average performance per model based
on 50% subsets of the benchmark items (MAXMIN, MINMIN, Random). All results are statistically significant
(p < 0.001).
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Figure 3: Rank correlations with the full benchmark (Spearman’s ρ) across controlled diversity samples (MAXMIN,
a; MINMIN, b) and Random* samples (c) of different sizes: 1%, 5%, 10%, 20%, 30%, 40% of WMT24 sources.

5 Results and Analysis

5.1 Model Rankings

Table 3 shows the correlation between model rank-
ings when calculating average performance per
model based on only subsets of the benchmark
items (MAXMIN, MINMIN and 10 random sam-
ples). All correlations are strong (> 0.90) and
statistically significant; model rankings stay virtu-
ally the same, whether evaluating on MAXMIN,
MINMIN, a random sample, or the full bench-
mark. While similar model-level conclusions can
be drawn with less data, perhaps WMT24 is not
diverse enough to show a meaningful difference.

While differences in correlation between
MAXMIN and MINMIN (50% of the full bench-
mark, i.e. 499 lines) are marginal in Table 3, there
is a stark difference when analyzing smaller sam-
ple sizes. Figure 3 shows the rank correlation
when taking controlled diversity samples of dif-
ferent sizes (1%, 5%, 10%, 20%, 30%, 40% of the
full WMT24 benchmark). Taking only 1% (9 sen-
tences) items through minimum minimum diversity
sampling yields a strong (and statistically signifi-
cant) correlation (> 0.85) with the full benchmark,
across all nine translation directions. This strong
correlation is consistent across sampling sizes. By
contrast, sampling for maximum minimum diver-

sity requires more sentences to be included, for a
strong correlation with the full benchmark. Note
that correspondence to the full test set is not neces-
sarily a good indicator of benchmark quality, since
the full benchmark may include overlap (See §3
and Figure 1). We therefore evaluate benchmark
behavior more generally in the following sections.

5.2 Performance and Confidence Intervals
Benchmarks with many highly similar items po-
tentially produce artificially narrow confidence in-
tervals, because resampling-based estimates (such
as bootstrap intervals) implicitly assume that each
item contributes independent information, while
this is not the case. For example, Hardt (2026)
writes that copying each benchmark data point 10
times will make the confidence intervals overly op-
timistic: While no new information on model per-
formance is added, the apparent statistical certainty
increases, purely as an artifact of this duplication.

Figure 4 shows the 95% bootstrap confidence
intervals for the MAXMIN and MINMIN datasets.
The benchmark with lower diversity exhibits a con-
sistently narrower interval, demonstrating exactly
this effect: Reduced variety in the evaluation set
leads to deceptively tight confidence intervals, po-
tentially overstating how reliably the benchmark
shows model performance. The figure also shows
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Figure 4: 95% bootstrap confidence intervals (sampled 10,000 times with replacement) for the MAXMIN (bottom)
and MINMIN (top) and Random* (10 runs) (middle) samples.
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Figure 5: Distribution of average chrF scores and their standard deviation across benchmark items in MAXMIN (a),
MINMIN (b), and a comparison with the full set of benchmark items (c), for WMT24 en→de.

that the less diverse benchmark’s scores are gener-
ally higher. This indicates that low inter-source di-
versity items may have inflated overall chrF scores
for WMT24.

5.3 Discriminativeness

A requirement for an informative benchmark is
that it includes items on which models perform
differently, that is, different models obtain differ-
ent scores. Inspired by dataset cartography from
training dynamics (Swayamdipta et al., 2020), we
plot each item in a (sampled) benchmark according
to its average performance over all models (chrF,
y-axis) and its standard deviation across model
performance (chrF, x-axis). Comparing Figure 5a
(MAXMIN) and Figure 5b (MINMIN) shows a stark
contrast: Benchmark items in the less diverse con-
trolled benchmark cluster together more than in
the more diverse benchmark, both on the x-axis
and y-axis. In Figure 5c we compare this with the
full benchmark: The spread of the (smaller, 50%)
MAXMIN sample resembles that of the full set,
while MINMIN results are more dense. We quan-
tify these differences in Table 4, where we also

