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Abstract

As automatic metrics become increasingly
stronger and widely adopted, the risk of unin-
tentionally ‘‘gaming the metric’’ during model
development rises. This issue is caused by met-
ric interference (MINT), i.e., the use of the same
or related metrics for both model tuning and
evaluation. MINT can misguide practitioners
into being overoptimistic about the perfor-
mance of their systems: As system outputs
become a function of the interfering metric,
their estimated quality loses correlation with
human judgments. In this work, we ana-
lyze two common cases of MINT in machine
translation-related tasks: Filtering of train-
ing data, and decoding with quality signals.
Importantly, we find that MINT strongly dis-
torts instance-level metric scores, even when
metrics are not directly optimized for—ques-
tioning the common strategy of leveraging a
different, yet related metric for evaluation that
is not used for tuning. To address this problem,
we propose MINTADJUST, a method for more re-
liable evaluation under MINT. On the WMT?24
MT shared task test set, MINTADJUST ranks
translations and systems more accurately than
state-of-the-art-metrics across a majority of
language pairs, especially for high-quality sys-
tems. Furthermore, MINTADJUST outperforms
AuTORANK, the ensembling method used by
the organizers.'

1 Introduction

Automatic evaluation metrics are evolving be-
yond their traditional role in model selection, now
serving as tools for enhancing the performance
of large language models (LLMs) across their en-
tire development pipeline. Applications include
filtering high-quality training data, or serving as
proxies for human preferences in alignment and
decoding (Xu et al., 2024b; Zhu et al., 2024; Wu

"We will release a codebase for replicating the results in
this work upon publication.

et al., 2024). In the field of machine translation
(MT), several works have leveraged such meth-
ods to claim state-of-the-art results (Fernandes
et al., 2022; Xu et al., 2024b; Rei et al., 2024). In
these cases, the same or similar metrics to the one
used for optimization are also used downstream
for evaluation—we call this phenomenon metric
interference (MINT).

An unintended consequence of MINT is that it
may jeopardize evaluation. For example, an in-
terfering metric can lose much of its correlation
with human judgements when ranking systems
(Fernandes et al., 2022), or make the optimized
model generate absurd outputs that the met-
ric scores highly (Yan et al., 2023). At worst,
authors disregard MINT and use the same met-
ric for optimization and evaluation. At best, as
recommended by Kocmi et al. (2024b), they ac-
knowledge it and perform evaluation with another
metric (Fernandes et al., 2022; Rei et al., 2024;
Kocmi et al., 2024a). The latter solution, however,
may not work well if metrics correlate strongly
among each other, as they can have similar biases.
The effects of MINT are not well understood, and
existing mitigation methods lack effectiveness.

In the first part of our work, we investigate
the implications of MINT for evaluation with a
series of metrics on two common MINT cases in
MT: 1) data filtering, where a metric is used to
select high-quality data from a larger pool to more
efficiently train a translation model; 2) MBR, a
widely used decoding strategy that uses a metric
to select the best translation from a pool of candi-
dates. We find that the effects of MINT are stronger
for MBR than for data filtering. Specifically, the
instance-level scores of metrics are heavily dis-
torted, to the point where large improvements
in an interfering metric become consistently re-
lated to deterioration in other metrics. Importantly,
similar distortions hold when comparing an in-
terfering metric with human scores, explaining
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Figure 1: MINTADJUST learns to predict the instance-level scores of an interfering metric, given the scores of
other metrics measured in translations produced by models that are not under MINT (in gray). At test time, for
each instance from the model under MinT, MINTADJUST receives the scores of other metrics, and produces a new
interfering metric score that correlates better with human judgments.

the system-level findings of Fernandes et al.
(2022). Furthermore, the scores of metrics that
correlate with the interfering metric will also be
overestimated. This brings into question the com-
mon practice of using a single related metric for
evaluation.

Building on our findings, we propose a method
for correcting an interfering metric’s scores by
learning its distribution without MINT from a large
set of other metrics, as opposed to relying on a
single one: MINTADJUST (summarized in Figure 1).
Using WMT24 human-judged translations, we
show that, under MiINT, MINTADJUST ranks sys-
tems and individual translations more accurately
than the interfering metric and other state-of-the-
art metrics on a majority of language pairs. Its
performance is particularly strong when compar-
ing high-quality MT systems. Our correction
method generalizes across translation models and
metrics—i.e., it can be learned from a given set
of models and metrics and applied to a different
model.

Through our fine-grained analysis and the pro-
posed methods, we lay the groundwork for better
evaluation practices in settings where automatic
metrics are used for both evaluation and model
optimization. Our work has implications not only
for MT but for evaluation in general.

2 Metric Interference

When used for evaluation, most automatic met-
rics M, may be described as functions that pro-

duce a judgement ¢ given an input z, a model’s
output h, and a reference output 7:2

q = M(z,h(x),7). )

MINT occurs when M-—the interfering
metric—influences a model’s output, directly or
indirectly, through its judgements. Thus, during
evaluation, M becomes a function of itself:

G = Mz, h(z; M'),r) 2)

M’ and M can be the same or spuriously corre-
lated metrics—we will show later that MINT also
affects the latter. Direct interference occurs when
a metric is used to choose among model outputs
at test time; for example, in MBR the best candi-
date out of a pool of model generations is chosen
by a metric. Indirect interference happens when
the metric influences the model’s outputs by in-
fluencing the model’s weights, 6, through either
data or tuning: § = M (z, h(x;0(M)),r). Train-
ing data filtering is a case of indirect interference,
whereby the metric influences the model’s weights
by changing its training distribution. Preference
optimization is an example of indirect interfer-
ence through tuning. We posit the negative effects
of MINT on evaluation are stronger for direct
interference.

To the best of our knowledge, MINT has never
been formally defined but its effects have been

2In translation, some metrics only use x and h (e.g.,
quality estimation), or h and r (e.g., lexical metrics)
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studied empirically to some extent. For example,
LLM judges tend to favor outputs from their own
model family (Panickssery et al., 2024; Verga
et al., 2024). In MT, this is also the case with
LLMs (Agrawal et al., 2024) and more traditional
neural metrics: models optimized for BLEURT can
produce absurd translations that score highly (Yan
et al., 2023), while metric-based decoding strate-
gies (e.g., MBR) reduce metric correlation with
human judgments at the system level (Fernandes
et al., 2022).

A typical solution to MINT is using a different
metric, M’, for evaluation. The validity of this
approach hinges on the often omitted assumption
that M and M’ do not have spurious correla-
tions beyond their correlations with human judg-
ments. We posit that this does not hold in MT,
since most metrics are trained on similar data
and architectures and so may share similar be-
haviours, which can be beneficial or detrimental
for evaluation.

3 Experimental Setting

3.1 Overview

We analyze four language pairs (LPs) of two
scripts where high-quality test data is avail-
able: English<+German and English<+>Chinese.
We use the WMT23 test set and a diverse suite
of reference-based, reference-free, neural, and
lexical metrics for evaluation: ComET-22 (Rei
et al., 2022a), CoMeTKiwr (Rei et al., 2022b),
xCoMmEeT-XL-REF and QE (Guerreiro et al., 2023),
MEeTrIcX-XL-REF and QE (Juraska et al., 2023),
BLEURT (Sellam et al., 2020), cHrF (Popovic,
2015), and BLEu (Papineni et al., 2002). We
also present additional findings using LLM
Judges PromETHEUS 2 7B (Kim et al., 2024) and
INsTRUCTSCORE (Xu et al., 2023).

