










Figure 1: Average metrics’ meta-evaluation scores in
tasks grouped by language pair.

Figure 2: Average metrics’ correlation with human in
tasks grouped by domain.

Figure 3: Average metrics’ correlation with human in
tasks grouped by granularity level.

7.1 Correspondence to MQM scores
significance

We first study the relationship between statistically
significant differences in human scores and the
magnitude of metric differences as in Lo et al.
(2023a). We run a two-sided paired t-test with
an equal variance assumption for each system pair
on segment-level MQM scores. After that, we fit
the corresponding metric score differences and the
p-values of the t-test on the MQM scores to an
isotonic regression (Robertson et al., 1988), that
predicts whether the human MQM score differ-
ence will be significant given the metric’s score
difference. Isotonic regression produces a non-
decreasing function where the classifier output can
be interpreted as a confidence level.12 We set
pmqm < 0.05 as the significance level of MQM
scores. Thus, the output of the isotonic regression
function can be viewed as Pr(pmqm < 0.05|∆M)
where pmqm is the p-value of the t-test on the MQM
scores for each system pair and ∆M is the metric
score difference.

Figure 4 shows the (log) p-value of two-sided
paired t-test on the MQM scores against the corre-

12https://scikit-learn.org/stable/
modules/isotonic.html

https://scikit-learn.org/stable/modules/isotonic.html
https://scikit-learn.org/stable/modules/isotonic.html
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sponding BLEU and COMET-22 score difference
for each system pair in en→de. Figures 6-10 in
appendix D, show the same analyses for all metrics
and language pairs. For each metric, we can choose
a particular level of confidence (i.e., a point along
the y-axis on the right) to give metric score differ-
ence cut-offs (i.e., a point along the x-axis) that this
metric difference reflects significant MQM score
differences. Drawing a horizontal line from the
confidence level, say 80%, to the red line enables
us to find the minimum metric difference cut-off
required at the corresponding x-value down from
the red line, i.e. 5.4 for BLEU in Figure 4. Using
this lookup method, Table 10 shows the cut-offs
of ∆M when Pr(pmqm < 0.05|∆M) = 0.8 for
each metric and language pair.

We run the leave-one-system-out cross vali-
dation and Table 10 shows that the range of
precision in the cross validation are consis-
tently high across metrics, except for BLEU,
BRIGHT-QE, COMETKIWI, MEE4, METAMET-
RICS_MT_MQM_QE_KENDALL.SEG.S, SPBLEU

and XLSIMMQM. This means the metric cut-offs
we find using the regression model are reliable.

Contrary to the shared understanding that 2
BLEU improvement represents “significant” or “no-
table by human” improvement in the actual trans-
lation quality, our analyses show that 5.4 BLEU

improvement is required to be confident (80%) that
the MQM scores would be different with statistical
significance for en→de and that threshold would
be as high as 11 BLEU for en→es. Table 10 serves
as a reference between BLEU differences and dif-
ferences in some of the modern metrics and assists
metric users in understanding scores provided by
modern metrics. For example, when evaluating
ja→zh translation quality, we see that a BLEU dif-
ference of 1.4 corresponds to 80% confidence that
the metric’s ranking of the two MT systems will
match the decision made by human annotators with
a significant difference. Meanwhile, a COMET-22
score difference of 0.021 would have the same 80%
chance of human judged significant difference.

7.2 Correspondence to metric scores
significance

We run a study similar to that in the previous sub-
section but on the relations between statistically
significant differences in metric scores and the mag-
nitude of metric differences as inspired by Marie
(2022). Instead of the two-sided t-test on MQM,
the p-values are now obtained by running statis-

tical significance tests with bootstrap resampling
on the metric scores for each system pair. We fit
the corresponding metric score differences and the
p-values of the significance test to an isotonic re-
gression for predicting whether the translation qual-
ity improvement as indicated by the metric will be
significant given the metric score difference. We
set pM < 0.05 and thus, the output of the isotonic
regression function is now Pr(pM < 0.05|∆M),
where pM is the p-value of the significance test on
the metric scores for each system pair and ∆M is
the metric score difference.

Figure 5 shows the (log) p-value of the signifi-
cance test with bootstrap resampling on the metric
scores for BLEU and COMET-22 score difference
of each system pair in en→de. Additional figures
(Figures 11-15 in appendix Appendix D) show the
same analyses for all metrics and language pairs.
Using the same lookup method described in the
previous subsection, Table 11 shows the cut-offs of
∆M when Pr(pM < 0.05|∆M) = 0.8 for each
metric and language pair.

We run the leave-one-system-out cross valida-
tion, and Table 11 shows that the range of precision
in the cross validation are consistently high across
metrics. This means the metric cut-offs we find
using the regression model are reliable.

