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Abstract

Machine translation shared tasks publish
several automatic metrics and rank sys-
tems on one of them, assuming the choice
is inconsequential. We test this assump-
tion on the WMT 2025 and WMT 2026
Low-Resource Indic Language Translation
tasks, where pre-trained multilingual en-
coders are unavailable for several tar-
get scripts and languages. As no human
gold standard evaluation exists at scale,
we adapt the Quantified Reproducibility
Assessment (QRA) framework across 20
WMT26 and 14 WMT25 directions, to
measure agreement between six automatic
metrics and two LLM judges as indepen-
dent measuring instruments. We show that
QRA’s Type I measure fails under this re-
purposing when instruments sit on differ-
ent scales, and suggest a rank-based re-
pair. Using a script-controlled natural ex-
periment (Manipuri evaluated in both Ben-
gali and Meitei Mayek) and a null-output
validity test, we observe that neural met-
rics inflate scores for text in scripts out-
side the encoder’s coverage and compress it
into a narrow discriminative band. Switch-
ing to Meitei Mayek raises BERTScore and
COMET by 21.6 and 23.3 points, respec-
tively, though language and content are
unchanged, and no metric preserves sys-
tem ranking; on degenerate output the two
retain 0.81 and 0.61 points on English-to-
Indic directions. The effect reverses in the
opposite direction. Metric choice should
follow script coverage, not language iden-
tity. Lacking human judgments, our claims
concern instrument behaviour, not human
preference. The code and resources are
available on our Github.2

† The first two authors made equal contributions
to all aspects of the main paper; both are designated
as first authors.

2https://github.com/RHuidrom96/
which-metric-which-script.git

1 Introduction

Machine translation shared tasks have con-
verged on a reporting convention: publish a
table of automatic metrics, and rank par-
ticipating systems on one of them. The
Workshop on Machine Translation (WMT)
2025 Low-Resource Indic Language Transla-
tion task (Pakray et al., 2025, 2026) follows
this convention. It reports BLEU, METEOR,
TER, chrF++, BERTScore, ROUGE-L, chrF,
Cosine-Similarity and COMET. WMT 2025
covered 7 language pairs, spanning 14 trans-
lation directions: Assamese, Manipuri, Khasi,
Mizo, Nyishi, Bodo, and Kokborok, each
paired with English. WMT 2026 covered 10
language pairs, spanning 20 translation direc-
tions: Assamese, Mizo, Khasi, Manipuri (in
Bengali and Meitei Mayek scripts), Bodo, Kok-
borok, Karbi, Nagamese, and Tagin. Nyishi
was withdrawn from the 2026 edition.

The convention carries an implicit assump-
tion: that the metrics broadly agree, so that
the choice of which to rank on is a matter
of taste rather than of consequence. For high-
resource language pairs, this assumption is
defensible and has been extensively validated
against human judgments (Freitag et al., 2021,
2022, 2023). For the languages in this task,
it has never been tested. Several of them are
written in scripts that appear in no major mul-
tilingual encoder’s pretraining data; several
have no meaningful presence in the corpora on
which COMET and BERTScore were built. A
metric whose backbone cannot represent the
target language at all will still return a num-
ber, which will still be used to rank systems.
This paper asks what those numbers are

worth. We take the WMT25 & WMT26 re-
sults table as our object of study and treat
metric disagreement as the phenomenon to

https://github.com/RHuidrom96/which-metric-which-script.git
https://github.com/RHuidrom96/which-metric-which-script.git
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be measured rather than as noise to be aver-
aged away. Meta-evaluation of MT metrics
is conventionally framed in terms of correla-
tion with human judgment. That framing re-
quires a gold-standard, but for the languages
under consideration, there is no gold-standard
judgment at scale. We therefore adopt a dif-
ferent apparatus: the Quantified Reproducibil-
ity Assessment framework of Belz et al. (2026),
which supplies a taxonomy of four result types
and a matching set of continuous-valued mea-
sures reported at system, quality-criterion and
study level. QRA is designed to quantify agree-
ment between repeat measurements. We repur-
pose it to quantify agreement between instru-
ments, which the International Vocabulary of
Metrology explicitly licenses3: §3.2 lists differ-
ent measuring systems we used: six metrics
and two LLM judges become eight measur-
ing systems applied to a common measurand.
QRA’s Type I measure, the bias-corrected co-
efficient of variation (CV*), presupposes that
the values being compared share a scale. Met-
rics do not: on WMT26, BERTScore occu-
pies an interquartile range of [81.9, 94.5] while
BLEU occupies [7.4, 22.4]; on WMT25, the off-
set is starker still, with METEOR reported on
a 0–1 scale (IQR [0.08, 0.45]) alongside BLEU
on 0–100 (IQR [2.1, 13.7]). Applied naively,
CV* reports catastrophic disagreement that is
entirely an artefact of scale offset. We report
this as a negative result, and propose a rank-
based system-level measure that answers a re-
lated but distinct question.
The task design contains an unusually clean

identification strategy. Manipuri is evaluated
twice in WMT26, once in Bengali script and
once in Meitei Mayek, with nine teams sub-
mitting to both English→Manipuri directions
and eight to both Manipuri→English direc-
tions. Language, content, reference construc-
tion and system are held constant; only the
orthography of the target varies. A metric
that measures translation quality should be ap-
proximately invariant to this change. A metric
that is in fact measuring the tractability of the
target string to its own tokeniser should not
be. The remaining languages supply the con-
verse contrast: six WMT26 targets are writ-

3https://www.bipm.org/documents/20126/
2071204/JCGM_200_2012.pdf

ten in Latin script and two in Bengali, so
script is held constant while pretraining cov-
erage varies. Manipuri isolates orthography
at fixed language; these sets isolate language
at fixed orthography. We formalise this as a
coverage-tier analysis in §4.3.

A natural experiment can show that metrics
disagree, and can show which of them behaves
implausibly, but it cannot by itself say which
is right when two metrics diverge on a specific
segment. For that we turn to LLM-as-judge,
applied not as a substitute gold standard but
as an adjudication instrument on a targeted
sample: the segments where COMET is high
and BLEU is low. Such segments have two pos-
sible explanations. Either the translation is
adequate but lexically, morphologically or syn-
tactically distant from the reference, in which
case BLEU is penalising legitimate variation
and COMET is correct; or the translation is
fluent but unfaithful, in which case COMET
is rewarding surface plausibility and BLEU is
correct. Distinguishing these is a well-posed
question that a judge model can answer at the
segment level, and it is the question our error
taxonomy is built to separate.4
Our contributions are as follows:
• A script-controlled natural experiment

showing that BERTScore and COMET in-
flate by over 20 points when the same lan-
guage is written in a script outside the en-
coder’s coverage, and that no metric pre-
serves system ranking across that change.