compare with the average over 10 random samples
again. On the y-axis (∆ Avg.), the smaller range for
MINMIN means that average performance is more
similar. Thus, this benchmark is less informative
when it comes to mapping MT models’ strengths
and weaknesses. On the x-axis (∆ Std. Dev), this
means that the performance differences between
models are smaller. Thus, the less diverse bench-
mark has weaker discriminative capabilities than
the more diverse one. This holds across all 9 target
languages (Appendix F).

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 48.72 92.00 20.79
MINMIN 22.24 59.28 10.50

Random* 44.88 88.00 17.35
st. dev ± 2.26 ± 4.36 ± 0.63

Table 4: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→de. *Results over the
random samples are averaged over 10 runs.
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cs de es hi is ja ru uk zh

Intercept 21.3* 21.90* 24.38* 20.72* 23.30* 22.09* 22.89* 17.54 17.67

Lex. Sim. -27.19* -26.54* -30.36* -23.19* -30.88* -34.03* -26.25* -26.79* -23.10*
Syn. Sim. -3.81 -1.35 -1.89 -6.53 -3.63 -7.26 -6.70 -0.76 -6.79
Sem. Sim. 1.36 0.09 -0.70 -0.94 -1.99 3.86 0.92 6.42* 5.62*

Table 5: Results for multiple regression on distance matrices for similarity dimensions and average chrF score
differences in WMT24. Statistically significant (α < 0.01) correlations (1,000 permutations) are marked with an
asterisk. Coefficients are rounded to two decimals. Results for COMET, MetricX-24 and BLEU are in Appendix H.

6 Further Analysis

The previous empirical analysis indicates that inter-
source diversity meaningfully affects MT evalua-
tion: While model rankings change minimally, the
low-diversity sampled benchmark produces more
narrow confidence intervals and is less discrimina-
tive, compared to a benchmark sample with higher
diversity. This merits further investigation: We first
verify the assumption that similar sources tend to
retrieve similar scores (§6.1), analyze the sampled
domains (§6.2), and further investigate the relation-
ship between difficulty and diversity (§6.3).

6.1 Similar Sources, Similar Scores?
The intuition that inter-source diversity affects MT
evaluation relies on the assumption that evaluating
on similar items tends to yield similar outputs, thus
resulting in similar scores. In this section, we verify
this assumption, and explore three dimensions of
similarity (lexical, syntactic and semantic).

Methodology. To assess to what extent similar
items retrieve similar results, we correlate pairwise
(lexical, syntactic and semantic) similarity matrices
(over all pairs of source items) with the pairwise
average score difference matrix (over all pairs of
item-level results). We report results with chrF
in the main text (see Appendix H for other MT
metrics). We run multiple regression on distance
matrices (MRM) (Legendre et al., 1994; Lichstein,
2007), with all three item similarity matrices as
predictors. A negative correlation coefficient can
be interpreted as follows: The higher the similarity
between two test items, the smaller the distance in
their average MT score across models.

Similar to the main experiments, for lexical sim-
ilarity, we take the Dice-coefficient of the charac-
ter bigrams in two sources. Using part-of-speech
(POS) tags is an established approach for calculat-
ing “syntactic footprints” (Nerbonne and Wiersma,
2006). To approximate syntactic distance, we first

obtain the POS tags using Stanza (Qi et al., 2020).
We then compute the Jaccard similarity by dividing
the number of overlapping POS-bigrams in the two
sources by their union. More complex approaches,
such as tree kernel distances, are prohibitively com-
putationally expensive for all pairwise combina-
tions. To approximate semantic similarity, we cal-
culate the commonly used cosine similarity (e.g.
Guo et al., 2024) between sentence embeddings.
We use Sentence-BERT (Reimers and Gurevych,
2019) to obtain embeddings. Specifically, we use
all-mpnet-base-v2, as the providers claim that
this model “provides the best quality”.6 Formal
definitions for these similarity measures are in Ap-
pendix C.