Table 11 serves as a reference of metric dif-
ferences that correspond to statistical significance
with high confidence. For example, when evaluat-
ing en→de translation quality, we see that a BLEU

difference of 0.97 corresponds to 80% confidence
the difference is statistically significant. Mean-
while, a COMET-22 score difference of 0.0043
would have the same 80% chance of statistical
significance. Our results, agreeing with Marie
(2022), show that to claim significant differences
(pM < 0.05) in BLEU with high confidence (80%),
the differences should be much higher than the
shared understanding of 0.5 BLEU, ranging from
0.89 to 0.97 for the three language pairs.

Closely related to this analysis, Kocmi et al.
(2024b) investigated the agreement between hu-
man evaluations and metric differences, employ-
ing pairwise accuracy as the meta-evaluation met-
ric. Assuming an 80% agreement rate with human
judgments, their findings align closely with ours
for pretrained metrics but not for metrics such as
BLEU or ChrF. For instance, COMET-22 requires
a score difference of 0.0056 to achieve 80% ac-
curacy with humans, compared to our range of
0.0043–0.0055. Similarly, CometKiwi requires a
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Figure 4: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the metric (left: BLEU, right:
COMET-22) score difference for each system pair in en→de. The red line is the isotonic regression fit to all data
points, representing Pr(pmqm < 0.05|∆M). Note: for readability, values of pmqm are rounded up to 0.0001 when
they are less than 0.0001.

en→de en→es ja→zh
Metric min ∆M c.v. precision min ∆M c.v. precision min ∆M c.v. precision
BERTSCORE 0.0099 [50-100%] 0.018 [50-100%] 0.013 [64-100%]
BLCOM_1 0.022 [75-100%] 0.034 [50-100%] 0.021 [62-100%]
BLEU 5.4 [67-100%] 11 [0-100%] 1.4 [50-100%]
BLEURT-20 0.021 [62-100%] 0.014 [60-100%] 0.029 [80-100%]
BRIGHT-QE 0.018 [20-100%] 0.049 [50-100%] 0.061 [62-100%]
CHRF 3.0 [67-100%] 2.1 [57-100%] 3.5 [78-100%]
CHRFS 0.023 [50-100%] 0.043 [50-100%] 0.021 [60-100%]
COMET-22 0.018 [50-100%] 0.017 [60-100%] 0.021 [60-100%]
COMETKIWI 0.024 [17-100%] 0.027 [33-100%] 0.050 [67-100%]
DAMONMONLI 0.84 [27-100%] 0.064 [50-100%] 0.51 [88-100%]
GEMBA_ESA 4.5 [70-100%] 1.5 [67-100%] 4.8 [86-100%]
MEE4 0.019 [25-100%] 0.028 [33-100%] 0.019 [55-100%]
metametrics_mt_mqm_hybrid_kendall 0.029 [53-100%] 0.066 [60-100%] 0.066 [70-100%]
metametrics_mt_mqm_qe_kendall.seg.s 0.016 [14-100%] 0.025 [50-100%] 0.031 [67-100%]
METRICX-24-HYBRID 0.52 [73-100%] 0.95 [62-100%] 0.60 [75-100%]
METRICX-24-HYBRID-QE 0.44 [62-100%] 0.39 [67-100%] 0.63 [78-100%]
PRISMREFMEDIUM 0.073 [67-100%] 0.12 [50-100%] 0.14 [56-100%]
PRISMREFSMALL 0.10 [67-100%] 0.15 [50-100%] 0.15 [56-100%]
SENTINEL-CAND-MQM 0.066 [50-100%] 0.13 [50-100%] 0.088 [55-100%]
SENTINEL-REF-MQM — — — — — —
SENTINEL-SRC-MQM — — — — — —
SPBLEU 4.3 [50-100%] 9.1 [0-100%] 4.0 [75-100%]
XCOMET 0.022 [53-100%] 0.025 [67-100%] 0.046 [78-100%]
XCOMET-QE 0.013 [50-100%] 0.029 [50-100%] 0.062 [67-100%]
XLSIMMQM 0.018 [100-100%] 0.0012 [57-100%] 0.004 [43-100%]
YISI-1 0.0063 [60-100%] 0.0098 [56-100%] 0.012 [75-100%]

Table 10: Minimum ∆M when Pr(pmqm < 0.05|∆M) = 0.8 for each metric in different language pairs round to
2 significant figures, and the range of precision for the isotonic regression model in leave-one-system-out cross
validation.

difference of 0.0053, while our results range from
0.0037 to 0.0056. Conversely, for BLEU, their
analysis suggests an expected improvement of 2.34
BLEU points for 80% agreement, whereas our anal-
ysis indicates a need for an improvement of 0.89–
0.97 BLEU points. However, it is important to note
that we are comparing distinct metrics, and that
confidence levels are not directly comparable to
agreement rates.