3.2 Training Data Filtering

Quality Estimation (Specia et al., 2010, QE) is
the task of assessing the quality of a translation
without a reference. Using QE metrics to filter
high-quality training data from a larger pool—as
opposed to training models on the entire pool
or a random sample—is an efficient method for
building stronger models for translation (Peter
et al., 2023; Alves et al., 2024). However, us-
ing a metric for data filtering might lead to bias
in evaluation. For example, a model trained on

ComeTrKiwi-filtered data may produce translations
that CoMeTKiw1 and CoMET score higher than those
of a model trained on MeTrICcX-filtered data only
because it has learned properties that the for-
mer metrics prefer, but that the latter metric and
humans do not.

To investigate whether this is the case, we
fine-tune GEMMA-2B (Gemma Team, 2024) mod-
els® on 80,000 examples from a pool of 10 million
examples4 sourced from OPUS (Tiedemann,
2012), sampled in 4 different ways: 1) random
sampling (baseline); 2) top-k CoMETKIwI (CKiwi)
filtering; 3) top-k MeTrRICX-XL-QE (MX) filter-
ing; and 4) top-k xComer-XL-QE (xC) filtering.’
Table 7 reveals minimal overlap in training sets,
indicating that different metrics are likely se-
lecting translations based on distinct preferred
aspects.

3.3 Minimum Bayes Risk Decoding

Decoding strategies informed by quality metrics
such as minimum Bayes risk (MBR) decoding
consistently outperform alternatives like greedy
decoding or nucleus sampling, according to hu-
mans (Fernandes et al., 2022; Freitag et al., 2022a;
Nowakowski et al., 2022; Farinhas et al., 2023).
Fernandes et al. (2022) show the effectiveness
of MBR for LLM-based translation but warn
against using the same metric for evaluation due
to MINT. We aim to expand this kind of analy-
sis to more metrics and to the instance-level to
provide more extensive insight. Our experiments
leverage Tower-v2-7B, a state-of-the-art LLM for
machine translation. We generate pools of 20 can-
didates through e-sampling (Freitag et al., 2023)
with € = 0.02, and perform MBR with four met-
rics: CoMET-22, BLEURT, CcHRF, and BLEu. Greedy
decoding serves as the baseline. We replicate the
analysis with 50 candidates and Towgr-v2-70B to
assess the impact of model and pool sizes and
reach similar conclusions (see Tables 14 and 15).

3We use GemMA-2B because it is a small (practical for
finetuning), strong LLM that is not tailored for translation,
so the effects of data filtering are more likely to be visible.

480k instances is a typical dataset size for fine-tuning
LLMs for translation (Xu et al., 2024a; Alves et al., 2024),
and there are diminishing marginal returns in performance to
increasing it. Sampling from a much larger pool is realistic
and it allows us to measure the effects of filtering with
different metrics more easily (the larger the pool, the more
likely metrics are to select different instances).

>We provide full details on the metrics and checkpoints
used in Appendix Section A.
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Lexical Neural
Filtering curRF1T  BLEUT Comer! Breurr? ComerKiwrt xC-REFfT xC-QEt MX-REF| MX-QE]
Random 2436 2170 7678 9T 6179 019 6947 378 393
CoMmeTKIwr  26.57  26.16 79.28 62.73 74.35 73.23 2.86 2.59
XCOMET 2613 24.16 77.51  59.05 68.54 75.27 2.97 3.30
METRICX 24.04 23.07 78.74 61.87 72.08 74.85 73.81 2.66

Table 1: System-level performance on the WMT23 English—Chinese test set across several metrics of
GemMA-2-2B with different training data filtering strategies. Cells where the interference and evaluation
metrics are the same have around values. Cells are green if they represent an improvement

with respect to random filtering, red otherwise. Values in bold are the highest of each evlauation
metric.

Lexical Neural
Decoding curFt  BrLeut Comert Breurtt ComerKiwi? xC-REF{ xC-QET MX-REF| MX-QE]
Greedy 4323 4446 §7.22 1289 8L23 8727 8431 . 140 . 1.34
MBR
CHRF [, 43.45 43.97 87.15 72.78 81.16 86.76 84.14 1.42 1.32
BLEUL, 42.99 44.34 87.17 72.79 81.08 86.82 84.02 1.43 1.35
COoMET N 39.75 40.21 88.38 72.55 81.95 87.95 85.58 1.30 1.17
Breurty 3891 39.14 87.06 74.33 81.65 87.61 85.41 1.29 1.18

Table 2: System-level performance on the WMT23 English—Chinese test set across several metrics of
Tower-v2-7B with different decoding strategies. Cells where the interference and evaluation metrics are
the same have around values. Cells are green if they represent an improvement with respect

to greedy, red otherwise. Values in bold are the highest of each evlauation metric. Subscripts indicate
metric family: L means lexical, N is Neural.

4 Analysis There are few disagreements in metric pref-
erences. While the interfering metric seems to
be biased in favor of itself and metrics of the
same family, most metrics agree on improvements
over the baseline. Notably, both neural and lexi-
cal metrics usually improve with data filtering—
contrary to past findings on MBR (Fernandes
et al., 2022)—with CoMeTKIwI filtering leading to
improvements across the board on all LPs (see
Tables 8 to 10). While this reinforces that models
trained on filtered data outperform those trained on
random samples, MINT makes it hard to understand
which filtering metric is the best.

We focus on English—Chinese, where the phe-
nomena we describe are more pronounced. Similar
conclusions hold for other LPs (see Tables 8 to
13).

4.1 Training Data Filtering

Metrics prefer systems trained on data hat
they selected. Table 1 shows system-level eval-
uations for data filtering. Systems optimized for a
certain metric score higher on that metric, which
is consistent with findings from past literature for
MBR (Fernandes et al., 2022). Reference-based
versions of QE metrics also score higher on these

cases (e.g., XCoMmET-REF is highest when filter- 4.2 Minimum Bayes Risk Decoding I:

ing with xComeT-QE), likely because they were
trained with similar architectures and data. This is
a warning against evaluating with a single metric
even in cases of indirect interference.

System-Level Analysis

Interfering metrics prefer the systems they
were used on and there are disagreements.
Table 2 shows system-level evaluations on
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Decoding cHrRFft  Comerf Ptheus? IScoret
Greedy 4980 8158  3.54  —607
Cover  48.87 358 5.3
Ptheus  46.99  80.78 ~5.99
IScore 4724 8100  3.66

Table 3: Variant of Table 2 for Chinese—English
with two LLM Judges: PRoMETHEUS 2 7B (Ptheus)
and INsTRUCTScORE (IScore). Values in bold are
the highest of each evlauation metric.