• The first application of the QRA Type I,
II and IV apparatus to an MT shared task,
reported at all three of its levels.

• A documented failure of QRA Type I
under cross-instrument comparison, to-
gether with a rank-based repair and a size-
controlled variant.

• Evidence on discriminative power and
floor behaviour: BERTScore compresses
into a 12.6-point band in WMT26
while WMT25’s embedding-based Cosine-
Similarity is the most dispersed instru-
ment of that year at 62.4% of its scale,

4We selected our LLM-as-Judge models based on
the translation accuracy of the low-resource language
pair (Mni_Beng→Eng) (BLEU scores; Gemini 3.1
Flash Lite: 28.18, and Claude Opus 4.8: 27.17).
Claude Opus 4.8 was the version available at selection
time; Opus 5 was used for the judge runs reported be-
low.

https://www.bipm.org/documents/20126/2071204/JCGM_200_2012.pdf
https://www.bipm.org/documents/20126/2071204/JCGM_200_2012.pdf
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and the scores that all six metrics assign
to output known a priori to be worthless.

• An LLM-judge adjudication of BLEU–
COMET disagreement cases on English-
Manipuri, distinguishing reference mis-
match from genuine translation error.

• Tier-conditional recommendations for
metric selection and shared-task report-
ing.

2 Related Work
2.1 Automatic metrics
MT evaluation splits into two lines. Sur-
face metrics score n-gram overlap with a
reference: BLEU (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), and
chrF/chrF++ (Popović, 2015, 2017). They
need no target-language model, but corre-
late weakly with quality once systems are
close (Mathur et al., 2020). Neural metrics in-
stead score similarity in a pretrained encoder’s
embedding space: BERTScore (Zhang* et al.,
2020) and COMET (Rei et al., 2022). WMT22
found these more reliable than BLEU and rec-
ommended dropping it (Freitag et al., 2022).
Both rely on XLM-R-style encoders (Conneau
et al., 2020), whose pretraining coverage is un-
even across languages and scripts.

2.2 Meta-evaluation
WMT’s Metrics Shared Task ranks metrics by
correlation with expert human ratings (Fre-
itag et al., 2021, 2022, 2023). This needs
a large annotated pool, which does not ex-
ist for most languages studied here. Mathur
et al. (2020) showed that correlations with hu-
man judgments depend strongly on the set of
evaluated systems, limiting the usefulness of
raw correlation scores alone. Quantified Re-
producibility Assessment (QRA) offers an al-
ternative by evaluating automatic metrics as
measurement instruments rather than against
a human gold standard. It quantifies repro-
ducibility using metrology-inspired measures
of agreement and variability between evalua-
tion instruments (Belz et al., 2022; Belz, 2022).
QRA++ extends this to a four-type taxonomy
of NLP results (Belz, 2025). Both were built
for repeated measurement by a single method,
not for comparing structurally different instru-
ments applied once each. No prior study has

applied the QRA++ apparatus to the full met-
ric and judgment suite of a shared task.

2.3 Coverage and script bias
Pretraining coverage is uneven: XLM-R per-
formance generally correlates with the amount
of pretraining data available for each lan-
guage (Conneau et al., 2020). Tokeniser stud-
ies report a similar disparity at the subword
level: under-represented languages and scripts
often require substantially more tokens to en-
code the same content (Petrov et al., 2023),
increasing inference costs for multilingual lan-
guage models. This work explains why cov-
erage should distort scores, but it does not
measure that distortion for a metric under con-
trolled conditions.

2.4 Low-resource Indic MT
NLLB (Team et al., 2022), IndicTrans2 (Gala
et al., 2023) and Sarvam-translate (Sarvam
AI, 2025) cover most Indic languages studied
here, and shared-task systems fine-tune similar
backbones. These papers report BLEU, chrF,
and COMET-style scores as evidence of qual-
ity, without testing whether the metric itself is
valid for the language-script pair being scored.

2.5 LLM-as-judge
A newer line of work scores translations
by prompting a general-purpose language
model rather than training a dedicated met-
ric. GEMBA shows that zero-shot GPT
prompting can achieve competitive, state-
of-the-art system-level accuracy against hu-
man MQM judgments (Kocmi and Feder-
mann, 2023). Zheng et al. (2023) study
LLM judges more broadly and reports position
bias, verbosity bias, and self-preference bias.
These biases carry over to translation judg-
ing unless checked directly. The models used
as judges, including GPT-4 (OpenAI, 2023),
Gemini (Gemini Team, 2023), and Claude (An-
thropic, 2024), are trained on the same skewed
script distribution as the embedding encoders
behind neural metrics. Whether this skew af-
fects judge scores on low-coverage scripts re-
mains untested.

3 Dataset and Instruments
3.1 Data Used
We use the official results of the WMT Low-
Resource Indic Language Translation shared
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task, WMT25 (Pakray et al., 2025) and
WMT26 (Pakray et al., 2026). WMT25 cov-
ers 14 directions across 7 languages (Assamese,
Manipuri, Khasi, Mizo, Nyishi, Bodo, Kok-
borok). It has 18 participating teams and
up to 8 primary submissions per direction.
Scores are reported on BLEU, METEOR,
ROUGE-L, chrF, TER, and Cosine-Similarity,
the last restricted to Indic→English direc-
tions. WMT26 extends the task to 20 di-
rections across 10 languages. Nyishi is with-
drawn; Karbi, Nagamese, and Tagin are
added, and Manipuri is split into Bengali
and Meitei-Mayek script variants (Huidrom
et al., 2026). It has 24 participating teams
and up to 15 primary submissions per direc-
tion. Its metric suite is BLEU, METEOR,
TER, chrF++, BERTScore, and COMET, re-
placing ROUGE-L/Cosine-Similarity with two
embedding-based metrics. Both editions re-
port only system-level scores, split into pri-
mary and contrastive/constrained submissions
per team. We experiment and report our re-
sults and analyses on the languages mentioned
above.
As a special case, we choose a specific sub-

set from the WMT 2025 test set (Pakray et al.,
2025), specifically the directions of translation
from and into Manipuri to English (mni→en
and en→mni), in order to diagnose errors at
the segment level as well as LLM-as-a-judge
experiments. The only occurrence of the
Manipuri language in the WMT 2025 bench-
mark is in the Bengali writing system. To
study the effects of metric divergence along
with subword segmentation and model archi-
tectures under this low-resource condition, we
use the translation outputs of our competing
submission pipeline, which follows the itera-
tive back-translation and fine-tuning method-
ology (bt+ft+iter)5 using subword regulariza-
tion atop the IndicTrans2 multilingual back-
bone. Using this controlled dataset allows us
to directly test LLM evaluators against surface
and neural metric divergence on a real-world,
highly agglutinative target language.