Results and Discussion. Table 5 shows a con-
sistent, negative, statistically significant weak to
moderate correlation between lexical similarity and
(average) score differences of items. That is, a high
similarity between two test items is associated with
a low difference in their output scores; Lexically
similar items tend to give similar results. Although
there are many factors that influence automatic MT
metrics (such as variation in reference formula-
tions), it is interesting to see such a consistent result
in the lexical dimension, while the syntactic and
semantic similarity do not show such patterns. This
supports our focus on lexical diversity in our main
analyses. The results are mostly robust across ref-
erence variation, since the pattern holds across all
target languages (each with their own references).
Similar conclusions hold for BLEU, COMET-22
and MetricX-24 scores (Appendix H).

6.2 Domain-Level Sample Comparison

In the WMT24 evaluation campaign, benchmark
items were sampled from four domains in an at-
tempt to increase the diversity of evaluated phe-

6https://sbert.net/docs/sentence_transformer/
pretrained_models.html

https://sbert.net/docs/sentence_transformer/pretrained_models.html
https://sbert.net/docs/sentence_transformer/pretrained_models.html
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Figure 6: Number of items sampled per domain in
MAXMIN and MINMIN, with total items per domain
indicated by horizontal dashed lines. Note that the total
size is 997 instead of 998, because the canary sentence
(item #1) does not belong to a domain.

nomena (Kocmi et al., 2024). We investigate how
MAXMIN and MINMIN compare in terms of their
distribution across these domains, and what this
implies about benchmark creation.

Figure 6 shows that the social domain is sam-
pled more in MAXMIN, compared to MINMIN.
In MINMIN, almost all items from the news and
speech domain are included in the sample. In
Table 6 we investigate this further. The news and
speech domains exhibit a considerably lower MPD
(0.53 and 0.47, respectively) than the other two do-
mains (0.79 and 0.68). Interestingly, social con-
tains the only (near-) duplicates in WMT24, but
still retrieves the highest MTLD, MPD and MMPD.
High MPD and MMPD may in part be explained by
item length: Although our lexical distance metric
corrects for length, shorter items inherently contain
fewer bigrams, and therefore tend to exhibit lower
overlap than longer items. Regardless, this suggests
that simply sampling from more domains may be
less effective for increasing inter-source diversity
than sampling from more diverse domains.

6.3 Difficulty vs. Diversity

Considering the recent interest in increasing the dif-
ficulty of MT benchmarks (§2), it is relevant to in-
vestigate how diversity and difficulty interact. The
results in §5 showed that chrF scores for the less
diverse test set (MINMIN) were generally higher
than those in Random and MAXMIN, indicating a
lower level of difficulty, for WMT24. Inspired by
Zouhar et al. (2026), we now look at it the other
way around: the diversity of benchmarks sampled
for difficulty. In MT, difficult source-side items are

Domain # Dpl MPD MMPD |W| MTLD

news 0 0.53 0.39 2,715 132.72
social 9 0.79 0.50 2,456 134.41
speech 0 0.47 0.37 2,152 98.81
literary 0 0.68 0.46 2,219 120.41

Table 6: Diversity audit per WMT24 domain.
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Figure 7: Source-side diversity scores across bins of
decreasing difficulty in WMT24, en→de.

commonly defined as items for which MT models
retrieve low scores (Proietti et al., 2025). Therefore,
we operationalize an item’s difficulty through its
overall score across models.