English—Chinese for MBR. Again, systems op-
timized for a certain metric score higher on that
metric, with considerable differences in scores
(e.g., >1 CoMET point).> However, unlike data fil-
tering, there are significant disagreements among
metrics. With respect to greedy decoding, lexical
metrics always deteriorate when performing MBR
with neural metrics—as reported by Fernandes
etal. (2022). Neural metrics can also disagree, like
BLeurT and CoMET, but this is an exception: every
pair of neural metrics agree on all other LPs (see
Tables 11 to 13). Conversely, performing MBR
with lexical metrics rarely leads to improvements
on any metric. In this case, it is both hard to choose
the best MBR metric, and whether improvements
over greedy decoding are actually real.

LLM judges also suffer from Mint. Table 3
shows additional results using LLM Judges
ProOMETHEUS 2 and INSTRUCTSCORE for evaluation
and MBR on Chinese—English.” Both judges
behave similarly to neural metrics in that they
improve according to themselves and cause
degradation on all MT-specific metrics.

4.3 Minimum Bayes Risk Decoding II:
Instance-Level Analysis

We performed an instance-level analysis to under-
stand the root cause of the system-level findings in
Section 4.2. We focused on comparing differences
in metric scores between pairs of models with dis-
parate performances. One pair is Tower-v2-70B
and Tower-v2-7B with greedy decoding, which
represents a metric-agnostic improvement. The

6 According to Kocmi et al. (2024b) this would mean that
humans would prefer the winning system >90% of the time;
that percentage is likely overestimated due to MiInT, though.

7Out of the WMT23 LPs, INSTRUCTSCORE only supports
Chinese—English and English—German.
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Figure 2: Difference (A) in Comer and cHrRF be-
tween models of three sets: (Tower-v2-70B greedy,
Tower-v2-7B greedy); (Tower-v2-7B + Comer MBR,
Towgr-v2-7B greedy); (Tower-v2-7B + BLEURT MBR,
Tower-v2-7B greedy). We include a linear regression
for each set of points. Metric interference causes dis-
tortions in score relationships between the interfering
metric and correlated metrics.

other is Tower-v2-7B with Comer MBR and
greedy decoding, an improvement driven by MINT.
Comparing the two pairs allows us to isolate the
effect of MINT on metric score deltas to better
understand metric disagreements.

System-level metric disagreement is actually
driven by a minority of instances. Figure 2
shows the difference in cHRF and CoMmET be-
tween the aforementioned model pairs (in red and
blue, respecitvely) for English—Chinese. When
comparing models where MINT is not an issue,
we see that most instances (>70%) lie in quad-
rants where both metrics agree on the direction
of change. When comparing models under MINT,
a mass of instances shifts towards the disagree-
ment quadrant that favors the interfering metric
(CowmET). The shift is so pronounced that a delta
of 0 points in cHRF corresponds to a non-zero
change in Comer,® highlighting a stark distortion

8The change is almost 2 points on average, which, ac-
cording to Kocmi et al. (2024b), would correspond to humans
preferring translations from the system 95% of the time in
a setting without MINT. Surely, given the observed score
distortions, we cannot make such interpretations under MINT.

1323



in the scores of the interfering metric. That said,
this only occurs to roughly 33% of instances; for
most instances (around 63%), metrics still agree
on the direction of change. Similar phenomena
occur among other metrics (we omit these plots
for the sake of brevity).

Metric interference score distortions affect
correlated metrics. A common strategy to
mitigate MINT is to use different metrics for in-
terference and evaluation. Figure 2 shows a third
model pair in green: Tower-v2-7B with BLEURT
MBR and greedy decoding. The impact of BLEURT
MBR in distorting metric scores is similar to that
of CoMET MBR, though less pronounced. This is
likely because BLEURT is highly correlated with
Comer,” and it highlights the inadequacy of us-
ing correlated metrics for evaluation under MINT:
They may be less biased than the interfering metric
but they will still be biased.

Instance-level metric distortions extend to hu-
man evaluation. Figure 3 shows that the same
score distortions we observed among automatic
metrics hold between an interfering metric and
human scores. We use WMT24 English—Chinese
data because it has both human evaluations and
systems that are comparable to our initial setup.
We consider system sets instead of pairs for a
larger sample of points. Our representative un-
biased system (previously Tower-v2-70B greedy)
becomes GPT-4, the best model in this LP ac-
cording to human evaluation. The biased system
is still Tower-v2-70B with Comer MBR. For each
translation of these systems, we obtain deltas
from four other systems that we are sure did not
leverage CoMET (yielding four points of each color
per translation): IOL-Research, IKUN, IKUN-C,
and Llama-3-70B.

4.4 Final Remarks

We analyzed the impact of MINT on evaluation
with several metrics at system- and instance-

°It is generally known that neural metrics correlate
strongly due to similar training data and architectures
(Kocmi et al., 2024b; Kovacs et al., 2024). We include an
instance-level correlation matrix in Table 16 to further sup-
port this; CoMET-BLEURT correlation is 0.75. Furthermore, on
system level evaluation, while the two metrics disagree when
using the other for MBR on English—Chinese, they agree
on all other LPs (see Tables 11 to 13. If anything, the result
on English—Chinese shows how system-level information is
insufficient to fully understand MINT.

30.04
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1801 28.56% Lo ER8%
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-1 (-8.98,4.85).

1 +(-742,4:13);
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(=]
fe=}
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(-9.81,-1.83) (10.03, -2.17)

(-7.71,-3.14) (9.38, -2.87)
-12.090 o o/ 3
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7.51% 10.15%
1801 16.07% 18.52%

2401 J Human { COMET22 T Human { COMET22

-30.0 T . "
-50.0 -25.0 0.0 25.0 50.0

Human A

Figure 3: Difference (A) in ComeT and Human scores
on WMT24 English—Chinese of two sets of systems
(MinT affects the blue set).

levels. Our system-level findings corroborate
those of existing literature, and our instance-level
analysis adds an important layer of understanding:
MINT causes non-trivial score distortions between
the interfering metric and other metrics and human
scores. Importantly, these distortions extend to
correlated metrics. These findings lead to two con-
clusions: 1) instance-level information is crucial
for understanding MInT; 2) performing evaluation
with metrics that are spuriously correlated with the
interfering metric is potentially just as mislead-
ing as using the interfering metric itself, bringing
common practices into question.

5 Improving Evaluation Under MiNT

5.1 MINTADJUST

Leveraging the insights of Section 4, we propose
MintADiusT, a method for correcting the instance
scores of the interfering metric during evaluation
(see Figure 1). MINTADIUST does not require hu-
man judgments, instead leveraging the scores of
other metrics. For a test set D containing (source,
translation, reference) triplets (z, h, ), MINTAD-
jusT learns to predict the interfering metric, Gy,
using a set of other, less biased metrics, {Gsafe }»
as features. MINTADIUST is trained on translations
from one or more models that are not subject to
MInT, and predicts the gi; scores of a model af-
fected by MINT, producing Gagjusted- The framework
is agnostic to the regression method.
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MiNTADIUST is inspired by the analysis per-
formed in Section 4: we found that MINT distorts
the relationships of instance-level scores among
metrics; thus, we hypothesize that a less biased
version of the interfering metric can be learned
from the instance-level scores of other metrics on
models where MINT is not a concern. It should be
noted that MinT distorts all spuriously correlated
metrics, not just the interfering one, so the inputs
of MinTADIUST at inference time will be biased.
However, the distortion is less pronounced, and
by leveraging a large set of metrics we posit the
biases of each one may be diluted. Next, we detail
the experimental setup for evaluating MINTADIUST.

