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Figure 2: Matrix of segment-level scores for Japanese→Chinese. Along the diagonal are stacked histograms of
segment scores across the challenge set (cool colours/bottom) and submitted WMT systems (warm colours/top).
The off-diagonal entries are scatterplots where each point is a single document positioned according to the score
assigned to it by row and column metrics; each point is coloured according to the same colours as the histogram.

assigning specific scores very frequently (“univer-
sal scores”). We do not observe such results in this
year’s set of metrics.

Due to scheduling constraints, we did not re-
ceive the human annotation scores in time to dis-
play those in these figures; we plan to incorporate
them into final additional figures on the MSLC web-
site (https://github.com/nrc-cnrc/MSLC ).

6 MSLC-B Results and Plots

6.1 Empty Strings

In Figure 3 we show the scores assigned by the five
primary submission metrics to punctuation, words,
phrases, and segments (sentences to documents)
when those are paired with an empty source and ref-
erence. The vertical red lines indicate the minimum

and maximum scores assigned by the same met-
ric to all WMT General Task primary submissions
on the News portion of the data; since different
metrics use different score ranges, this is used to
provide the reader with some context about where
the scores for these corner cases fall in comparison
to scores assigned to more usual MT output. These
empty string examples are fairly extreme examples
of MT failures; string-based metrics like BLEU
would assign them scores of 0.

We see several types of responses. The metric
*mr7.2.1 assigns its lowest score to all of these, sim-
ilar to what we observe from metrics like chrF and
BLEU (not shown in figure); this is arguably what
we would expect, since an empty source should
produce an empty hypothesis. The results from

https://github.com/nrc-cnrc/MSLC
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Figure 3: Japanese→Chinese scores assigned to text
when paired with empty source and reference. Where
multiple strings receive the same score, this is indi-
cated by proportionally increased dot size (in the case
of *mr7.2.1, all strings received the same score of 0, as
indicated by the large dots on top of the left red verti-
cal line). Red vertical lines indicate the minimum and
maximum scores assigned over all Japanese→Chinese
WMT News primary submission data. Asterisks indi-
cate reference-free (QE) metrics.

Figure 4: Japanese→Chinese scores assigned to empty
string hypothesis paired with real (non-empty) source
and reference. Where multiple strings receive the same
score, this is indicated by proportionally increased dot
size (in the case of *UvA-MT , all strings received the
same score, as indicated by the large dots). Red vertical
lines indicate the minimum and maximum scores as-
signed over all Japanese→Chinese WMT News primary
submission data. Asterisks indicate reference-free (QE)
metrics.
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rankedCOMET show a pattern that was observed
in Knowles et al. (2024), where longer strings (seg-
ments) receive lower scores and some of the shorter
strings (punctuation) receive higher scores, match-
ing the intuition that a full sentence or document
is more different from the empty string than a sin-
gle character is. For both *Polycand-2 and *UvA-
MT we observe the opposite trend, with higher
scores assigned to the longer strings. In both cases,
most of the scores assigned to punctuation, words,
and phrases are lower than the scores assigned to
any of the submitted MT system data, but some
of the scores assigned to the segments fall close
to the middle of that score range. While both are
reference-free metrics (i.e., not using the informa-
tion that the reference string is the empty string),
they do still have access to the source, making the
result on segments more surprising.

The case of empty source and reference paired
with non-empty hypothesis is an extreme represen-
tation of overgeneration, generating text that is not
grounded in the source. We argue that unusual re-
sults on this set of data should raise questions for
more exploration of a metric’s performance on in-
stances of overgeneration. It will require additional
study to determine if there is a link between these,
or if these results are confined to this particular
corner case.

Figure 4 is the corresponding figure for the
empty string hypothesis paired with a real (non-
empty) source and reference. This is an extreme
case of undergeneration (failing to generate any
output). Two reference-free metrics, *mr7.2.1 and
*UvA-MT , assign very low scores to most of these
examples, though *mr7.2.1 assigns scores in the
top half of its score range to some segments. The
results for rankedCOMET are quite similar to the
results on the previous set of experiments, with
slightly higher scores assigned to punctuation, but
generally low scores overall. MetricX-25 follows
a similar pattern with the shorter strings scoring
higher, but overall in the middle of the score range,
while *Polycand-2 does not show a clear pattern.

Once again, we argue that assigning relatively
high scores to empty string hypotheses may indi-
cate that metrics are failing to pick up on undergen-
eration. Additionally, assigning non-lowest scores
to the empty string presents a potential mismatch
between metrics and typical standards for human
evaluation (i.e., human annotators instructed to, or
otherwise deciding on their own to, give the lowest

scores to empty translations).

6.2 Mixed- and Wrong-Language Text

Metric mix>wrong equal wrong>mix
*COMETKiwi22 1 0 17
MetricX-25 2 0 16
*mr7.2.1 18 0 0
*Polycand-2 17 0 1
*UvA-MT 1 0 17

Table 1: Comparison of scores of mixed and wrong-
language text. Systems indicated with an asterisk (*)
are reference-free (QE) metrics. All baseline reference-
based metrics ranked all 18 mix>wrong.