We sort all benchmark items by average perfor-
mance (en→de, chrF) and categorize the items
into 10 bins of decreasing difficulty. For each
of these bins, we calculate the MPD and MTLD
scores. Figure 7 shows the results, including av-
erage chrF scores per bin. Both in terms of inter-
source diversity (MPD) and overall lexical diver-
sity (MTLD), diversity is highest for the easiest
and most difficult bins, while diversity scores are
generally lower for the mid-difficulty bins. One ex-
planation for this is that some highly diverse items
are tricky to translate given a single reference, be-
cause of non-standard language use, for example:
“@user47 noooooOOOOooOoOooooo ”. When
it comes to items from the easy bins, addresses
or hyperlinks may be frequently seen during train-
ing, and thus easy for MT models, but can still
inflate lexical diversity scores, for example: “The
Tierra del Sol Gallery is located at 7414
Santa Monica Blvd. For information, visit
tierradelsolgallery.org.” This suggests that
the relation between difficulty and diversity may be
more nuanced than a strict trade-off (Zouhar et al.,
2026).
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7 Discussion

This paper has presented an empirical analysis of
source-side diversity in MT evaluation. At the same
time, determining what belongs in a benchmark is
not purely an empirical question; it can be argued
from multiple perspectives and therefore calls for a
broader, more conceptual discussion.

A common intuition is that general-purpose
benchmarks “should reflect the full range of linguis-
tic variation [...] that is used in the relevant domain,
context, and language variety” (Bowman and Dahl,
2021). In MT specifically, diversity is often linked
to generalizability: Goyal et al. (2022) note that
a benchmark that only consists of very short and
straightforward sentences may be “not as general-
izable to a more diverse set of content”. Similarly,
general WMT evaluation campaigns have explic-
itly aimed to include “diverse settings” (Kocmi
et al., 2024), reinforcing the idea that broad linguis-
tic coverage is desirable for assessing general MT
capabilities.

However, the opposite perspective also deserves
explicit consideration. First, it should be noted that
it is not by default problematic to evaluate MT mod-
els on low-diversity text. Domain-specific applica-
tions, such as the automatic translation of instruc-
tion manuals, are expected to be evaluated in these
low-diversity domains. However, the issue that we
address in this paper is that of suggested general-
izability in combination with unawareness regard-
ing the inter-source diversity. Claims about “gen-
eral MT capabilities” (Kocmi et al., 2022) or over-
all MT architectures (‘‘The LLM Era is Here...”;
WMT24 (Kocmi et al., 2024)) implicitly assume
that the evaluation set is sufficiently diverse to sup-
port such conclusions. A second consideration is
that low inter-source diversity may be a natural con-
sequence of document-level MT evaluation. When
benchmark items are drawn from coherent docu-
ments, they will often share topic and style, making
the data more similar than benchmarks with inde-
pendently sampled sentences. This helps explain
why the document-level WMT25 benchmark yields
lower MPD than benchmarks constructed through
sentence-level sampling (§3). Such overlap may
be desirable for coherent document-level evalua-
tion, but it still poses challenges when results are
interpreted as evidence of general MT performance,
when metrics are aggregated over overlapping (and
correlated) items, or statistical tests assume inde-
pendence on the sentence-level.

8 Conclusion and Recommendations

Many general-purpose MT benchmarks contain
source-side overlap (§3), but whether and how
this can impact MT evaluation downstream was
still an open question. We addressed this research
question through systematically controlling source-
side diversity for English source items in WMT24.
We found that model rankings were relatively sta-
ble across samples, so model comparisons were
not substantially affected. Still, the low-diversity
benchmark produced narrower confidence intervals
and was shown to be less discriminative, compared
to the higher-diversity benchmark.

Recommendations. Based on our findings, we
offer several practical recommendations for fu-
ture MT benchmark development and evaluation.
First, we recommend inter-source diversity to be
taken into account more explicitly when creating
new benchmarks. At minimum, applying a de-
duplication filter on the source-side could avoid
unexpected repeated measurements and save eval-
uation resources. We encourage researchers to re-
port diversity scores when introducing or using MT
benchmarks, enabling more transparent insights
into what is measured, and how this compares
to other benchmarks. While model rankings are
relatively stable across diversity samples, we cau-
tion against drawing absolute conclusions about
the state of MT based on benchmarks that exhibit
limited diversity, as such datasets may not reflect
the full range of linguistic phenomena that mod-
ern MT systems encounter, potentially leading to
overfitting on specific language varieties. Finally,
we advise against evaluating (with uniformly aggre-
gated metrics) on benchmarks with known diversity
issues, notably WMT22.