5.2 Experimental Setup

Overview. Meta-evaluating (i.e., evaluating an
evaluation method) MINTADJUST requires: 1) trans-
lations of one or more systems that did not
leverage metrics; 2) translations of one or more
systems that used metrics (MinT); 3) knowledge
of the interfering metric; 4) human judgments for
the translations. The most recent edition of the
WMT24 MT shared task (Kocmi et al., 2024a)
contains all this information for state-of-the-art
MT systems on 11 language pairs.'® Furthermore,
one relevant consequence of MINT in this shared
task was Tower-v2-MBR—which used ComEeT for
MBR—ranking first on all language pairs accord-
ing to automatic metrics but not to humans.

Meta-Evaluation Metrics. The goal of MINT
mitigation methods is to rank the model affected
by MINT more accurately. Thus, for system pairs
that contain Tower-v2, we report soft pairwise
accuracy (SPA) (Thompson et al., 2024)—the
system-level meta-metric used in the latest WMT
metrics shared task (Freitag et al., 2024):

N ~1N—-1 N-1
SPA:<2) SN -l - 3

i=0 j=i+1

N is the number of systems, p?j the p-value
for the hypothesis that humans prefer system ¢
over j, and p;; is the p-value for the hypothesis
that a metric prefers system ¢ over j. SPA judges
metrics both on whether they rank systems like

0The language pairs are English-German, -Icelandic,
-Czech, -Spanish, -Ukrainian, -Russian, -Japanese, -Chinese,
-Hindi, Czech-Ukrainian, and Japanese-Chinese. The amount
of evaluated systems per language pair ranges from 11 to 19.

humans and on whether their confidence in the
rankings is similar.

Since instance-level meta-evaluation is also im-
portant to discriminate between metrics (Freitag
et al., 2022b), we also report an instance-level
version of pairwise accuracy (Ins-PA):

> aep LIM(dy) > M(d-)]
D)

Ins-PA = 4)

where D is the set, across all system pairs, of
all unique tuples, d, containing a source, its
human-favored translation, its human-disfavored
translation, and a reference ((z,h;,h_,r)); d;
corresponds to (z,h,,r), d_ corresponds to
(x,h_,r), and M is a metric’s judgement. If
the human score for d, and d_ is the same, that
instance is scored 1 only if M(d,) = M(d_)."!

Further Meta-Evaluation Details. When ag-
gregating the aforementioned metrics across LPs,
we report their macro-average, and, for Table 4,
a normalized Borda count (Colombo et al., 2022)
by averaging the ranks of each metric over all LPs
(lower is better). This metric is better at repre-
senting consistency across LPs than an average,
which 1s more sensitive to outliers. Furthermore,
since metrics are known to perform differently
when comparing low- and high-quality systems,
we also report results on a subset of high-quality
systems: namely, Towgr-v2 pairs with GPT-4,
CLAUDE-SONNET-3.5, and GEewmINI-1.5-Pro, when
available.'?

Metric Baselines. As mentioned before, the
usual practice under MINT is to either keep us-
ing the interfering metric for evaluation, or to
use a single other metric. Thus, our baselines are
CowMmeT and representative state-of-the-art MT met-
rics of several families: cHRF (lexical), CoMETKIw1
(reference-less), xCoMmET-XL, and METRICX-XL
(neural).

Ensemble Baselines. We report two baselines
that involve ensembling metric scores: AUTORANK

TAs such, while Ins-PA considers ties, it does not cal-
ibrate a threshold for ties, as the meta-metric used in the
metrics shared task (Deutsch et al., 2023). If anything, this
will penalize MiNTADIUST and favor xCoMmET or METRICX,
which produce more ties for perfect translations. We com-
puted results when disregarding ties and reached similar
conclusions.

12GemiNi-1.5-Pro is not available for Icelandic.
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System-level

Segment-level

Average T Borda Count | Average T Borda Count |
Metrics All High-Q All High-Q All High-Q All High-Q
Baselines
Metrics
cHRF, rEF 0.5958 0.4556 54545 54545 04548 0.4328 6.3636 5.0000
CoMETKIWIN g F 0.8219 0.6476 3.0909 2.6364 04716 0.4345 53636 5.1818
XCOMETN REF 0.8199 0.6476 32727 2.6364 0.4968 0.4510 3.1818 3.3636
METRICX N, REF 0.8219 0.6522 2.5455 23636 0.4868 0.4385 4.4545 4.4545
COMETN, REF* 0.8277 0.6775 3.0000 2.1818 0.4955 0.4458 3.0000 3.4545
Ensembles
AUTORANK 7 0.8199 0.6476 3.2727 2.6364 - - - -
MEeTaMETRICS-MTE  0.8080 0.6506 4.1818 2.4545 0.4434 04115 7.4545 6.5455
This work
AuToRANK-Ins g 0.8190 0.6757 3.0000 2.0909 0.4978 0.4509 2.3636 2.9091
MINTADIUSTE 0.8278 0.6846 2.4545 1.5455 0.4956 04551 3.2727 2.3636

Table 4: System-level SPA and instance-level PA for baseline metrics, AUTORANK-Ins, and MINTADJUST
on the WMT?24 test set for two sets of system pairs: all pairs that contain Tower-v2-MBR (All), and
a subset of high-quality system pairs containing Tower-v2-MBR (High-Q). ComeT (with the *) is the
interference (and adjusted) metric. Bold values are the best overall. Subscripts indicate metric family:
L means lexical, N is Neural, QE is reference-less, REF is reference-based, and E is ensemble.

(Kocmi et al., 2024a) and METAMETRICS-MT
(Anugraha et al., 2024). The former was used
to obtain the preliminary rankings of the WMT24
MT shared task, and the latter is a state-of-the-art
metric ensembling method, according to the re-
sults of the WMT?24 shared task. AuTORANK works
by, foreach LP, linearly scaling (between 1 and the
number of systems) a set of system-level metric
averages and then computing the average among
the metrics to obtain a single value per system. In
the shared task, MeTRICX-XL and CoMeETKIwWI-XL
were used; for the sake of comparability with our
setup, we ensemble the baseline metrics stated
in the previous paragraph, except for COMET.
MEeTAMETRICS-MT, on the other hand, like most
other metric, learns to predict translation scores of
humans. However, instead of leveraging vectorial
representations of text as learning features, it uses
the scores of other metrics, therefore functioning
as a learned ensemble. The authors use Gaussian
Processes to this end, but METAMETRICS-MT is
agnostic to the regressor class. For the sake of
comparability, we use the same regression model

as MINTADIUST (the Random Forest described in
the ‘‘Training details’’ paragraph of this sec-
tion), and the same metrics for ensembling as
AutoRANK. Crucially, METAMETRICS-MT requires
an annotated training set, while MINTADIUST does
not. We use all the human assessments available
for all language pairs of WMT?23 for training.'3

AuTORANK-Ins Baseline. As an additional base-
line, we propose a instance-level version of AuTto-
RANK. Given an ensemble of metrics, for each LP,
AutoRANK-Ins is obtained by linearly scaling the
score of each metric between 1 and the total num-
ber of instances (across all systems), and then av-
eraging this over all the metrics in the ensemble.
AutoRANK-Ins yields instance-level scores that
can be averaged to obtain a system-level scores.