3.2 Instruments Used
The instruments used in our study can be clas-
sified into three categories:

5bt: back translation, ft: forward translation, iter:
iterative pseudo labelling

• Surface N-gram Metrics: In WMT25,
n-gram metrics include BLEU, ME-
TEOR, ROUGE-L, chrF, and TER,
while WMT26 includes BLEU, METEOR,
TER, and chrF++. These metrics mea-
sure lexical and character-level overlap
with a reference string.

• Neural Embedding Metrics: These
metrics calculate similarity in the em-
bedding space of a pre-trained multilin-
gual encoder. It includes metrics such as
Cosine-Similarity (WMT25), BERTScore
and COMET (WMT26).

• LLM Judges: For our segment-level
diagnostics and error adjudication, we
employ two cutting-edge large language
models as evaluators: claude-opus-5 and
gemini-3.1-flash-lite.

4 Experimental Design

Figure 1: Overview of WMT 2025/2026 results
metric evaluation experiments.

We report five experiments, ordered by the
strength of the claim each can support as pre-
sented in Figure 1. Experiments 1 (§4.1) and
2 (§4.2) establish what the instruments do rel-
ative to one another: whether each can sepa-
rate systems at all (Type I), and how far each
agrees with the consensus of the rest (Types II
and IV). Neither licenses a validity claim, since
instruments may agree and be jointly wrong.
Experiments 3 (§4.3) and 4 (§4.4) supply that
validity anchor without human annotation, by
constructing conditions in which the correct
answer is known in advance, a script change
that should leave scores invariant, and degen-
erate output that should score near zero. Ex-
periment 5 (§4.5) then adjudicates the resid-
ual: for segments where two metrics diverge
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and neither prior construction applies, we ask
a second instrument family which of them is
right.

4.1 Experiment 1: Discriminative
power (Type I over systems)

An instrument with a negligible spread across
systems cannot support a ranking, however
well it correlates with anything else. Experi-
ment 1 therefore precedes all correlation analy-
sis: it asks whether each instrument separates
the objects of measurement at all.

For each language pair we compute CV∗ of
each instrument across systems, together with
the observed range and the effective number
of distinct values, aggregated at the quality-
criterion and study levels. Alongside this
we report the rank-based Type I of §A.2 in
the QRA3 template at the system, quality-
criterion and study level, together with its size-
controlled variant, in which each pair is sub-
sampled to a fixed K systems over B draws
(§A.2, Size Control; §A.3) so that dispersion
is comparable across pairs of unequal size.
For the system-type analysis supporting Nar-
rative (b), CV∗ over instruments is addition-
ally grouped by the taxonomy, quantifying
how far a system type’s standing depends on
which instrument is chosen.

TER is unbounded above, and its cross-
system CV∗ is inflated accordingly; we report
it with that caveat rather than reading it as
discriminative strength.

4.2 Experiment 2: Consensus
centrality (Types II and IV)

Experiment 2 asks which instruments agree
with the consensus of the others, and where
that agreement breaks down.

For each language pair we compute all
pairwise r, ρ and τb between instruments,
Kendall’s W over the full instrument set, and
P over all instrument pairs (§A.1 Measures).
A leave-one-out summary reports, for each in-
strument, its mean τb and mean P against
the remaining instruments. Results are given
at the quality-criterion and study level (Ta-
ble 4), and computed separately for metrics
alone and for metrics together with the judge
scores. We additionally test whether concor-
dance varies with task difficulty, by regressing
quality-criterion-level W on mean BLEU, and

with the number and diversity of entrants.
We report r, ρ and τb jointly rather than se-

lecting one, following the rationale of Belz and
Thomson (2026) that the three afford different
perspectives on the same set of scores. This is
not a formality on these data: we observe lan-
guage pairs in which a single outlier system
sustains a near-perfect Pearson correlation be-
tween two instruments whose rank agreement
is approximately zero from this experiment.

4.3 Experiment 3: Script sensitivity
and coverage tiers

Experiment 3 is the paper’s identification
strategy. It asks whether instrument scores
are driven by translation quality or by whether
the target script falls within the instrument’s
pretraining coverage, and it does so by exploit-
ing a natural experiment embedded in the task
design.
Manipuri is evaluated in two scripts, Ben-

gali and Meitei Mayek, with nine (En→Mni)
and eight (Mni→En) systems submitted per
script. Since only orthography varies across
these paired subsets, a valid metric should
score them equally; deviation signals an instru-
ment artefact, not a quality difference, giving
a validity test that requires no human annota-
tion.
For each paired system we compute the per-

instrument score shift, Meitei Mayek minus
Bengali, with bootstrap intervals on the mean
shift (Table 5), and for each instrument the
Kendall τb between its rankings of the paired
systems under the two scripts. The Manipuri-
to-English direction serves as a control: the
output language is English in both conditions,
so shifts should be markedly smaller there
than in the English-to-Manipuri direction. An
instrument that fails this control is unstable
for reasons beyond target-script coverage, and
we report such failures separately. §4.2 and
§6.1 provide insights into the data used and
the impact of script coverage bias, particularly
for the Manipuri language, including a discus-
sion of any expected or significant discrepan-
cies related to script coverage.

4.4 Experiment 4: Null-output
validity testing

Experiment 4 supplies a second validity anchor
from a second class of cases in which the cor-
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rect answer is known a priori. Where Experi-
ment 3 fixes quality and varies script, Experi-
ment 4 fixes the verdict, the output is worth-
less, and asks what each instrument returns.
More details in Appendices D and E.