Inter-source diversity has so far received limited
attention in MT evaluation research, and our find-
ings highlight several directions for further inves-
tigation. A first question is whether the effects we
observe in WMT24 generalize to other evaluation
campaigns, and how this evolves as MT models
continue to improve. Future work could also ex-
plore diversity sampling strategies in benchmark
creation beyond greedy selection. Lastly, how to
aggregate results over overlapping or correlated
items remains an open methodological problem,
especially for already existing benchmarks.
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Limitations

Datasets. Our downstream analysis is conducted
on the English sources in the WMT24 benchmark.
There are multiple reasons for this: WMT24 spans
multiple domains, was not filtered for difficulty (as
WMT25), is not an outlier in terms of number of
duplicates (Table 1), and is still commonly used for
evaluating MT models (e.g. in WMT24++). We
have included results across metrics (chrF, Popović,
2015; COMET-22, Rei et al., 2022; MetricX-24,
Juraska et al., 2024) and all target languages, to
increase generalizability. While evaluating on only
one WMT test set is not uncommon in MT evalua-
tion research (e.g. Zouhar et al. (2026)), we cannot
(and do not) claim that the diversity results would
hold to all (present and future) MT benchmarks.

Focus On Subsampling. Improving benchmarks
through subsampling is common practice (Rubin-
stein et al., 2026; Gupta et al., 2025; Gevers et al.,
2025; Proietti et al., 2025; Zouhar et al., 2025).
This allows us to control the diversity of the sam-
ple directly. We leave the generation of new (di-
verse) test items (cf. e.g. Zouhar et al. (2026)) in a
controlled manner to future work.

Broader Benchmark Issues. Gevers et al. (2025)
write the following about improving NLP bench-
marks: “it is important not to overestimate the us-
ability of single solutions, since they are often cre-
ated with only one or a few issues in mind, neglect-
ing other pitfalls.” While source-side diversity is a
commonly overlooked property of MT benchmarks,
benchmark quality is multifaceted. Approaches
to diverse and difficult benchmarks are not neces-
sarily mutually exclusive. We note that issues in
major MT benchmarks are not limited to diversity.
For example, in our surface-level qualitative analy-
sis, we observed anonymized usernames (“@user”,
WMT24), HTML code (“<div id=sec1></div>”,
WMT24) and other templates (“Question No 4
by ( H-0820 / 00 )”, Europarl). These are not
necessarily representative of real-world MT usage
(e.g. it can be expected that few users would like
to translate HTML code from English to Spanish
(and German, and Hindi, and Icelandic, etc.)). As a
result, such ‘general’ benchmarks do not necessar-
ily reflect how well such models perform on actual
end users’ tasks. All in all, this highlights the need
to pay (even) closer attention to evaluation datasets
in MT.
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jar, Marta R. Costa-jussà, Christian Federmann,
Yvette Graham, Roman Grundkiewicz, Barry Had-
dow, Matthias Huck, Eric Joanis, Tom Kocmi,
Philipp Koehn, Chi-kiu Lo, Nikola Ljubešić, Christof
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A Dataset Details

Table 7 (next page) contains an overview of the
evaluation datasets analyzed in this work, includ-
ing paper references, download links, licenses and
additional information. For the WMT datasets,
the listed download links are no longer available;
still, data can be found in the following reposi-
tory: https://github.com/google-research/
mt-metrics-eval.