We have to emphasize again that our result
should NOT be interpreted as evidence to forego
significance tests or appropriate human evaluation.
Instead, we are only providing assistance to build
an intuition on the meaning of the scores provided
by the new metrics to encourage the transition
away from lexical metrics towards more recent and
stronger metrics.
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Figure 5: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric scores against
each metric (left: BLEU, right: COMET-22) score difference for each system pair in en→de. The red line is the
isotonic regression fit to all data points, representing Pr(pM < 0.05|∆M). Note: for readability, values of pM are
rounded up to 0.0001 when they are less than 0.0001.

en→de en→es ja→zh
Metric min ∆M c.v. precision min ∆M c.v. precision min ∆M c.v. precision
BERTSCORE 0.0028 [92-100%] 0.0028 [100-100%] 0.0044 [100-100%]
BLCOM_1 0.0039 [100-100%] 0.0055 [100-100%] 0.0044 [100-100%]
BLEU 0.97 [100-100%] 0.93 [100-100%] 0.89 [91-100%]
BLEURT-20 0.0056 [96-100%] 0.0053 [94-100%] 0.0068 [95-100%]
BRIGHT-QE 0.0041 [89-100%] 0.0078 [94-100%] 0.024 [95-100%]
CHRF 0.83 [96-100%] 0.77 [94-100%] 0.89 [100-100%]
CHRFS 0.0051 [91-100%] 0.0054 [95-100%] 0.0055 [95-100%]
COMET-22 0.0043 [96-100%] 0.0055 [86-100%] 0.0046 [95-100%]
COMETKIWI 0.0037 [100-100%] 0.0048 [82-100%] 0.0056 [100-100%]
DAMONMONLI 0.20 [94-100%] 0.17 [82-100%] 0.41 [90-100%]
GEMBA_ESA 0.82 [92-100%] 0.85 [91-100%] 1.4 [100-100%]
MEE4 0.0042 [95-100%] 0.0051 [86-100%] 0.0057 [95-100%]
metametrics_mt_mqm_hybrid_kendall 0.0067 [92-100%] 0.0081 [89-100%] 0.013 [90-100%]
metametrics_mt_mqm_qe_kendall.seg.s 0.0038 [89-100%] 0.0050 [80-100%] 0.0089 [95-100%]
METRICX-24-HYBRID 0.11 [100-100%] 0.15 [100-100%] 0.14 [95-100%]
METRICX-24-HYBRID-QE 0.087 [90-100%] 0.14 [100-100%] 0.12 [100-100%]
SENTINEL-CAND-MQM 0.011 [96-100%] 0.013 [95-100%] 0.030 [95-100%]
SENTINEL-REF-MQM — — — — — —
SENTINEL-SRC-MQM — — — — — —
SPBLEU 0.96 [96-100%] 1.1 [95-100%] 1.0 [100-100%]
PRISMREFMEDIUM 0.019 [95-100%] 0.02 [100-100%] 0.036 [90-100%]
PRISMREFSMALL 0.023 [96-100%] 0.022 [100-100%] 0.042 [95-100%]
XCOMET 0.0051 [100-100%] 0.0065 [86-100%] 0.010 [95-100%]
XCOMET-QE 0.0044 [96-100%] 0.0058 [94-100%] 0.0099 [100-100%]
XLSIMMQM 0.0036 [82-100%] 0.0013 [90-100%] 0.0019 [79-100%]
YISI-1 0.0010 [91-100%] 0.0014 [90-100%] 0.0051 [100-100%]

Table 11: Minimum ∆M when Pr(pM < 0.05|∆M) = 0.8 for each metric in different language pairs round to
2 significant figures, and the range of precision for the isotonic regression model in leave-one-system-out cross
validation.

8 ESA Human Evaluation

In addition to our MQM annotations and as a con-
trastive evaluation to cover more language pairs,
we look into the performance of metrics when com-
pared to the human evaluation campaign conducted
by the WMT24 General MT Shared Task (Kocmi
et al., 2024a), which ran human evaluation for nine
language pairs.

In contrast to previous years, WMT24 redefined

their human evaluation process and developed a
new method called Error Span Analysis (ESA,
Kocmi et al. (2024c)), a method that simplifies
MQM by asking annotators only to mark error
spans and classify them either as minor or major
severity. In addition to that, the annotator is asked
to mark the whole segment with a score of 0–100
in the SQM fashion. As Kocmi et al. (2024c) claim,
the method is cheaper than MQM to annotate, yet
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it produces closer human judgment to MQM anno-
tations than the formerly used DA+SQM (Kocmi
et al., 2023) due to being less affected by fluency.