BThis includes 9 language pairs: Czech— Ukrainian,
English—{Czech, German, Japanese, Chinese}, and
{German, Hebrew, Japanese, Chinese } —English. Training a
single regression model on all LPs (the alternative suggested
by Anugraha et al. (2024) for whenever a test LP is not seen
in training) yielded better results than training LP-specific
models.
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Metrics de es cs ru uk is ja zh hi cs—uk ja—zh
Baselines

CHRFp, rEF 0.4338 0.5248 0.3069 0.4963 0.4010 0.8091 0.7655 0.5427 0.5790 0.9113 0.7835
CoMETKIWIN g 0.8912 0.6940 0.9983 0.9161 0.8266 0.7781 0.5697 0.9017 0.9161 0.8033 0.7457
XCOMETN REF 0.8912 0.6940 0.9983 0.9161 0.8266 0.7781 0.5477 0.9017 0.9161 0.8033 0.7457
METRICX N, REF 0.8921 0.6940 0.9983 0.9161 0.8266 0.7781 0.5477 09017 0.9232 0.8132 0.7497
COMETN, REF* 0.8912 0.6941 0.9983 0.9161 0.8138 0.7781 0.5477 0.9017 0.9162 0.8999 0.7472
AUTORANK i 0.8912 0.6963 0.9983 0.9161 0.7156 0.7781 0.5489 0.9017 0.9227 0.8936 0.7465
METaMETRICS-MTE  0.7514  0.6938 0.9983 0.9161 0.8266 0.7781 0.5477 0.9085 0.9159 0.8033 0.7485
This work

AuTORANK-Ins 0.8912 0.6940 0.9983 0.9161 0.8266 0.7781 0.5477 0.9017 0.9161 0.8033 0.7457
MINTADIUST 0.8937 0.7061 0.9983 0.9163 0.7154 0.7781 0.6023 0.8995 0.9346 0.9032 0.7582

Table 5: System-level SPA results for all LPs (direction omitted for from-English LPs).

Training Details. Weuse MINTADIUST to predict
CoMerT scores for Tower-v2-MBR on all language
pairs of the WMT?24 test set. In the main results,
for training, we use scores of baseline metrics
from the previous paragraph, except for COMET, on
Tower-v2 greedy WMT24 translations as features
(we explore other training metric features and
systems later). For each language pair, we train
a regressor to predict CoMEeT scores. This trained
regressor is MINTADIUST. At inference time, we
query MINTADJusT for every instance of every
system. Our regressor is a random forest with
1000 trees, a maximum depth of 4, and the default
hyperparameters of scikit-learn (Pedregosa
etal., 2011), which we detail in Appendix B.!*

5.3 Results & Discussion

MintADpjusT ranks systems and instances
more accurately than metrics and AuTORANK.
Table 4 shows our main system- and instance-
level accuracy results.!> At a system level, MINT-
ApjusT ranks systems more accurately on average
and in terms of Borda count (meaning it is
more consistent across LPs). The superiority of
MiNTADIUST iS more noticeable when ranking
high-quality systems; this comparison is particu-
larly important for determining the de facto state-
of-the-art systems. Conclusions are similar for the
instance-level evaluation, where AuToRANK-Ins
performs slightly better when considering all sys-
tems. Additionally, Table 5 shows that, out of 11

“We do not optimize hyperparameters, and opt for a rel-
atively high number of estimators but low maximum depth
to avoid overfitting.

SWe present per-LP results in Table 5 and 19.

LPs, MINTADIUST outperforms all baselines on 5
LPs, ranks second on 4, and third on 2, highlighting
the method’s generalizability across languages.

MintApjusT outperforms METAMETRICS-MT,
which requires annotated data. Table 4 also
shows that MINTADJUST outperforms METAMETRICS-
MT across the board. This is an encouraging re-
sult, considering that METAMETRICS-MT requires
human annotations. Relying on human annota-
tions can be especially problematic if the test
set contains language pairs for which there is
no pre-existing representative data, as is the case
for Icelandic and Hindi, where METAMETRICS-MT
performs particularly poorly (see Tables 18 and
17 in the Appendix). Even when data is avail-
able, it might not be representative, and building
a training corpus still entails a series of design
decisions. MINTADIUST, on the other hand, does
not require human annotations as it is meant to
be used directly on the test set of interest. This
finding hints at the benefits of learning to adjust
a metric rather than ensembling metrics to learn
human scores in cases of MINT.

Other metrics do not necessarily outperform
the interfering metric. Remarkably, the in-
terfering metric, CoMmET, performs similarly to
alternative metrics like xCoMmET and METRICX on
both sets of system pairs. Thus, in this case,
using other metrics in isolation for evaluation
would not even achieve better results than eval-
uating with the interfering metric. Moreover,
AUTORANK, an ensembling baseline, does not seem
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Ensemble Metrics

Method Table 4 All other metrics QE only REF only Neural only Lexical only
AUTORANK

AUTORANK 0.8199 0.8199 0.8199 0.8340 0.8199 0.5488
AuTORANK-Ins 0.8190 0.8334 0.8199 0.8457 0.8199 0.5605
MINTADJUST

Training system(s)

Tower-v2 Greedy 0.8278 0.8356 0.8199 0.8512 0.8225 0.6074
CLAUDE-SONNET-3.5  (.8263 0.8338 0.8199 0.8615 0.8205 0.6014
All other models 0.8347 0.8356 0.8199  0.8656 0.8236 0.6505

Table 6: System-level soft pairwise accuracy for variations of AuToRank and MINTADIUST on the
WMT?24 for all system pairs containing Towgr-v2. On the columns, we vary the metrics used in each
method’s ensemble; on the rows, we vary the systems considered for training MINTADJUST. The goal
is to assess how sensitive the performance of methods are to changes in their ensembling / training
procedures. Values in gray serve as baselines, taken from Table 4. Values in green and red represent
the best and worst metric configurations, respectively. Values in bold are the best training system
configuration for MINTADIUST, for each metric configuration. The value in italic is the best overall.

to perform particularly well either. Instead, our
proposed instance-level variant of AUTORANK,
AutoRANK-Ins, performs better, underscoring the
importance of preserving instance-level informa-
tion to maximize system-level performance.

MinTApjusT and AuToRANK can be built from
a reduced set of metrics. In Section 4, we
reported that metrics react differently to MINT
according to their kind. For example, neural met-
rics usually agreed with neural interfering metrics,
while lexical metrics did not. These disagreements
are valuable information that should not be dis-
carded; they might help making more accurate
predictions as to whether a translation really im-
proved in quality. With this in mind, we leveraged
a diverse set of metrics in our main results for
learning MinTADJusT and for computing Auto-
Rank. However, it could be the case that certain
sets of metrics work better. We assess this in in
Table 6, where we report the average system-level
SPA of MINTADJUST variants and AUTORANK built
with distinct features (excluding ComEer): 1) the
same as Table 4; 2) every metric in Table 1; 3)
all QE metrics; 4) all reference-based metrics; 5)
all neural metrics; 6) all lexical metrics. Variants
built from lexical metrics perform visibly worse,
while the other variants are more similar to the
baseline. The signal from neural metrics seems
important for learning MINTADJUST on COMET (a

neural metric itself), even though they are also
potentially biased at inference time.! Notably,
using only reference-based metrics surpasses the
baseline considerably, showing that there is some
room for optimization for both AuToRANK and
MINTADJUST.