B Sampling Algorithm

Algorithm 1 MaxMin Diversity Sampling.
1: s← argmaxs∈S

∑
s′∈S dist(s, s′)

2: M ← {s}
3: while |M | < k do
4: M ← M ∪
{argmaxs∈S\M (mins′∈M dist(s, s′))}

5: end while
6: return M

C Calculation of Similarity Metrics

Lexical Similarity.

simlex(s, s
′) =

2 ∗ |N(s) ∩ N(s′)|
|N(s)|+ |N(s′)|

(1)

where N(s) denotes the set of n-grams in source
sequence s, and N(s′) denotes the set of n-grams
in source sequence s′:

Syntactic Similarity.

simsyn(s, s
′) =

|N(poss) ∩ N(poss′)|
|N(poss) ∪ N(poss′)|

(2)

where N(poss) denotes the set of POS n-grams in
source sequence s, and N(poss′) denotes the set of
POS n-grams in source sequence s′:

Semantic Similarity.

simsem(s, s′) =
E(s) · E(s′)

|E(s)||E(s′)|
(3)

where the semantic similarity between two sources
s and s′ is defined as the cosine similarity be-
tween the embeddings of s and s′, given embedding
model E.

D Model Ranking Results Across Metrics

Tables 8 and 9 show the results of the model
rank analysis (§5.1) when using COMET-22 and
MetricX-24, respectively, instead of chrF. The same
conclusion holds: Model rankings are relatively sta-
ble across samples.

E Discriminativess Results Across
Metrics

Tables 10 and 11 show the results of the model
discriminativeness analysis (§5.3) when using
COMET-22 and MetricX-24, respectively, instead
of chrF. We observe similar patterns as in the main
text.

F Discriminativeness Analysis Across
Target languages

Tables 12–19 contain the results for the analysis
of benchmark discriminativeness (§5.3), across the
eight other target languages. Results and conclu-
sions are consistent with those based on en→de in
the main analyses.

G Confidence Interval Results Across
Metrics

Figure 8 and 9 show the results of the confidence
interval analysis (§5.2) when using COMET-22 and
MetricX, instead of chrF.

H MRM test results with COMET-22,
MetricX-24 and BLEU

Table 20 shows the MRM correlation results with
COMET-22 as an automatic evaluation metric. The
coefficients are smaller, but note than COMET
scores are on a different scale than BLEU scores.
Table 22 shows the MRM correlation results with
MetricX-24 as an automatic evaluation metric. Ta-
ble 21 shows the MRM correlation results with
BLEU as an automatic evaluation metric.

https://github.com/google-research/mt-metrics-eval
https://github.com/google-research/mt-metrics-eval
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Dataset Reference(s), data source, license, notes

FloRes-101/200 Paper references: Guzmán et al. (2019); Goyal et al. (2022)
(devtest) Source: https://dl.fbaipublicfiles.com/flores101/dataset/flores101_dataset.tar.gz

Dataset license: Creative Commons Attribution-ShareAlike 4.0

Europarl Paper reference: Koehn (2005)
Source: https://www.statmt.org/wmt06/shared-task/test2006.en.gz
Dataset license: Not disclosed explicitly

BOUQuET Paper reference: Andrews et al. (2025); Team et al. (2026)
(test) Source: https://huggingface.co/datasets/facebook/bouquet

Dataset license: Meta Dataset Research License Agreement
Note: We take the test set on the sentence_level.

WMT20 Paper reference: Barrault et al. (2020)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for the translation directions: en→ cs, de, en.

WMT21 Paper reference: Akhbardeh et al. (2021)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for the translation directions: en→ cs, zh, en, de.

WMT22 Paper reference: Kocmi et al. (2022)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for the translation directions: en→ zh, uk, ja,
de, cs, ru.

WMT23 Paper reference: Kocmi et al. (2023)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for the translation directions: en→ zh, cs, uk,
ru, ja, he.

WMT24 Paper reference: Kocmi et al. (2024)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for the translation directions: en→ cs, de, es,
is, ja, ru, uk, zh, hi.