We present system-level accuracy results for
both MQM and ESA in Table 15. There are many
factors that could affect the ranking. Apart from
using a different human annotation protocol, MQM
compares 3 language pairs whereas ESA compares
9 language pairs, containing also two low-resource
pairs: Czech→Ukrainian and English→Icelandic.
There is an overlap of only one language pair be-
tween the two: English→Spanish.

Most of the metrics have a similar ranking for
both MQM and ESA; however, there are two met-
rics with largely different rankings: GEMBA_ESA

and metametrics_mt_mqm_qe_kendall.seg.s,
whose rankings are significantly lower under
ESA than for MQM. The likely explanation
for GEMBA_ESA is that ESA doesn’t produce
ties, in contrast to MQM, whereas GEMBA_ESA

produces them regularly. As for the latter metric,
we don’t see any clear pattern except for having
low performance for Czech→Ukrainian.

9 Challenge Sets Sub-task

For the third year, the Metrics Shared Task included
a sub-task involving challenge sets. This sub-task
is inspired by the Build it or break it: The Lan-
guage Edition shared task (Ettinger et al., 2017)
which aimed at testing the generalizability of NLP
systems beyond the distributions of their training
data. Whereas the standard evaluation of the shared
task is conducted on test sets containing generic
text from real-world content, the challenge set eval-
uation is based on test sets designed with the aim of
revealing the abilities or the weaknesses of the met-
rics or evaluating particular translation phenomena.
In order to shed light on different perspectives on
evaluation, the sub-task takes place in a decentral-
ized manner, since contrary to the main metric task,
the test sets are not provided by the organizers but
by different research teams, who are also responsi-
ble for analysing and presenting the results.

This subtask is made of three consecutive phases;
1) the Breaking Round, 2) the Scoring Round and
3) the Analysis Round:

1. In the Breaking Round, every challenge set
participant (Breaker) submits their challenge
set S composed of examples for different phe-
nomena, where every example (s, t, r) ∈ S

contains one source sentence s, one transla-
tion hypothesis t and one reference r.

2. In the Scoring Round, The metrics participants
from the main task (the Builders) are asked to
score with their metrics the translations in the
given test set. Also, in this phase, the metrics
task organizers score all data with the baseline
metrics.

3. Finally, after having gathered all metric scores,
the organizers return the respective scored
translations to the Breakers for the Analysis
round, where they employ their own evalua-
tion for the performance of the metrics with
regard to the phenomena they intended to test.

This year there were 4 submissions, covering a
wide range of phenomena and 23 different language
pairs, which supersede the official language pairs
of the Metrics Shared Task. An overview of the
submitted challenge sets can be seen in Table 12.
A short description of every submission follows:

AfriMTE Challenge Set The AFRIMTE chal-
lenge set (Wang et al., 2024b) aims to evaluate the
capabilities of metrics for machine translation on
low-resource languages, primarily assessing cross-
lingual transfer learning and generalization across
a wide range of under-resourced African languages.
The challenge set concentrates on the subsets
of the FLORES-200 dataset (NLLB-Team et al.,
2022) and covers 13 language pairs. Specifically,
there are Darija-French, English-Egyptian Ara-
bic, English-French, English-Hausa, English-Igbo,
English-Kikuyu, English-Luo, English-Somali,
English-Swahili, English-Twi, English-isiXhosa,
English-Yoruba, and Yoruba-English. Originally,
AFRIMTE (Wang et al., 2024a) provides both fine-
grained word-level error annotations and sentence-
level Direct Assessment scoring for translation
adequacy and fluency. For this year’s challenge
set sub-task, we utilize the translation adequacy
test set from AFRIMTE as the African Challenge
set to evaluate the sentence-level scoring perfor-
mance of metrics. The analysis of the task sub-
missions (Wang et al., 2024b) has yielded sev-
eral insights. First, language-specific adaptation,
cross-lingual transfer learning, and larger language
model sizes significantly enhance metric perfor-
mance. Second, moderately-sized supervised mod-
els can attain robust performance when augmented
with language adaptation techniques tailored to
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Challenge Set Directions Phenomena Items Citation Link (https://github.com/)

AfriMTE 13 African languages 2,815 Wang et al. (2024b) masakhane-io/africomet

BioMQM 11 biomedical domain 4,641 Zouhar et al. (2024) thompsonb/bio-mqm-dataset

DFKI 2 linguistic phenomena 137,000 Avramidis et al. (2024) DFKI-NLP/mt-testsuite

MSLC24 3 low quality MT 964 Knowles et al. (2024) nrc-cnrc/MSLC

Table 12: Overview of the participation at the metrics challenge sets sub-task.

low-resource African languages during pretrain-
ing. Last, submissions demonstrate promising out-
comes for language pairs such as Darija-French,
English-Egyptian Arabic, and English-Swahili.
However, considerable challenges remain for ex-
tremely low-resource languages like English-Luo
and English-Twi, underscoring critical areas for
future research and improvement in machine trans-
lation metrics for African languages.