As described in Section 3.2.2, we explore the
scores that metrics assign to mixed- and wrong-
language text. For our Japanese→Chinese chal-
lenge set for this task, the mixed language text is
a mix of English and Chinese, intended to contain
the full semantic information of the source. The
wrong language text is English. Both the Chinese
reference (used to build the basis of the mixed-
language text) and the Japanese source are actually
translations of the English data (which we also
use to construct the mixed-language text). Due
to the overlap between the Chinese reference and
the mixed-language hypothesis, almost all base-
line and primary reference-based metrics score the
mixed-language hypothesis higher than the wrong-
language for all 18 examples. The one exception to
this is MetricX-25, as shown in Table 1, which
scores the wrong-language text higher than the
mixed-language text in 16 of the 18 examples. Both
*COMETKiwi22 and *UvA-MT score the wrong-
language text above the mixed-language text in 17
out of 18 examples, while *Polycand-2 does the
reverse and *mr7.2.1 prefers the mixed language
text in all cases.

It remains an open question how mixed-language
text should be scored, and is likely dependent on
the intended audience of the translation. In any
case, it may be surprising to observe systems pre-
ferring hypotheses that contain none of the intended
target language at all over those that do at least in-
clude some target language text. This highlights—
particularly with the shift to reference-free and mul-
tilingual metrics—the importance of taking into
account the intended target language in evaluation.
While we use a very small dataset here (18 seg-
ments), the consistency that we observe within
metrics is notable. The issue of wrong-language
output continues to be one that appears to be under-
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examined by the designers of metrics, a claim we
make based not only on this small-scale proof-of-
concept, but by similar work in past challenge sets
across more languages (Amrhein et al., 2022, 2023;
Knowles et al., 2024).

6.3 English Language Spelling Variants

With the inclusion of an increasing amount of
region information for the languages in WMT,
we were interested in exploring English language
spelling variants. As a preliminary step, we ex-
plored common British and American spelling dif-
ferences. We used pairs of Czech→English seg-
ments where the English hypothesis varies only
in the spelling conventions for certain terms. We
submitted this portion of the challenge set three
different times, once each with the language/region
described as “en”, “en_GB”, and “en_US”. We
observed no difference in metric preferences de-
pending on the choice of region descriptor; it is
likely that most of these metrics are not taking into
account the regional information at this granularity
(compare also to the results in Section 6.2, which
suggest that even the language code itself may not
be entirely influential). For the three reference-
free metrics that participated in this portion of the
challenge set, we observed three different results
(Table 2): *COMETKiwi22 was equally split be-
tween US and GB, but rarely scored them identi-
cally, *mr7.2.1 scored them identically more than
half of the time and preferred GB almost half of
the time, and *Polycand-2 scored the US variant
higher the majority of the time. Due to the setup
of the experiment, we could also check whether re-
peated instances of the same examples were scored
identically; for *Polycand-2 there were some small
(up to 3.81e− 06) differences in repeated scores;
the differences between the US and GB variants
were substantially larger.

We manually examined the error span results for
baseline XCOMET and the two primary submis-
sions of *AIP1 and GemSpanEval but did not ob-
serve any clear patterns related to the spelling vari-
ants. GemSpanEval did label some of the spelling
variant terms as errors, but there was not a clear
pattern related to the intended target language vari-
ants.

As the WMT shared tasks shift to include more
region information, we expect that metrics will seek
to handle this as well. We choose English for this
particular example, because variation in English

Metric US>GB Equal GB>US
*COMETKiwi22 9 2 9
*mr7.2.1 2 11 7
*Polycand-2 16 0 4

Table 2: Comparison of reference-free (QE) metrics
on pairs of Czech→English sentences where the En-
glish hypothesis only varies in whether certain terms
use British or American English spelling conventions.
For the 20 examples, the table shows the counts of those
for which the US spelling version was given a higher
score, for which the scores were equal, and for which
the British spelling convention was given a higher score.
Results are identical regardless of whether the intended
target language has the region specified or not (“en”,
“en_GB”, “en_US”).

has been overlooked at WMT, even in instances
when Englishes are paired with regionally-specified
language variants. While we focused on English
variation in the target; metric biases may also be
relevant where the source is concerned.

Both the dataset we used and the number of met-
rics that completed the task are much too small
to draw broader conclusions from. Nevertheless,
we think this will be an interesting avenue to ex-
plore, as WMT shifts to incorporate more regional
information into its translation tasks.