MintApjusT can be learned from a diverse
set of models. We learned MINTADIUST from
greedy-sampled translations of Tower-v2 because
it was the most immediate option: we adjust the
CoMmET MBR scores with the scores of the cor-
responding greedy-decoding system. However,
during evaluation we may not have access to trans-
lations with and without MINT for the same system;
this was the case with Towgr-v2 for the organizers
of the shared task. In the worst case, an unbiased
equivalent to a biased system may not exist or
be prohibitively hard to obtain (e.g., to a model
pre-trained on filtered translation data). Thus, we
assessed whether MINTADIUST could be learned
from the translations of other systems in Table 6,
which contains three versions of MINTADIUST, each
trained on translations from distinct systems: 1)
Tower-v2 greedy; 2) CLAUDE-SONNET-3.5; 3) all
systems available to the shared task organizers.

16]_exical metrics may also be biased against the interfering
metric. Quantifying what part of the difference among metrics
is real and what is bias is interesting for future work.
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Results are similar across variants, with the vari-
ant learned from all models available performing
the best. This finding is encouraging for three
reasons: 1) generalizability: MINTADIUST can be
strong even when learned from a single other sys-
tem; 2) practicality: the non-MINT equivalent of the
MINT system is not required to build MINTADJUST;
3) scalability: better results can be achieved by
obtaining more translations from other systems.

6 Related Work

6.1 Metric Interference

The role of automatic metrics has expanded be-
yond evaluation to applications in model training
(e.g., as learning objectives in minimum error rate
training) (Och, 2003; Zaidan and Callison-Burch,
2009), in reward modeling for human-preference
alignment (Shu et al., 2021; Xu et al., 2024b;
Zhu et al., 2024), in training data filtering (Alves
et al., 2024; Rei et al., 2024), and in quality-aware
decoding (Fernandes et al., 2022; Wu et al.,
2024), where a metric is used to choose the
best candidate out of a pool of model genera-
tions. The aforementioned applications give rise
to Metric Interference (MiNT)—formalized in
Section 2—where such metrics are used for both
optimization and evaluation. MINT introduces ad-
ditional evaluation challenges due to inherent
metric flaws and biases. For example, LLM judges
tend to favor outputs from their own model fam-
ily (Panickssery et al., 2024; Verga et al., 2024);
in machine translation, this is also the case ac-
cording to Agrawal et al. (2024). It has been
long known that traditional metrics suffer from
similar issues. Callison-Burch et al. (2006) show
how optimizing a translation system directly for
BLEU need not lead to improvements in transla-
tion quality according to humans. This is because
of inherent shortcomings of the metric, for ex-
ample its insensitivity to synonyms. Similarly,
even models optimized for stronger metrics like
BLEURT can produce absurd translations that score
highly (Yan et al., 2023). Furthermore, Fernandes
et al. (2022) show that MBR and translation
re-ranking with neural metrics lead to overesti-
mated scores at a system level, reducing their
correlation with human judgments and lexical
metrics. Gisserot-Boukhlef et al. (2024) report
similar findings with Contrastive Preference Op-
timization (Xu et al., 2024b), a method whereby

models are trained to produce translations pre-
ferred by automatic metrics. Some of these works
recommend using a different metric for evalua-
tion than that used for optimization. We find such
strategies are insufficient to mitigate MINT, and
propose an alternative.

6.2 Interference Mitigation Strategies

For general-purpose evaluation of LLMs, Verga
et al. (2024) propose using an ensemble of LLM
judges to reduce intra-model bias (i.e., models
preferring their own outputs). For MT, Kocmi
et al. (2024b) study how metric improvements
relate to the probability of humans preferring the
improved translation. While they do not study the
effect of MINT, they warn against its effects, and
recommend not using interfering metrics for eval-
uation. Other existing works that deal with MINT
more directly attempt to improve the underlying
optimization rather than the evaluation process.
Kamigaito et al. (2024) improve the reliability
of MBR by averaging the scores yielded by the
same metric trained from different initializations.
Kovacs et al. (2024) show that MBR metrics
prefer their own systems or those of correlated
metrics. To address this, they perform MBR with
an ensemble of metrics—as opposed to a sin-
gle one—showing better correlation with human
judgements. Instead of trying to improve MBR,
the goal of our proposed method is to recover
more accurate metric scores to make evaluation
more reliable under cases of metric interference.

6.3 Broader Context on Metric Interference

Goodhart’s law states that ‘‘when a measure be-
comes a target, it ceases to be a good measure’’.
The notion that relying too much on a limited
set of evaluation methods can lead to the gam-
ing thereof has been acknowledged in machine
learning (ML) literature for long (Hutchinson
et al.,, 2022). And this over-reliance need not
imply optimizing explicitly for automatic met-
rics, as in the use-cases our work focuses on.
Simply using the same benchmarks and metrics
repeatedly over time can deteriorate their value as
proxies of human preference (Hutchinson et al.,
2022). Indeed, through comprehensive surveys
that span various ML subfields (e.g., computer
vision, NLP, recommender systems, RL, graph
processing) Zhang et al. (2019) and (Liao, 2021)
find a consistent trend of overfitting to a small
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amount of benchmarks, and discuss how this re-
duces the capability of automatic evaluation to
measure scientific progress. Furthermore, besides
the aforementioned works on NLP and MT, sim-
ilar patterns of metric gaming through overuse or
explicit optimization have been found in appli-
cations of ranking (Yilmaz and Robertson, 2010)
and computer vision (Carter et al., 2020; Cardelino
et al., 2013; Jiang et al., 2019; Maier-Hein et al.,
2022). In most cases, the solution that is either
explicitly proposed or hinted at is the same: more
diverse and representative benchmarking method-
ologies—be they test sets or metrics—should be
developed to ensure the continued relevance and
credibility of automatic evaluation.

7 Discussion on the Implications of
Metric Interference

MINT poses a threat to the integrity of evalua-
tion frameworks; shared tasks and leaderboards
where participants may tune models to optimize
correlated metrics are prominent examples. As
discussed in Section 6, a common solution across
various subfields of ML for this type of issue is
to avoid relying on a small amount of evalua-
tion methods. As an ensemble method that can
leverage an arbitrary combination of MT metrics,
MINTADIUST is aligned with this idea.

However, this may be a partial solution; other
interventions could involve changing the design
of evaluation protocols themselves, particularly
in how optimization and evaluation metrics are
selected and separated. For example, shared task
organizers could partition metrics into disjoint
groups: some available during model develop-
ment, others held out for evaluation. Ideally,
metrics chosen for optimization should be orthog-
onal to those used for evaluation, minimizing the
risk of indirect overfitting. However, in practice,
this separation is rarely clean, as many metrics
are spuriously correlated: as shown in our analy-
sis, optimization of one leads to measurable gains
on others but not necessarily on human perfor-
mance. This suggests that simply banning the use
of evaluation metrics during training is insuffi-
cient unless their relationships can be robustly
characterized and accounted for. Another option
could be to foster the design of automatic metrics
that are ‘‘aware’’ they are being gamed. An inter-
esting first step in this direction could be to study
how uncertainty relates to metric gaming, perhaps

through analyzing how uncertainty-aware evalua-
tion metrics (Glushkova et al., 2021) behave under
metric interference.