BioMQM Recent work (Zouhar et al., 2024) has
compared trained versus untrained metric perfor-
mance on the WMT domains compared to the
biomedical domain and shown that trained metrics
appear to be over-fitting on the domains used in the
WMT Metrics Shared Tasks. This is likely due to
trained metrics using prior WMT metrics datasets,
and then being evaluated on very similar data in
the latest WMT Metrics Shared Task. Zouhar et al.
(2024) released a biomedical dataset (BioMQM)
consisting of source sentences and translations
from Yeganova et al. (2021) along with new trans-
lations and MQM annotations. We produce scores
on the BioMQM for the latest metrics (all those
submitted to this Metrics Shared Task, plus the
baseline metrics) and release them for future analy-
sis.13

DFKI Challenge Set This year’s submission by
DFKI (Avramidis et al., 2024) expands the linguis-
tically motivated challenge set of previous years
(Avramidis et al., 2023; Avramidis and Macke-
tanz, 2022), including 137,000 items in overall,
extracted from 100 MT systems for the two lan-
guage directions (en→de, en→ru), covering more
than 100 linguistically-motivated phenomena or-
ganized in 14 linguistic categories. The metrics
with the statistically significant best performance
with regard to our linguistically motivated analy-
sis are METRICX-24-HYBRID and METRICX-24
for en→de and METRICX-24 for en→ru, whereas
METAMETRICS and XCOMET are in the next rank-

13https://github.com/thompsonb/
bio-mqm-dataset/tree/main/data/WMT24_
Metrics_ChallengeSet

ing positions in both language pairs. Metrics are
more accurate in detecting linguistic errors among
LLM translations than in translations based on the
encoder-decoder NMT architecture. Some of the
most difficult phenomena for the metrics to score
are the transitive past progressive, the multiple con-
nectors, the ditransitive simple future I for en→de
and pseudogapping, contact clause and cleft sen-
tences for en→ru. The LLM-based metric GEMBA,
despite the overall low performance, has the best
performance on scoring German negation errors.

MSLC24 Challenge Set Building on the Metric
Score Landscape Challenge (MSLC23; Lo et al.,
2023b), which aims to provide a view of metric
performance on a broader range of MT quality,
MSLC24 includes a collection of low- to medium-
quality MT systems’ output on the news portion of
the WMT24 General MT Shared Task test set, as
well as some specific phenomena that may result
in unexpected behaviors from some metrics, such
as empty strings in source/reference/hypothesis,
wrong/mixed language output and different lan-
guage variants. MSLC24 focuses on three lan-
guage pairs (English→German, English→Spanish
and Japanese→Chinese). The authors also submit
the top system in this challenge set to the General
Translation task in order to obtain human evalu-
ation. Together with the high quality systems by
other participants submitted to the General MT
Shared Task, this enables better interpretation of
metric scores across a range of different levels
of translation quality and analyse metric charac-
teristics beyond just correlation. The results of
MSLC24 highlight the importance of examining
real-word corner cases and issues of reproducibility
in order to more responsibly introduce new metrics
to the research community.

10 Conclusion

This paper summarizes the results of the WMT24
shared task on automated machine translation eval-
uation, the Metrics Shared Task. We presented an
extensive analysis on how well metrics perform on

https://github.com/masakhane-io/africomet
https://github.com/thompsonb/bio-mqm-dataset/tree/main/data/WMT24_Metrics_ChallengeSet
https://github.com/DFKI-NLP/mt-testsuite
https://github.com/nrc-cnrc/MSLC23
https://github.com/thompsonb/bio-mqm-dataset/tree/main/data/WMT24_Metrics_ChallengeSet
https://github.com/thompsonb/bio-mqm-dataset/tree/main/data/WMT24_Metrics_ChallengeSet
https://github.com/thompsonb/bio-mqm-dataset/tree/main/data/WMT24_Metrics_ChallengeSet
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our three main language pairs: English→German,
English→Spanish and Japanese→Chinese. The re-
sults, based on 6 different tasks, confirm the superi-
ority of neural-based learned metrics over overlap-
based metrics like BLEU, SPBLEU or CHRF. These
results are confirmed with ESA human judgement.
Overall, we did not find any issues for neural fine-
tuned metrics when evaluating LLM-based trans-
lations. In addition, we continued the challenge
set subtask, where participants had to create con-
trastive test suites for evaluating metrics’ ability to
capture and penalise specific types of translation
errors.