WMT25 Paper reference: Kocmi et al. (2025)
Source: https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
Dataset license: Apache-2.0 license
Note: We take the English source file which was used for all translation directions.

Table 7: Additional information about the evaluation datasets that were analyzed in this work.

cs de es hi is ja ru uk zh

All↔ MAXMIN 0.95 0.99 0.98 0.99 1.00 0.98 0.99 0.94 0.99
All↔ MINMIN 0.97 0.99 0.94 0.99 0.99 0.96 0.97 0.95 0.95

All↔ Random* 0.99 1.00 0.99 1.00 1.00 0.99 0.99 0.99 0.99
st. dev ± 0.005 ± 0.003 ± 0.008 ± 0.003 ± 0.00 ± 0.006 ± 0.005 ± 0.013 ± 0.005

Table 8: Correlation (Spearman’s ρ) of model rankings, when calculating average performance (COMET-22) per
model based on 50% subsets of the benchmark items (MAXMIN, MINMIN.*Results over the random samples are
averaged over 10 runs. All results are statistically significant (p < 0.001).

https://dl.fbaipublicfiles.com/flores101/dataset/flores101_dataset.tar.gz
https://www.statmt.org/wmt06/shared-task/test2006.en.gz
https://huggingface.co/datasets/facebook/bouquet
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
https://storage.googleapis.com/mt-metrics-eval/mt-metrics-eval-v2.tgz
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cs de es hi is ja ru uk zh

All↔ MAXMIN 0.99 0.99 0.99 0.96 0.99 0.99 0.99 0.96 0.99
All↔ MINMIN 0.98 0.98 0.99 0.98 1.00 0.99 1.00 0.96 0.99

All↔ Random* 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.99 0.99
st. dev ± 0.005 ± 0.004 ± 0.004 ± 0.005 ± 0.0 ± 0.005 ± 0.003 ± 0.006 ± 0.005

Table 9: Correlation (Spearman’s ρ) of model rankings, when calculating average performance (MetricX-24) per
model based on 50% subsets of the benchmark items (MAXMIN, MINMIN, Random). All results are statistically
significant (p < 0.001).

Metric: COMET-22

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 0.26 0.49 0.12
MINMIN 0.18 0.41 0.08

Random* 0.24 0.48 0.11
st. dev ± 0.01 ± 0.01 ± 0.00

Table 10: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→de. Results over the
random sample are averaged over 10 runs.

Metric: MetricX-24

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 9.33 13.26 3.00
MINMIN 8.96 10.94 2.74

Random* 11.15 12.60 3.09
st. dev ± 0.64 ± 0.50 ± 0.04

Table 11: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→de. Results over the
random sample are averaged over 10 runs.

Target language: Czech

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 46.64 96.25 20.71
MINMIN 28.80 54.06 10.17

Random* 43.75 90.32 17.17
st. dev ± 1.72 ± 6.08 ± 0.36

Table 12: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→cs. Results over the
random sample are averaged over 10 runs.

Spanish

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 44.40 94.79 20.95
MINMIN 26.03 56.32 10.07

Random* 41.89 90.11 17.08
st. dev ± 2.39 ± 3.93 ± 0.43

Table 13: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→es. Results over the
random sample are averaged over 10 runs.

Target language: Hindi

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 47.52 100.0 18.78
MINMIN 39.79 43.50 8.46

Random* 47.70 89.68 15.09
st. dev ± 2.2 ± 7.81 ± 0.41

Table 14: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→hi. Results over the
random sample are averaged over 10 runs.

Target language: Icelandic

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 47.97 94.57 18.31
MINMIN 31.63 59.55 8.38

Random* 46.07 90.41 14.90
st. dev ± 1.99 ± 4.61 ± 0.28

Table 15: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→is. Results over the
random sample are averaged over 10 runs.
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Target language: Japanese

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 49.73 99.96 20.87
MINMIN 24.71 77.63 10.51

Random* 46.39 95.34 17.68
st. dev ± 2.8 ± 4.62 ± 0.54

Table 16: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→ja. Results over the
random sample are averaged over 10 runs.