These are open challenges, and further research
requires the existence of more datasets where
metric interference and human judgements are
present. This is the primary resource required
to assess the effects of MINT on correlations of
automatic metrics with human judgements. In ad-
dressing metric interference explicitly, we hope
this work encourages a broader rethinking of eval-
uation design towards setups that are robust to
strategic optimization.

8 Conclusion

We analyzed two common cases of MINT (de-
fined in Section 2) in MT—training data filtering
and MBR—highlighting its negative effects on
system- and instance-level evaluation with a myr-
iad of metrics. We find that interfering metric
instance-level scores are distorted under MINT,
with large improvements becoming more often
associated to deterioration in the scores of other
metrics and humans. Importantly, such distortions
hold for metrics that correlate with the interfer-
ing metric, bringing into question the common
practice of using a single different metric for
evaluation.

Based on these insights, we develop MINT-
Apjust, a method for correcting the interfering
metric during evaluation. MINTADJUST outper-
forms the interfering metric, other state-of-the
art metrics, and the ensembling method used in
the WMT24 MT shared task at ranking systems
and translations.

In the future, it would be interesting to explore
more cases of MINT (e.g., preference optimiza-
tion) on more metrics and tasks. That said, despite
the importance of MINT, we note a lack of human
evaluation data necessary to perform such studies
and highlight the need to create such resources.
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A Metric Details

We list below the metric implementations and checkpoints used in this paper:

e CHRF: sacrebleu==2.4.2, default settings.

e BLEU: sacrebleu==2.4.2, default settings.

e CoMET: Huggingface checkpoint: Unbabel/wmt22-comet—da.

e ComeTKiwr: Huggingface checkpoint: Unbabel/wmt22-cometkiwi-da.

e xCoMET: Huggingface checkpoint: Unbabel /XCOMET—-XL

e MEeTrICX: Huggingface checkpoint: google/metricx-23-x1-v2p0.

e BLEurT: Huggingface checkpoint: lucadiliello/BLEURT-20.

e PromETHEUS 2: Huggingface checkpoint: prometheus—-eval/prometheus-7b-v2.0

o INsTRUCTSCORE: Huggingface checkpoint: xu1998hz/InstructScore.

B Random Forest Hyperparameters

We use the default hyperparameters of the scikit-learn implementation, except for the number of esti-
mators and max depth. Namely: n_estimators=100, *, criterion="‘squared_error’’, max_depth=None,
min_samples_split=2, min_samples_leaf=1, min_weight fraction_leaf=0.0, max_features=1.0,
max_leaf_nodes=None, min_impurity_decrease=0.0, bootstrap=True, oob_score=False, n_jobs=None,
random_state=None, verbose=0, warm_start=False, ccp_-alpha=0.0, max_samples=None,
monotonic_cst=None

C Supplementary Results

Filtering Random CKiwi xC MX
Random - — - -
CKiwi 0.0042 - - -
xC 0.0040 0.0293 - -
MX 0.0042 0.0307 0.0002 -

Table 7: Jaccard Index (ﬁg—g, where A and B are filtered training
sets) among training instances selected by different metrics. 0 means
no overlap.
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Lexical

Neural
Comer?  BLEUrRTT ComerKiwif xC-REFT xC-QEt MX-REF] MX-QE|

Filtering cHrRFT  BLEUT
Random 50.75...21.03 . 09.34 . 5361 ... 05.76. ... 02.34 .. 61.23 ... 532 ......665 .
CoMETKIWI ~ 53.25 24.17 73.61 57.83 70.63 70.47 69.72 4.11 4.90
XCOMET 39.61 16.17 65.46 53.97 59.18 64.91 63.00 5.29 10.06
METrICX 48.39 19.32 72.17 57.51 68.15 69.85 68.98 3.99 5.22

Table 8: Data filtering results table like Table 1 for English—German.

Lexical Neural
Filtering cirFT  Breut  ComEer? BrLeurRTT CoMmETKwIf xC-REF{ xC-QEtT MX-REF| MX-QE|
Random 5560 2886 79.17 6471 7366 7739 8022 460 594
ComerKiwr  57.13  32.78 80.10  65.46 75.08 80.90 83.24 4.49 5.77
xCoOMET 52.37 28.26 76.93 62.53 72.44 78.08 79.51 5.05 7.71
MemicX 5550 3136 7785  63.55 73.19 7725 78.63 5.56

Table 9: Data filtering results table like Table 1 for German—English.

Lexical Neural
Filtering cHrRFT  BLEUT Comert BLeurT? ComerKmwif xC-REF{ xC-QEt MX-REF| MX-QE|
Random 3867 1309 7385 5870 7234 7273 7801 419 415
ComeTKIwr  40.12 14.69 76.30 61.11 75.27 78.47 84.02 3.23 2.87
XCOMET 37.36 13.27 74.05 58.96 72.39 76.97 82.23 3.58 343
METrRICX 38.90 14.58 74.77 58.97 72.96 76.65 81.37 3.74 3.41

Table 10: Data filtering results table like Table 1 for Chinese—English.

Lexical Neural
Filtering CHRF?T BLEuT Comer!  Breurt? ComerKiwit xC-REF{ xC-QEt MX-REF] MX-QE|
Greedy 68.19 42.61 84.90 71.87 80.74 86.45 85.76 1.71 2.01
MBR
cHRF 68.22 41.57 84.92 71.85 80.78 86.15 85.36 1.67 1.97
BLEUL, 67.53 42.07 84.68 71.45 80.58 86.23 85.37 1.76 2.07
COMET N 66.94 39.99 86.21 72.86 81.45 87.52 86.92 1.49 1.71
BLEURT 66.44 39.29 85.20 74.26 81.24 87.09 86.57 1.44 1.65

Table 11: MBR results table like Table 2 English—German.

Lexical Neural
Filtering CHRF?T BLEUT Comer?  BLeEurT? ComeTrKiwiT xC-REF{ xC-QE1 MX-REF| MX-QE|
Greedy 69.65 47.20 86.02 75.26 80.03 89.94 91.07 2.34 2.37
MBR
cHRF 69.67 46.32 86.00 75.13 80.07 89.90 91.07 2.33 2.32
BLEUL 69.63 47.54 86.07 75.26 80.04 90.02 91.06 2.35 2.36
COMET N 68.50 45.08 86.76 75.51 80.24 90.47 91.40 2.17 2.19
BLEURT 69.05 45.63 86.34 76.18 80.20 90.32 91.30 2.17 221

Table 12: MBR results table like Table 2 German—English.
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Lexical Neural

Filtering CHRFT BLEUT Comer?  Breurt? ComerKiwiT  xC-REF{ xC-QE1 MX-REF| MX-QE|
Greedy 49.80 23.84 81.58 69.15 80.79 87.51 90.18 2.17 2.00
MBR

cHRF, 50.05 23.25 81.63 69.17 80.85 87.17 89.98 2.18 2.03
BLEU], 49.29 23.61 81.58 68.98 80.71 87.35 90.13 2.20 2.03
COMET 48.87 22.71 82.32 69.30 81.15 87.82 90.71 2.06 1.87
BLEURT i 48.89 2221 81.71 70.12 81.07 87.97 90.59 2.03 1.85

Table 13: MBR results table like Table 2 Chinese—English.