11 Ethical Considerations

MQM annotations in this paper are done by profes-
sional translators. They are all paid at professional
rates.

Organizers from the National Research Coun-
cil Canada, Unbabel have submitted to this task
the frozen stable versions of their metrics (YiSi
and COMET) dated before this year’s shared task
and publicly available. Newer versions of MetricX
were developed without using any of the test set,
test suite or challenge sets. We ensured that the
metrics co-authored by Tom Kocmi were imple-
mented without using any privileged test sets or
insider information.
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A Correlations with MQM for all metrics

Table 13 contains the results for all metrics (including contrastive submissions) on the 6 standard tasks
described in Table 8.

en-de en-de en-es en-es ja-zh ja-zh
sys seg sys seg sys seg
SPA acc∗eq SPA acc∗eq SPA acc∗eq

Metric avg-corr task1 task2 task3 task4 task5 task6

MetricX-24 1 0.725 2 0.873 2 0.534 2 0.789 3 0.685 1 0.921 2 0.547
MetaMetrics-MT 1 0.725 2 0.882 1 0.542 2 0.805 2 0.686 3 0.872 1 0.561
metametrics_mt_mqm_kendall 1 0.724 2 0.882 1 0.542 2 0.804 2 0.686 3 0.871 1 0.561
metametrics_mt_mqm_same_source_targ 2 0.723 1 0.883 1 0.542 2 0.803 2 0.686 3 0.874 2 0.550
MetricX-24-Hybrid 2 0.720 2 0.873 2 0.532 2 0.796 3 0.685 2 0.895 3 0.539
XCOMET 2 0.719 1 0.906 3 0.530 2 0.788 1 0.688 2 0.890 7 0.510
MetricX-24-Hybrid-QE* 3 0.714 2 0.880 4 0.526 2 0.790 4 0.685 3 0.875 4 0.530
gemba_esa* 3 0.712 4 0.793 6 0.507 1 0.838 5 0.683 1 0.909 3 0.539
MetricX-24-QE* 3 0.710 2 0.880 3 0.528 3 0.772 3 0.685 3 0.875 5 0.522
CometKiwi-XXL* 3 0.703 3 0.839 9 0.481 1 0.843 8 0.680 2 0.881 8 0.494
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BLEURT-20 4 0.686 2 0.879 8 0.486 4 0.696 6 0.681 2 0.888 10 0.484
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bright-qe* 5 0.682 3 0.817 7 0.500 2 0.794 1 0.689 5 0.806 10 0.484
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CometKiwi* 7 0.640 5 0.731 10 0.467 4 0.695 4 0.684 6 0.775 9 0.490
damonmonli 7 0.635 5 0.695 13 0.443 5 0.607 6 0.682 1 0.912 11 0.472
YiSi-1 8 0.630 4 0.758 14 0.436 5 0.610 7 0.681 5 0.836 13 0.458
monmonli 8 0.624 5 0.681 14 0.437 5 0.583 7 0.681 2 0.891 11 0.470
BERTScore 9 0.617 4 0.749 15 0.435 5 0.585 6 0.682 6 0.798 14 0.451
MEE4 9 0.609 5 0.731 14 0.437 7 0.498 4 0.683 3 0.856 15 0.446
chrF 10 0.607 4 0.751 17 0.431 5 0.579 9 0.680 7 0.765 18 0.436
chrfS 10 0.606 4 0.742 15 0.434 6 0.549 6 0.682 6 0.788 16 0.444
spBLEU 11 0.593 4 0.741 19 0.431 6 0.524 8 0.680 8 0.745 18 0.436
BLEU 11 0.589 4 0.736 18 0.431 7 0.513 9 0.680 8 0.739 19 0.435
BLCOM 12 0.537 6 0.619 16 0.433 3 0.730 8 0.680 10 0.325 19 0.435
sentinel-ref-mqm 12 0.523 6 0.495 20 0.429 6 0.514 9 0.680 9 0.583 19 0.435
sentinel-src-mqm* 12 0.522 6 0.496 20 0.429 7 0.512 9 0.680 9 0.581 19 0.435
XLsimDA* 12 0.514 6 0.614 12 0.450 8 0.357 7 0.681 9 0.548 17 0.438
XLsimMqm* 12 0.514 6 0.614 12 0.450 8 0.357 7 0.681 9 0.547 17 0.438

Table 13: Soft pairwise accuracy (SPA) and acc∗eq results for all metrics for main language pairs. See §5 for
descriptions of SPA and acc∗eq. Rows are sorted by the overall average correlation across all 6 tasks (leftmost
column). Starred metrics are reference-free, underlined metrics are baselines, and italicized metrics are contrastive
submissions.
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Metric avg corr p-values