We identify degenerate primary submis-
sions, defined as those scoring BLEU ≤ 1.0, a
set that includes empty outputs, wrong-script
outputs and outputs in the wrong language.
For each instrument we report its floor over
this set and the floor-inflation ratio: the in-
strument’s score on the degenerate system di-
vided by its score on the top-ranked system
in the same language pair, with bootstrap in-
tervals (Table 6). The analysis is framed as a
one-sided test against the null that the instru-
ment score is independent of the degenerate-
competent distinction.
An instrument whose floor sits close to its

ceiling cannot support absolute quality claims
even where its rankings remain serviceable.
We report this distinction of rank-preserving
but not scale-meaningful explicitly in this pa-
per.

4.5 Experiment 5: Cross-family
comparison and adjudication

Experiments 3 and 4 establish that certain
instruments behave implausibly under con-
structed conditions. They do not determine
which instrument is correct on an ordinary
segment where two diverge. Experiment 5 ad-
dresses that question on a targeted sample, us-
ing the judge protocol of §4.6.
We compute the Type II and Type IV ap-

paratus across instrument families, as set out
in Table 7. Between the n judges we report
Kendall’s τb and P on each scalar criterion at
segment level; with k = 2, Kendall’s W re-
duces to a function of Spearman’s ρ, which we
report in its place. Cohen’s κ between judges
on the error-type label constitutes the only
Type III (§A.1, Measures) result in the paper.
Type I is computed as CV∗ between judges
on each scalar criterion, per segment and ag-
gregated to criterion and study level, reported
with bootstrap intervals given the noise inher-
ent at n = 2.

4.6 LLM-as-judge protocol
To better understand the divergence between
COMET and n-gram overlap-based metrics

such as BLEU, we conduct a qualitative
analysis using an LLM-as-a-Judge framework.
Specifically, we evaluate individual test exam-
ples to characterize the nature of the trans-
lations produced by our systems. The LLM
is prompted to assess each translation along
three dimensions: adequacy, fluency, and se-
mantic equivalence with respect to the refer-
ence translation. Beyond these evaluation cri-
teria, the judge is also instructed to identify
and categorize errors in the system output
into five predefined classes: lexical variation,
word-order variation, morphological variation,
named-entity variation, and genuine meaning
error. For each identified error, the LLM addi-
tionally provides a confidence score and a tex-
tual rationale explaining the assigned error cat-
egory. This analysis allows us to distinguish
cases where metric discrepancies arise from lin-
guistic variation from those that reflect gen-
uine semantic errors.
We use claude-opus-5 and gemini-3.1-flash-

lite for our experiments. The prompts used for
this experiments can be seen in appendix 21.

5 Results & Analysis

5.1 Experiment 1: Discriminative
Power (CV*)

Table 3 shows a consistent pattern across
both years: surface n-gram metrics (BLEU,
ROUGE-L, METEOR) reach CV* (lower
the better) of 44–74%, while embedding-
based metrics compress this spread sharply.
BERTScore and COMET fall to 6.5% and
17.4% in WMT2026, and Cosine-Similarity to
40.7% in WMT2025.

This gap widens further on the lowest-
resource, script-uncovered pairs (e.g.
English→Kokborok, BLEU CV*=162.46%,
n=2 systems), a pattern Experiment 3 ex-
amines directly by coverage tier. At the
WMT2026 category level, Category 2 systems
get a higher CV* than Category 1 for every
instrument except TER, and BERTScore
stays flat across categories, so its low discrim-
inative power is not category-specific. Several
WMT2025 pairs have only 2–3 systems,
widening their Confidence Interval(CIs), so
study-level numbers are more reliable than in-
dividual QC-level cells. Overall, BLEU-family
metrics separate systems most in both years,
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while BERTScore/COMET’s low CV* raises
the RQ1 concern that neural metrics may lack
the spread needed for fine-grained ranking in
this setting.

5.2 Experiment 2: Consensus
Centrality

Table 4 shows TER as the least central instru-
ment in both years, well behind the rest. In
WMT2026, chrF++ is most central and ev-
ery other instrument, including BLEU and the
neural metrics, is significantly less central af-
ter Holm correction (padj < 0.05).

In WMT2025, Cosine-Similarity ranks high-
est, but with only 2–9 systems per pair (several
pairs at just 2–3), none of the top four instru-
ments differ significantly from one another.
Figure 2 confirms TER correlates weakest

with every other instrument in both years (τb
0.59–0.65 in 2026, 0.63–0.76 in 2025), while
WMT2026’s chrF++/BERTScore/COMET
and WMT2025’s METEOR/chrF/Cosine-
Similarity form tight clusters (τb ≥ 0.85). At
the QC level, agreement drops on the lowest-
resource pairs: WMT2026’s English→Karbi
(W=0.44) and English→Tagin (W=0.54)
are weakest, and two WMT2025 pairs
(Bodo→English, Kokborok→English) have
too few systems for W/P to be computed.
Instrument agreement is high overall (median
τb > 0.8), with TER as the only consistent
outlier across both datasets.

5.3 Experiment 3: Script Sensitivity
and Coverage Tiers

Table 5 shows that the script effect is signif-
icant only for some instruments and flips di-
rection between the two translation directions.
In en→indic, BERTScore and COMET inflate
Meitei-Mayek scores over Bengali (both CIs ex-
clude 0); the lexical metrics show no signifi-
cant shift. In indic→en, this reverses: BLEU,
METEOR, chrF++ and COMET score Meitei-
Mayek significantly lower, and TER signifi-
cantly worse; only BERTScore is not signif-
icant. No instrument is script-biased in the
same direction both ways. Figure 3 shows top-
median inflation rising with coverage tier6,7 for

6Tier defines how well a language/script pair is rep-
resented in the pretraining data of the encoders behind
BERTScore and COMET.

7Tier 1 = well-covered by the multilingual en-
coder’s pretraining; Tier 4 = essentially absent from

TER, METEOR and chrF++ in WMT2026,
while BERTScore stays flat and low (0.9–4.2)
at every tier; COMET is flat through tier 3
(1.5–4.8) then jumps to 11.1 at tier 4. BLEU
peaks at tier 3 (13.1) and falls at tier 4 (9.3).
WMT2025 shows no clean monotonic trend:
BLEU, TER and chrF peak at tier 2 and
fall at tier 4, likely because those tier-4 pairs
have only 2–3 primary systems, capping the
top-median gap; WMT2025 also has no tier-
3 pairs, since its Manipuri is undifferentiated
and assigned to tier 2. METEOR, ROUGE-
L and Cosine-Similarity stay near zero across
all WMT2025 tiers, but this reflects their 0–
1 scale, not genuine flatness. Overall, script
and coverage effects are evident for several in-
struments but depend on direction and year,
rather than following one consistent pattern.