7 Conclusions

We observe similar results to past MSLC experi-
ments, with some metrics struggling to accurately
score extremely low-quality (nonsensical) MT out-
puts. We continue to encourage discussion around
how metrics should score empty strings and encour-
age additional analysis of how this does or does not
correlate with broader metric sensitivity to over-
generation and undergeneration. As we see more
metrics shifting to use multilingual embeddings our
large language models and more reference-free met-
rics, we encourage metric builders to consider how
to incorporate information about the intended target
language into their metrics (see also, Zouhar et al.
(2024)). While it may be easy for a human—even
one who cannot read the languages in question—
to tell if an MT system has erroneously generated
English when Chinese was expected, it may not
be so simple for more similar language pairs. We
would encourage metric builders to consider how
to incorporate intended target language into their
systems, and note that this may be an area where
ignoring available references may have a real cost
when it comes to metric trustworthiness.
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Limitations

We focus on a small set of language pairs (in fact,
smaller than in past iterations) and use small dataset
sizes. This year, we did not submit systems to the
General MT task, which means that we do not have
a way to confirm how close those systems are (by
human evaluation) to submitted systems; this may
result in a gap in coverage between low and high
quality systems. In general, these experiments rep-
resent corner cases that metrics builders should be
considering in their systems. Our results primarily
serve to flag issues to potential users of metrics
and to encourage builders of metrics to test their
metrics extensively.

Acknowledgements

We thank the WMT Metrics Task and WMT Gen-
eral MT Task organizers for permitting us access
to the references in order to build this challenge
set. We thank the reviewers for their comments and
suggestions.

References
Chantal Amrhein, Nikita Moghe, and Liane Guillou.

2022. ACES: Translation accuracy challenge sets for
evaluating machine translation metrics. In Proceed-
ings of the Seventh Conference on Machine Trans-
lation (WMT), pages 479–513, Abu Dhabi, United
Arab Emirates (Hybrid). Association for Computa-
tional Linguistics.

Chantal Amrhein, Nikita Moghe, and Liane Guillou.
2023. ACES: Translation accuracy challenge sets at
WMT 2023. In Proceedings of the Eighth Conference
on Machine Translation, pages 695–712, Singapore.
Association for Computational Linguistics.

Chantal Amrhein and Rico Sennrich. 2022. Identifying
weaknesses in machine translation metrics through
minimum Bayes risk decoding: A case study for
COMET. In Proceedings of the 2nd Conference
of the Asia-Pacific Chapter of the Association for
Computational Linguistics and the 12th International
Joint Conference on Natural Language Processing
(Volume 1: Long Papers), pages 1125–1141, Online
only. Association for Computational Linguistics.

Franck Burlot and François Yvon. 2017. Evaluating the
morphological competence of machine translation
systems. In Proceedings of the Second Conference
on Machine Translation, pages 43–55, Copenhagen,
Denmark. Association for Computational Linguis-
tics.

Markus Freitag, Nitika Mathur, Daniel Deutsch, Chi-
Kiu Lo, Eleftherios Avramidis, Ricardo Rei, Brian
Thompson, Frederic Blain, Tom Kocmi, Jiayi Wang,

David Ifeoluwa Adelani, Marianna Buchicchio,
Chrysoula Zerva, and Alon Lavie. 2024. Are LLMs
breaking MT metrics? results of the WMT24 metrics
shared task. In Proceedings of the Ninth Confer-
ence on Machine Translation, pages 47–81, Miami,
Florida, USA. Association for Computational Lin-
guistics.

Markus Freitag, Nitika Mathur, Chi-kiu Lo, Elefthe-
rios Avramidis, Ricardo Rei, Brian Thompson, Tom
Kocmi, Frederic Blain, Daniel Deutsch, Craig Stew-
art, Chrysoula Zerva, Sheila Castilho, Alon Lavie,
and George Foster. 2023. Results of WMT23 metrics
shared task: Metrics might be guilty but references
are not innocent. In Proceedings of the Eighth Con-
ference on Machine Translation, pages 578–628, Sin-
gapore. Association for Computational Linguistics.

Markus Freitag, Ricardo Rei, Nitika Mathur, Chi-kiu Lo,
Craig Stewart, Eleftherios Avramidis, Tom Kocmi,
George Foster, Alon Lavie, and André F. T. Martins.
2022. Results of WMT22 metrics shared task: Stop
using BLEU – neural metrics are better and more
robust. In Proceedings of the Seventh Conference
on Machine Translation (WMT), pages 46–68, Abu
Dhabi, United Arab Emirates (Hybrid). Association
for Computational Linguistics.

Nuno M. Guerreiro, Ricardo Rei, Daan van Stigt, Luisa
Coheur, Pierre Colombo, and André F. T. Martins.
2024. xcomet: Transparent machine translation eval-
uation through fine-grained error detection. Transac-
tions of the Association for Computational Linguis-
tics, 12:979–995.

Liane Guillou, Christian Hardmeier, Ekaterina
Lapshinova-Koltunski, and Sharid Loáiciga. 2018. A
pronoun test suite evaluation of the English–German
MT systems at WMT 2018. In Proceedings of the
Third Conference on Machine Translation: Shared
Task Papers, pages 570–577, Belgium, Brussels.
Association for Computational Linguistics.
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