MetaMetrics-MT 1 0.725 . 19 07 01 01 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
MetricX-24-Hybrid 1 0.721 . . 31 01 01 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
XCOMET 1 0.719 . . . 15 10 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
MetricX-24-Hybrid-QE* 2 0.714 . . . . 36 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
gemba_esa* 2 0.711 . . . . . 01 00 01 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
XCOMET-QE* 3 0.695 . . . . . . 22 14 14 02 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
COMET-22 3 0.688 . . . . . . . 20 34 20 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
BLEURT-20 3 0.686 . . . . . . . . 43 28 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
MetaMetrics-MT-QE* 3 0.684 . . . . . . . . . 34 02 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
bright-qe* 4 0.681 . . . . . . . . . . 06 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00
BLCOM_1 4 0.664 . . . . . . . . . . . 04 02 00 00 01 00 00 00 00 00 00 00 00 00 00
sentinel-cand-mqm* 5 0.650 . . . . . . . . . . . . 41 25 21 13 06 01 00 00 00 00 00 00 00 00
PrismRefMedium 5 0.646 . . . . . . . . . . . . . 11 35 19 01 00 00 00 00 00 00 00 00 00
PrismRefSmall 5 0.642 . . . . . . . . . . . . . . 43 30 03 00 00 00 00 00 00 00 00 00
CometKiwi* 5 0.640 . . . . . . . . . . . . . . . 33 17 03 00 01 00 00 00 00 00 00
damonmonli 5 0.635 . . . . . . . . . . . . . . . . 34 06 01 02 01 00 00 00 00 00
YiSi-1 6 0.630 . . . . . . . . . . . . . . . . . 01 00 00 00 00 00 00 00 00
BERTScore 7 0.617 . . . . . . . . . . . . . . . . . . 14 04 03 00 00 00 00 00
MEE4 7 0.609 . . . . . . . . . . . . . . . . . . . 41 26 00 01 00 00 00
chrF 8 0.608 . . . . . . . . . . . . . . . . . . . . 36 00 00 00 00 00
chrfS 8 0.606 . . . . . . . . . . . . . . . . . . . . . 00 01 00 00 00
spBLEU 9 0.593 . . . . . . . . . . . . . . . . . . . . . . 25 00 00 00
BLEU 9 0.589 . . . . . . . . . . . . . . . . . . . . . . . 00 00 00
XLsimMqm* 10 0.515 . . . . . . . . . . . . . . . . . . . . . . . . 45 49
sentinel-src-mqm* 10 0.513 . . . . . . . . . . . . . . . . . . . . . . . . . 53
sentinel-ref-mqm 10 0.513 . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 14: Results of pairwise metric significance tests for primary submissions using permutation resampling. Each
value gives the 100 × estimated probability of the null hypothesis that the average correlation of the metric in the
current row is ≤ the average correlation of the metric in the current column. Starred metrics are reference-free, and
underlined metrics are baselines.

B Significance comparisons for main results

Table 14 contains the results of pairwise comparisons for the results in Table 1.

C Correlations with WMT ESA for all metrics

Table 15 shows the correlations of the metrics to the ESA scores (see Section 8 for which those scores are
available). The overall ranking is sorted by the average correlation, which is the average over all tasks
across all language pairs. Metrics that did not participate in all tasks do not have an average correlation,
and are displayed at the end of the table.

The system-level ESA scores that were used to calculate SPA here differ slightly from those in the
General MT Shared Task. Namely, the General Task calculates scores by macro-averaging over domains
(each domain receives equal weight), whereas we perform a standard micro-average (each segment
receives equal weight).
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Table 15: Correlations of metrics to the ESA annotations that were collected as part of the General MT Shared Task.
The metrics are sorted by the average correlation across all of the correlations and language pairs. Metrics in italics
are contrastive submissions and underlined metrics are baselines. QE metrics are marked by an asterisk.
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D Additional figures

Figures 6-10 show the (log) p-value of two-sided paired t-test on the MQM scores against the score
difference of each metric for each system pair in each language pair. Figures 11-15 show the (log) p-value
of significance test with bootstrap resampling on the metric scores against the score difference of that
metric for each system pair in each language pair.

en→de en→es ja→zh

Figure 6: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the score difference of each metric
(top to bottom: BERTSCORE, BLCOM_1, BLEU, BLEURT-20, BRIGHT-QE) for each system pair in each language
pair (left to right: en→de, en→es, ja→zh). The red line is the isotonic regression fit to all data points, representing
Pr(pmqm < 0.05|∆M). Note: for readability, values of pmqm are rounded up to 0.0001 when they are less than
0.0001.
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en→de en→es ja→zh