5.4 Experiment 4: Null-Output
Validity

We flag primary submissions with BLEU ≤
1.0 as degenerate and compute each instru-
ment’s floor-inflation ratio: score on the de-
generate system over score on the pair’s top
primary system (inverted for TER), so 0 is
ideal and 1 is worst. WMT26 has 16 degen-
erate systems across 11/20 pairs; WMT25 has
5 across 4/14 pairs. BLEU and METEOR stay
near the floor in both years (ratios ≤0.11, Ta-
ble 6), confirming surface-overlap metrics are
validity-safe on null output. The worst of-
fender differs by year and is not a fixed metric-
family property: WMT26’s embedding-based
metrics fail most, with BERTScore (0.81) and
COMET (0.61) unable to separate degenerate
from top-system output, concentrated on Tier
3–4 pairs such as Manipuri (Meitei-Mayek)
and Tagin (Figure 4, also see §4.4 for more de-
tails), a coverage-driven failure; WMT25 has
no embedding metric, and instead TER fails
worst (0.42), driven almost entirely by a sin-
gle short-reference case, English→Kokborok
(0.99). Since the two years share no com-
mon failing instrument, null-output inflation
is instrument- and dataset-specific, and Nar-
rative (a)’s tier-conditional recommendation
should weight per-pair ratios over the study-
level mean.

it, with Tiers 2–3 as intermediate degrees of under-
representation.
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Figure 2: Instrument–instrument τb heatmap, metrics scope. Left: WMT2026. Right: WMT2025.

Figure 3: Top-minus-median inflation by coverage tier, all instruments overlaid. Left: WMT2026. Right:
WMT2025.

Figure 4: WMT26: floor-inflation ratio by lan-
guage pair × instrument; blank cells indicate no
degenerate submission for that pair.

5.5 Experiment 5: Metrics-vs-Metrics
Concordance

We report internal concordance of the
automatic-metric family only (Table 7: all
pairwise instrument-instrument Kendall’s τ -
b, system level, aggregated across all lan-
guage pairs; WMT26: 6 metrics, 15 instru-
ment pairs, over 20 language pairs; WMT25:
6 metrics, 15 instrument pairs, over 14 lan-
guage pairs). While figure 2 established which
metrics form a general consensus, figure 5
analyses these pairwise correlations to demon-
strate that a metric’s underlying computa-
tional family does not dictate its alignment
with others. In both years, metric concor-
dance is generally high (τ -b mostly >0.75)
but not uniform: TER is the least concor-
dant instrument with every other metric in
both releases (WMT26: τ -b 0.59–0.65, Fig-
ure 5a; WMT25: 0.63–0.76, Figure 5b),
consistent with it being an edit-distance
rather than n-gram-overlap or embedding-
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(a) WMT26 (b) WMT25

Figure 5: instrument-instrument Kendall’s τ -b concordance (metrics vs. metrics), system level.

based measure. The highest concordance
in WMT26 reaches 0.87, tied between
chrF++/BERTScore and chrF++/METEOR;
in WMT25 it is METEOR/chrF (0.99), with
Cosine-Similarity and the n-gram metrics
(BLEU, METEOR, ROUGE-L, chrF) also mu-
tually near 0.90–0.97. WMT26’s embedding
metrics (BERTScore, COMET) do not stand
apart from the surface metrics here, both
correlate with BLEU/METEOR/chrF++ at
0.77–0.87, comparable to the surface metrics’
concordance with each other, so at the ranking-
agreement level (unlike the floor-inflation re-
sults in §5.4) metric family does not predict
internal disagreement; only TER consistently
does.

5.6 LLM-as-a-Judge
We extract the 100 most divergent examples
of BLEU v/s COMET and analyse them. We
understand the following.

Root of Metric Divergence From Figure
6a, we observe that Lexical Variations, Word-
Order Variations and Morphological Varia-
tions constitute the highest number of cases
in our error categorizations. Naturally, these
constitute the most to the divergence seen in
the BLEU and COMET scores.

Judge Agreement and Metric Analysis
In Figure 6b, we see Claude having more in-
stances of categorizing into various error types,
against Gemini, which often tries to club er-
ror types together. Meaning errors receive
low BLEU scores. The judges agree on sur-

face variation, and most such points lie above
the diagonal in Figure 6c. Surface variation
errors also hurt COMET and BLEU scores,
and hence judges agree on them as well, with
such points lying closer to the origin in gen-
eral. Interestingly, we observe a larger spread
of points, particularly in the upper half, for
En→Mni in Figure 6c than for Mni→En. This
suggests that for Manipuri translations, mod-
els struggle to match the references; however,
they make up for it in the semantic space with
high COMET scores.

6 Discussion
Our meta-evaluation shows that automatic
metrics’ assumptions diverge from their actual
performance on low-resource Indic languages,
making single-metric system ranking unreli-
able for non-pretrained scripts.

6.1 Impact of Script Coverage
The findings of Experiment 1 and Experiment
3 clearly indicate that script coverage plays
a critical role in determining the consistency
of neural metrics. Metrics such as BERTScore
and COMET, which are based on embeddings,
suffer from score compression, making it diffi-
cult to distinguish between systems for low-
resource language pairs. Neural metrics show
inflated scores when evaluating texts written
in uncovered scripts such as Meitei-Mayek
(Manipuri) and Tier 4 Latin scripts. Addition-
ally, it should be noted that the language
script was observed by automatic measures
that employ language models (such COMET,
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(b) Confusion matrix showing agreement and disagree-
ment between Claude and Gemini judges on error clas-
sification verdicts.
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(c) COMET and BLEU scores stratified by joint judge
verdict, illustrating the relationship between automatic
metrics and judge-assigned error categories.

Figure 6: Error analysis across three dimensions:
error category distribution, inter-judge agreement
patterns, and metric-verdict alignment.

etc.). For instance, the Meitei Mayek script
of Manipuri would not have been exposed
because it is a standalone script, subjecting
it to script coverage bias, whereas the Ben-
gali script used in Manipuri would have been
seen due to exposure to Bengali/Assamese lan-
guage, even though Manipuri language may or
may not have been seen by the language model
itself. This is our theory, and we hope to in-
vestigate it more in the future.