Lexical Neural
Filtering CHRF?T BLEUT Comer?  BreEurt? ComeTKiwiT xC-REF{ xC-QE1 MX-REF| MX-QE|
Greedy 4323 4446 87.22 728 8123 87.27 %31 L4 134
MBR
CHRF, 44.91 8742 73.09 81.33 8722 8429 139 133
BLeuy, 44.02 8743 73.03 81.18 87.18 8423 1.40 136
Comery 4035 4093 72.88 82.19 8836  85.96 126 115
Buevrry 3925 39.62 87.28 81.80 88.10  85.64 125 115

Table 14: MBR results table like Table 2 for 50 candidates.

Lexical Neural
Filtering CHRF?T BLEUT Comer?  Breurr? ComeTKiwiT xC-REF{ xC-QE1 MX-REF| MX-QE|
Greedy 4366 4503 87.32 7290 1.2 87.73 839 136 133
MBR
cHRF, 44.40 8733 72.87 81.23 87.06  84.18 137 132
BLeuy, 43.17 8721 72,65 81.04 87.04  84.13 1.40 1.37
Comery 4005 4071 72.91 82.05 88.38  86.05 1.26 1.17
Bievrry  39.06  39.63 87.21 81.66 88.09  85.77 1.24 118

Table 15: MBR results table like Table 2 for Tower-v2-70B.

Metric C22 CK22 xCR xCQ MxR MxQ BT cHrRF  BLEU
Comer (C22) 0.560 0.623 0.409 0.692 0470 0.752 0.673 0.665
CoMEeTKIwi (CK22) 0.560 0.539 0.496 0.520 0.616 0471 0350 0.338
xCoMmer-REF (xCR)  0.623  0.539 0.651 0.605 0496 0586 0.445 0.435
xCoMeT-QE (xCQ) 0.409 0.496 0.651 0411 0468 0359 0.242 0.228
MetricX-REF (MxR) 0.692 0.520 0.605 0.411 0.548 0.678 0.513 0.497
MEeTrRICX-QE (MxQ) 0.470 0.616 0.496 0.468 0.548 0418 0.285 0.268
BreurT (BT) 0.752 0471 0.586 0359 0.678 0.418 0.663 0.651
CHRF 0.673 0350 0.445 0.242 0513 0285 0.663 0.937
BLeU 0.665 0338 0435 0.228 0497 0.268 0.651 0.937

Table 16: Spearman correlation between evaluation metrics on the WMT23 English—Chinese test
set. Values are computed by averaging the correlations among scores for every unique source.
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Metrics de es cs ru uk is ja zh hi cs—uk ja—zh

Baselines

CHRF[, rEF 0.3443 0.4163 0.0193 0.0357 0.2720 0.9985 0.6993 0.2883 0.4050 0.7440 0.7883
CoMETKIWIN o 0.7543 0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.7903 0.9243 0.3443 0.2117
XCOMETN, REF 0.7543 0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.7903 0.9243 0.3443 0.2117
METRICX N, REF 0.7543 0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.7903 0.9420 0.3773 0.2117
COMETN, REF * 0.7543 0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.7903 0.9243 0.6663 0.2183
AUTORANK i 0.7543 0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.7903 0.9243 0.3443 0.2117

METaMETRICS-MTE  0.7543  0.5837 0.9960 0.9847 0.7317 0.5015 0.3013 0.8100 0.9247 0.3443 0.2247

This work
AuUTORANK-Ins 0.7543 0.5840 0.9960 0.9847 0.7317 0.5015 0.3047 0.7903 0.9250 0.6453 0.2153
MINTADIUST 0.7577 0.5847 0.9960 0.9847 0.7317 0.5015 0.3160 0.7903 0.9243 0.6773 0.2660

Table 17: System-level SPA results (high-quality systems) for all LPs (direction omitted for from-
English LPs).

Metrics de es cs ru uk is ja zh hi cs—uk ja—zh
Baselines

CHRFy rEF 0.3653 0.4704 0.4845 0.4466 0.3543 0.6071 0.5117 0.4860 0.4973 0.4286 0.3505
CoMETKIWIN 0 0.3771 0.4642 0.5338 0.4748 0.4016 0.5752 0.4951 0.5634 0.5254 0.4319 0.3449
XCOMETN REF 0.4386 0.4839 0.5667 0.5053 0.4282 0.6479 0.5133 0.5455 0.5250 0.4374 0.3731
METRICX N, REF 0.4322 0.4931 0.5340 0.5010 0.4241 0.6394 0.5041 0.5339 0.4984 0.4172 0.3774
COMETN, REF* 0.4016 0.4916 0.5778 0.5129 0.4027 0.6668 0.5130 0.5365 0.5194 0.4501 0.3780
METaMETRICS-MTE  0.3504 0.4484 0.5122 0.4463 0.3954 0.5908 0.4209 0.4660 0.4512 0.4252 0.3709
This work

AuTORANK-Ins 0.3983 0.5030 0.5697 0.5059 0.4009 0.6742 0.5195 0.5481 0.5294 0.4523 0.3745
MINTADIUST 0.4172 0.5038 0.5683 0.5039 0.4049 0.6565 0.5095 0.5400 0.5223 0.4514 0.3740

Table 18: Instance-level PA results for all LPs (direction omitted for from-English LPs).

Metrics de es cs ru uk is ja zh hi cs—uk ja—zh
Baselines

CHRFy, rEF 0.3182 0.4666 0.4608 0.4450 0.3454 0.5561 0.5219 0.4824 0.4781 0.4058 0.2806
CoMETKIWIN o 0.3128 0.4255 0.4813 0.4408 0.3691 0.5577 0.4781 0.5608 0.4950 0.4082 0.2506
XCOMETN REF 0.3759 0.4387 0.5064 0.4797 0.3913 0.5774 0.4924 0.5155 0.4971 0.4208 0.2656
MEeTRICX N, REF 0.3560 0.4602 0.4737 0.4860 0.4034 0.5600 0.4771 0.4924 0.4655 0.3975 0.2518
COMETN, REF* 0.3347 0.4518 0.5193 0.4866 0.3802 0.5798 0.4760 0.4934 0.4860 0.4249 0.2710
MEeraMETRICS-MTE  0.3299 0.4234 0.4760 0.4313 0.3749 0.5047 0.4055 0.4471 0.4271 0.4075 0.2992
This work

AUTORANK-Ins 0.3237 0.4608 0.5105 0.4824 0.3760 0.5916 0.5034 0.5182 0.4961 0.4268 0.2710
MINTADIUST 0.3491 04734 0.5164 0.4750 0.3865 0.5695 0.5008 0.5271 0.5008 0.4265 0.2812

Table 19: Instance-level PA results (high-quality systems) for all LPs (direction omitted for from-
English LPs).
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