Target language: Russian

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 49.24 97.07 21.16
MINMIN 25.64 72.76 11.31

Random* 47.56 91.92 17.90
st. dev ± 1.34 ± 5.3 ± 0.37

Table 17: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→ru. Results over the
random sample are averaged over 10 runs.

Target language: Ukrainian

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 47.44 95.84 21.86
MINMIN 32.81 57.51 12.30

Random* 46.89 91.90 18.90
st. dev ± 1.3 ± 3.75 ± 0.36

Table 18: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→uk. Results over the
random sample are averaged over 10 runs.

Target language: Chinese

∆ Std. Dev. ∆ Avg. Avg. Coord.
Distance

MAXMIN 49.64 99.31 22.46
MINMIN 35.71 64.67 12.44

Random* 48.0 93.14 18.96
st. dev ± 1.15 ± 6.07 ± 0.4

Table 19: Difference between min and max value on
the x-axis (∆ Std. Dev.), y-axis (∆ Avg.) and the
average coordinate distance for each item in the sampled
benchmarks, for WMT24 en→zh. Results over the
random sample are averaged over 10 runs.
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cs de es hi is ja ru uk zh

Intercept 0.11 0.14 0.12 0.14 0.15 0.09 0.10 0.09 0.10

Lexical Sim. -0.07 -0.14 -0.11 -0.15 -0.17 -0.11 -0.08 -0.09 -0.07
Syntactic Sim. -0.02 -0.00 -0.03 -0.02 -0.04 0.01 -0.02 0.00 -0.03
Semantic Sim. 0.01 0.00 0.00 0.00 -0.00 0.01 0.01 0.02 0.01

Table 20: Results for multiple regression on distance matrices for similarity dimensions and average COMET-22
scores in WMT24, where statistically significant correlations (1,000 permutations) are highlighted . Coefficients
are rounded to two decimals.

cs de es hi is ja ru uk zh

Intercept 26.56 28.59 25.84 26.32 29.25 21.35 27.42 18.31 16.32

Lex. Sim. -37.95 -37.15 -27.60 -36.25 -44.16 -33.30 -39.20 -27.17 -17.89
Syn. Sim. -3.96 -6.65 -5.61 -6.77 -7.20 -4.55 -4.20 -6.22 -5.95
Sem. Sim. 0.58 0.48 1.05 -1.31 -2.12 3.01 -0.65 8.07 5.84

Table 21: Results for multiple regression on distance matrices for similarity dimensions and average BLEU scores
in WMT24, where statistically significant correlations (1,000 permutations) are highlighted . Coefficients are
rounded to two decimals.

cs de es hi is ja ru uk zh

Intercept 2.31 3.73 3.17 3.07 5.59 2.78 3.54 2.90 3.02

Lex. Sim. -1.56 -3.50 -2.43 -3.95 -7.74 -3.53 -2.13 -3.26 -3.66
Syn. Sim. 0.58 0.43 0.51 -0.58 -0.29 -0.62 0.36 0.09 -0.48
Sem. Sim. 0.42 0.44 0.09 0.25 0.445 0.42 0.16 -0.02 0.65

Table 22: Results for multiple regression on distance matrices for similarity dimensions and average MetricX-24
scores in WMT24, where statistically significant correlations (1,000 permutations) are highlighted . Coefficients
are rounded to two decimals.
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Figure 8: 95% bootstrap confidence intervals (sampled 10,000 times with replacement) for the MAXMIN (bottom)
and MINMIN (top) and Random (middle) for COMET-22.
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Figure 9: 95% bootstrap confidence intervals (sampled 10,000 times with replacement) for the MAXMIN (bottom)
and MINMIN (top) and Random (middle) for MetricX-24.
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