6.2 Metric Validity on Null Output
Agreement of the instrument does not
mean that the instrument is valid. Exper-
iment 4 highlights an important weakness
of embedding-based scores, which overrate
the degenerate or nearly worthless systems.
BERTScore and COMET were unable to dis-
tinguish top systems from degenerate systems
in Tier 3-Tier 4 pairs. In contrast, overlap
scores such as BLEU and METEOR rated the

degenerate systems nearly at the floor level,
showing their higher validity when assessing
null systems.

6.3 Metric Divergence with LLM
Judges

Despite the resilience of surface statistics to
NULL results, their problem lies in the lack
of flexibility. Through our qualitative analysis
of LLMs-as-judges, we have pinpointed the un-
derlying causes of the prevalent mismatch be-
tween BLEU and COMET. High COMET and
low BLEU scores for particular segments are
mostly influenced by lexical variations, word-
order variations, and morphological variations.
All these variations ensure semantic accuracy;
however, they heavily penalise BLEU, which
focuses on a perfect match. Utilising LLMs
as judges (Claude, in particular, since it ap-
peared to have better classification than Gem-
ini) helps us determine the difference between
legitimate variations and translation errors.

7 Conclusion & Future Work
We apply the QRA apparatus to two editions
of WMT Low-Resource Indic MT task, treat-
ing six metrics and two LLM judges as measur-
ing systems rather than candidates for corre-
lation with a human gold standard that does
not exist for languages. Three findings hold.
First, script coverage govern neural metrics
behaviour, that is, moving from Manipuri Ben-
gali script to Meitei Mayek shifts BERTScore
and COMET score by 20 points, with language
and context fixed and no metric preserves sys-
tem ranking across the change, though the ef-
fect reverses in the opposite direction. Sec-
ond, embedding metrics compress, whereas
BERTScore separates systems least and re-
tains 0.81 of the top system’s score on degener-
ate output, whereas BLEU and METEOR sit
near the floor. Third, QRA’s Type I measure
does not transfer across instruments; the rank-
based alternative we propose answers a related
question at the cost of magnitude information.

Limitations

We report no correlation with human judge-
ment, because none exists at scale for these
languages. Our validity claims instead rest on
conditions where the correct answer is known a
priori, invariance under a change of script, and
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near-zero scores for degenerate output, which
show that certain instruments behave implau-
sibly, but do not rank the instruments by fi-
delity to human preference. LLM-as-a-judge
helps qualitatively identify whether metric dis-
crepancies stem from word choice, morphol-
ogy, or word order. They also provide natural-
language explanations that make these differ-
ences easy to interpret. Finally, the released
table gives system-level scores only, so our unit
of analysis is the published ranking rather than
the individual translation.

Ethics Statement
We identify submissions with anomalous score
patterns and report them as observations
about metric behaviour, not participant con-
duct, making no claim about intent; affected
teams are anonymised, and we notified the
task organisers before submission. The lan-
guages studied are low-resource technically
and minoritised socially, and our central find-
ing, that neural metrics inflate scores for text
in scripts outside their pretraining coverage,
means published leaderboards may overstate
the state of the art for precisely the languages
least able to detect the error. We frame
our recommendations toward more conserva-
tive reporting rather than toward discourag-
ing work on these pairs, and caution against
adopting LLM judges as an evaluation stan-
dard for languages whose coverage in the judge
model is undocumented. We use only publicly
released data in accordance with its terms, and
release our digitised table, code, prompts and
raw judge outputs for verification. No human
subjects were involved.
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A Method
A.1 QRA as a measurement apparatus
Meta-evaluation of MT metrics is convention-
ally posed as correlation with human judg-
ment. That formulation presupposes a gold
standard, and for the languages in this task,
none exists at scale. We therefore adopt a
measurement-theoretic apparatus in its place.
The Quantified Reproducibility Assessment
(QRA) framework (Belz et al., 2022; Belz,
2022), in the form given by Belz and Thom-
son (2026), takes its definitions from metrol-
ogy rather than from NLP practice and, in
doing so supplies something the correlation
paradigm does not: a taxonomy of result types,
each with a matching continuous-valued mea-
sure, reported at three fixed levels of granu-
larity. It is this apparatus, rather than the
reproducibility application for which it was de-
signed, that we employ.

Grounding. QRA rests on the Interna-
tional Vocabulary of Metrology (Joint Com-
mittee for Guides in Metrology, 2012), under
which reproducibility is the precision of a set
of measured quantity values obtained under
reproducibility conditions, and §2.24 of the
VIM lists different measuring systems among
those conditions. This is the clause on which
our adaptation turns. We hold the measurand
fixed, translation quality, and hold the objects
fixed, the submitted systems, or in the adju-
dication study the individual segments, while

varying the measuring system across the six
automatic metrics and, in Experiment 5, the
two judge models. What QRA then quantifies
is the precision of a set of measurements taken
by different instruments of the same quantity,
which is a well-formed metrological question
and a different one from the reproducibility
question the framework was built to answer.
We state the substitution explicitly here be-
cause it governs what the results in §5 can and
cannot support: QRA measures the agreement
of instruments, and agreement is not correct-
ness. Experiments 3 to 5 supply the validity
claims separately.

Result types. QRA distinguishes four
types of evaluation results. Type I results are
single numerical scores, such as a BLEU score
or a mean quality rating. Type II results
are sets of comparable numerical scores, such
as the scores of all systems on one language
pair. Type III results are categorical labels
attached to text spans, such as marked-up
translation errors. Type IV results are find-
ings about differences between systems, such
as the claim that one system outranks an-
other. The distinction matters because rela-
tive claims can be stable where absolute ones
are not, and because the four types require dif-
ferent measures.