Figure 7: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the score difference of each metric
(top to bottom: CHRF, CHRFS, COMET-22, COMETKIWI, DAMONMONLI, GEMBA_ESA) for each system pair in
each language pair (left to right: en→de, en→es, ja→zh). The red line is the isotonic regression fit to all data points,
representing Pr(pmqm < 0.05|∆M). Note: for readability, values of pmqm are rounded up to 0.0001 when they
are less than 0.0001.
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en→de en→es ja→zh

Figure 8: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the score differ-
ence of each metric (top to bottom: MEE4, METAMETRICS_MT_MQM_HYBRID_KENDALL, METAMET-
RICS_MT_MQM_QE_KENDALL.SEG.S, METRICX-24-HYBRID, METRICX-24-HYBRID-QE) for each system pair
in eachlanguage pair (left to right: en→de, en→es, ja→zh). The red line is the isotonic regression fit to all data
points, representing Pr(pmqm < 0.05|∆M). Note: for readability, values of pmqm are rounded up to 0.0001 when
they are less than 0.0001.
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en→de en→es ja→zh

Figure 9: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the score difference of each
metric (top to bottom: PRISMREFMEDIUM, PRISMREFSMALL, SENTINEL-CAND-MQM, SENTINEL-REF-MQM,
SENTINEL-SRC-MQM, SPBLEU) for each system pair in eachlanguage pair (left to right: en→de, en→es, ja→zh).
The red line is the isotonic regression fit to all data points, representing Pr(pmqm < 0.05|∆M). Note: for
readability, values of pmqm are rounded up to 0.0001 when they are less than 0.0001.
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en→de en→es ja→zh

Figure 10: Log p-value of two-sided paired t-test on MQM scores (pmqm) against the score difference of each
metric (top to bottom: XCOMET, XCOMET-QE. XLSIMMQM, YISI-1) for each system pair in eachlanguage
pair (left to right: en→de, en→es, ja→zh). The red line is the isotonic regression fit to all data points, representing
Pr(pmqm < 0.05|∆M). Note: for readability, values of pmqm are rounded up to 0.0001 when they are less than
0.0001.
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en→de en→es ja→zh

Figure 11: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric scores against
each metric (top to bottom: BERTSCORE, BLCOM_1, BLEU, BLEURT-20, BRIGHT-QE, CHRF) score difference
for each system pair in each language pair (left to right: en→de, en→es, ja→zh). The red line is the isotonic
regression fit to all data points, representing Pr(pM < 0.05|∆M). Note: for readability, values of pM are rounded
up to 0.0001 when they are less than 0.0001.
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en→de en→es ja→zh

Figure 12: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric scores against
each metric (top to bottom: CHRFS, COMET-22, COMETKIWI, DAMONMONLI, GEMBA_ESA, MEE4) score
difference for each system pair in each language pair (left to right: en→de, en→es, ja→zh). The red line is the
isotonic regression fit to all data points, representing Pr(pM < 0.05|∆M). Note: for readability, values of pM are
rounded up to 0.0001 when they are less than 0.0001.
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en→de en→es ja→zh

Figure 13: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric
scores against each metric (top to bottom: METAMETRICS_MT_MQM_HYBRID_KENDALL, METAMET-
RICS_MT_MQM_QE_KENDALL.SEG.S, METRICX-24-HYBRID, METRICX-24-HYBRID-QE, PRISMREFMEDIUM,
PRISMREFSMALL) score difference for each system pair in each language pair (left to right: en→de, en→es,
ja→zh). The red line is the isotonic regression fit to all data points, representing Pr(pM < 0.05|∆M). Note: for
readability, values of pM are rounded up to 0.0001 when they are less than 0.0001.
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en→de en→es ja→zh

Figure 14: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric scores against
each metric (top to bottom: SENTINEL-CAND-MQM, SENTINEL-REF-MQM, SENTINEL-SRC-MQM, SPBLEU,
XCOMET, XCOMET-QE) score difference for each system pair in each language pair (left to right: en→de,
en→es, ja→zh). The red line is the isotonic regression fit to all data points, representing Pr(pM < 0.05|∆M).
Note: for readability, values of pM are rounded up to 0.0001 when they are less than 0.0001.
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en→de en→es ja→zh

Figure 15: Log p-value of significance test with bootstrap resampling (pM ) on system-level metric scores against
each metric (top to bottom: XLSIMMQM, YISI-1) score difference for each system pair in each language pair
(left to right: en→de, en→es, ja→zh). The red line is the isotonic regression fit to all data points, representing
Pr(pM < 0.05|∆M). Note: for readability, values of pM are rounded up to 0.0001 when they are less than 0.0001.