Measures. For Type I results, QRA uses
the bias-corrected coefficient of variation
(CV∗), chosen because it is scale-free and there-
fore comparable across studies. Given mea-
sured values v1, . . . , vn with sample mean m
and unbiased standard deviation s∗,

CV∗ = 100 · s∗

|m|
, s∗ = cns, (1)

where the correction factor cn of Holtzman
(1950) removes the bias remaining in s after
Bessel’s correction,

cn =

√
n− 1

2

Γ
(
n−1
2

)
Γ
(
n
2

) . (2)

Where normality is doubtful, Belz and Thom-
son (2026) provide the non-parametric alter-
native c∗n of Giles (2022),

c∗n =
8n(n− 1)

8n(n− 1)− (n− 1)(κ− 3)− 2n
, (3)
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with κ the sample kurtosis coefficient.
For Type II results QRA uses Pearson’s r,

Spearman’s ρ and Kendall’s τ , generalising
to Kendall’s W where more than two sets of
scores are compared. We report all three of
r, ρ and τb rather than selecting one, follow-
ing the framework’s rationale that each affords
a different perspective on the same scores.
Type II measures do not apply at the system
level, where only a single score exists, nor at
the study level, where score sets lie on incom-
mensurable scales.
For Type III results, QRA uses Cohen’s κ

for two label sets and Krippendorff’s α for
more, treating all labels from one measure-
ment as issuing from a single rater. Automatic
metrics emit no span-level labels, so Type III
is reported as n/a for the metric analysis, a
situation shared by all three worked examples
in Belz and Thomson (2026), and is computed
only over the judge error categories in Experi-
ment 5.
For Type IV results QRA defines P , the

proportion of identical pairwise system ranks
across all pairs of measurements,

P =
1

|E||S|
∑

(Ei,Ej)∈E

∑
(Sm,Sn)∈S

⊮
[
σmn
ij

]
, (4)

where σmn
ij denotes the condi-

tion sgn(MEi(Sm)−MEi(Sn)) =
sgn

(
MEj (Sm)−MEj (Sn)

)
, E is the set

of distinct measurement pairs, S the set of
distinct system pairs, and ME(S) the value
returned by measurement E for system S.
P is the measure that speaks most directly
to shared-task practice, because it asks how
often two instruments would produce the
same published finding.

Levels. Every measure is reported at three
levels: the system level, comparing values ob-
tained for one system by different instruments;
the quality criterion level, which in our instan-
tiation is the language pair; and the study level,
aggregating across pairs. Types II and IV do
not apply at the system level, and Type II does
not apply at the study level. We follow the
QRA3 reporting template so that our tables
are directly comparable with the assessments
reported elsewhere.

Instantiation. Objects are the submitted
systems; the measurand is translation qual-

ity; measuring systems are BLEU, METEOR,
TER, chrF++, BERTScore and COMET,
joined in Experiment 5 by two judge models;
quality criteria are language pairs. As QRA
requires, all scales are oriented so that higher
is better and shifted to start at zero: TER is
re-expressed as 100−TER, and we note where
its unboundedness above leaves the resulting
scale only nominally bounded below.

A.2 Adapting Type I to
cross-instrument comparison

Types II and IV transfer to cross-instrument
use without modification, being defined over
rankings and over sets of comparable scores,
both of which are well formed when the mea-
surements come from different instruments.
Type I does not, and characterising the fail-
ure is a contribution of this paper.

The failure. CV∗ is a ratio of dispersion
to central tendency, and is therefore inter-
pretable only when the values entering it lie
on a common scale with a common zero. This
holds by construction in the reproducibility
setting, where the same instrument is applied
repeatedly. It does not hold across instru-
ments. On our data BERTScore occupies an
interquartile range of [81.9, 94.5] while BLEU
occupies [7.4, 22.4], so the dispersion of a sin-
gle system’s six scores is dominated by the off-
sets between instrument scales rather than by
any disagreement about that system’s quality.
The resulting study-level CV∗ of 100.4 sits far
outside the framework’s poor band for metrics
(CV∗ > 5), but the number reflects only the
fact that the instruments are differently cali-
brated.
The obvious remedy fails for a second and

less obvious reason. Min–max normalisation
of each instrument within a language pair
maps the lowest-ranked system to zero on ev-
ery instrument on which it is last. Because
instruments largely agree at the bottom of the
table, the same system is frequently last under
most or all of them: across the 148 primary
submissions in pairs with n ≥ 5, 13 systems
score zero on at least five of the six instru-
ments, and five score zero on all six. For those
five the normalised mean is exactly zero, so the
denominator of Eq. 1 vanishes and CV∗ is un-
defined rather than merely large; for systems
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last on five of six it reaches 257.4. Nineteen
systems exceed CV∗ = 100 against a median
of 14.1, so the aggregate is governed by a tail
of floor effects rather than by any property of
the instruments. Any normalisation that an-
chors the empirical floor at zero inherits the
pathology.

A rank-based Type I. The measure re-
tains the interpretation Type I is meant to
carry: it asks how much the instruments dis-
agree about where a given system stands. Let
I be the instrument set with |I| = k, let Sq

be the systems submitted to language pair q
with |Sq| = nq, and let ri(s) denote the rank of
system s under instrument i, computed with
ties averaged and 1 denoting the best system.
The system-level measure is

CV∗
rank(s) = 100 ·

ck · sd
(
{ri(s)}i∈I

)
mean

(
{ri(s)}i∈I

) , (5)

aggregated to the quality-criterion level as the
mean over s ∈ Sq and to study the level as
the mean over pairs, following the framework’s
own aggregation convention for Type I.
Ranks share a scale across instruments by

construction, which is the property of the shift-
to-zero requirement exists to secure, and the
mean rank is bounded below by 1, so the de-
nominator cannot collapse. The measure re-
tains the interpretation Type I is meant to
carry: it asks how much the instruments dis-
agree about where a given system stands.

Remark on scale invariance. CV∗ is in-
variant to multiplication of its argument by a
positive constant. Rescaling ranks to quantile
positions ri(s)/(nq+1), which one might adopt
to make values comparable across pairs of un-
equal size, therefore leaves Eq. 5 unchanged.
Comparability across pairs cannot be recov-
ered by normalisation and must be obtained
by design.

Size control. Rank dispersion is bounded
by the number of systems, so CV∗

rank is not di-
rectly comparable between a pair with fifteen
submissions and one with five. We therefore
report, in addition to the uncontrolled mea-
sure, a size-controlled variant in which each
language pair is subsampled without replace-
ment to a fixed K systems, ranks are recom-
puted within the subsample, and the measure

is averaged over B draws. Comparing the
two versions is itself informative: where the
controlled and uncontrolled orderings coincide,
the association between instrument disagree-
ment and entrant count is substantive rather
than an artefact of the measure’s bounds. We
report both, together with the correlation be-
tween quality-criterion-level CV∗

rank and nq.

A.3 Statistical inference protocol
QRA specifies measures, but not inference,
and the measures are point estimates com-
puted on small samples. We therefore fix the
following protocol in advance and apply it uni-
formly across Experiments 1 to 5.

Interval estimation. All reported values of
CV∗, r, ρ, τb, W and P carry bias-corrected
and accelerated bootstrap intervals with B =
1000 resamples. Resampling is over systems
for system-level analyses and over segments
where segment-level data exists. Where an ex-
periment compares instruments, resampling is
paired: the same resampled units are used for
every instrument, so that intervals reflect un-
certainty about the population rather than in-
dependent noise in each estimate.

Comparing dependent correlations.
Several of our questions take the form: does
instrument X agree with a given reference
judgment significantly better than instrument
Y ? The two correlations share a variable and
are therefore dependent, and comparing them
by inspecting overlapping intervals is invalid.
We use the Williams test for the difference
between dependent correlations sharing one
variable (Williams, 1959).

Comparing P values. Differences in P
between instrument pairs are assessed by a
paired permutation test over system pairs
with 10,000 permutations, since the underly-
ing units, pairwise rank agreements, are not
independent across instruments.

Ties. Eq. 4 scores a pair as agreeing when
both measurements return sgn = 0, so instru-
ments that produce many ties accrue agree-
ment by construction. This is immaterial
among the automatic metrics, which almost
never tie at four significant figures, but it is
material for the judge scores, which are elicited
on five-point scales. Left unaddressed it would
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make the coarser instrument appear the more
concordant. We therefore adopt the following
rule and apply it throughout: a tie under both
measurements counts as agreement, a tie un-
der one and a difference under the other counts
as disagreement. We use τb rather than τa for
the same reason, and report the tie rate along-
side every P so that readers can assess the
extent to which a given value is tie-driven.

Multiple comparisons. Each experiment
generates a family of tests: one per instrument
pair, or one per language pair. We apply the
Holm–Bonferroni correction within each fam-
ily and report both raw and adjusted p-values.

Statistical power. With three to fifteen
systems per language pair, system-level corre-
lation estimates are underpowered and their
intervals are correspondingly wide. We re-
port intervals throughout and do not interpret
differences between instruments whose inter-
vals overlap, including where a point estimate
would suggest an ordering. Language pairs
with fewer than five primary submissions are
reported individually and excluded from ag-
gregates. Where segment-level data is avail-
able, in Experiment 5, it carries the inferential
weight; elsewhere our claims rest on the consis-
tency of an effect across many language pairs
rather than on its significance within any one.

Preregistration of analysis choices.
Coverage-tier assignments (§4.3), the
divergence-sampling rule and random
seed (§4.6), the degeneracy threshold of
BLEU ≤ 1.0 (§4.4), and the values of K
and B in the size-controlled Type I are fixed
before analysis and released with our code and
digitised data, so that none can be adjusted
to the observed effect.

B Linguistic background for
languages

The languages in the shared task are highly di-
verse in terms of typology, morphology, and or-
thography among Northeast Indian languages.
These languages belong to three different lan-
guage families, which posed challenges due to
differences in their structural properties.

1. Tibeto-Burman family: The lan-
guages from these family are Manipuri,

Bodo, Mizo, Kokborok, Karbi, and
Tagin. These languages have inflectional
and derivational morphology where the
case, tense, aspect, and modality are
marked through a large number of suf-
fixes. Mostly, the syntax follows the
Subject-Object-Verb order.

2. Indo-Aryan family: Languages from
this family include Assamese and
Nagamese (creole). While Assamese is
one of the complex Indo-Aryan languages
with inflectional morphology, Nagamese
is an Indo-Aryan-based creole and lin-
gua franca of Nagaland, known for its
contact-induced simplification.

3. Austro-Asiatic family: Language from
this family is Khasi, which, unlike the
neighbouring SOV Tibeto-Burman lan-
guages, has SVO typology and analytic
morphosyntax with prepositional case
marking.

C LLM-as-a-Judge Qualitative
Examples

As an example of how segment-wise diagno-
sis is possible using our proposed model of
LLM as a Judge, we include below some qual-
itative examples chosen from 100 cases that
had very high COMET scores but relatively
low BLEU scores. Here, the evaluators’ task
was to classify each divergence into one of
the five predefined categories: Lexical Vari-
ation, Word Order Variation, Morphological
Variation, Named Entity Variation, or Gen-
uine Meaning Error.
Table 1 and Table 2 detail these classifi-

cations for the English-to-Manipuri (Bengali
script) and Manipuri-to-English translation di-
rections, respectively.

D Additional Results (WMT2026)

Figures below use the WMT2026 results (20
language pairs, 6 metrics: BLEU, METEOR,
TER, chrF++, BERTScore, COMET; pri-
mary submissions only).
Figures below use the WMT2026 results

(20 language pairs, 6 metrics: BLEU, ME-
TEOR, TER, chrF++, BERTScore, COMET;
primary submissions only).
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Table 1: Examples of Manipuri (mni)→English (en) translations taken from WMT 2025. Error types
and explanations were generated by an LLM and verified by a human.

Source (mni) Reference (en) Translation (en) Error type Explanation

লমেকায়বিসংনা হায়Ýবাদিক
েচৗমহলা েপেলসতা েখাংনা
চিত্ল অমসুং িনজামিগ মতমিগ
ইǬলেজů অমসুং পুবাির অদু
উবা ফংই।

Tourists stroll through
Hyderabad’s
Chowmahalla Palace
witnessing Nizam-era
elegance and history.

Tourists walk through
the Chowmahalla
Palace in Hyderabad
and witness the
elegance and grandeur
of the Nizam era.

Lexical
Variation

The MT uses ‘walk’ instead of
‘stroll’ and ‘grandeur’ instead of
‘history’ to translate the source
terms, which are acceptable
lexical variations that maintain
the original meaning.

চিহ কয়ািগ মতɊংদা িময়াƉা
পাƉবা িসতকম্ অিস অেনৗবা
িসজনিগদমক্ হƝেĤ।

Popular sitcom
returns for new season
after several years’
hiatus.

After many years, the
popular sitcom is back
for a new season.

Word Order
Variation

The MT and reference convey
the same meaning, but the MT
uses a different word order by
placing the temporal phrase at
the beginning of the sentence.

গ‍ুেকসিক মপা রজিনকাťনা
ভারতিক েসিনয়র েÍūমাƳর
অমদা েËিদৎ িপিখ।

Gukesh’s father
Rajnikanth gave credit
to a senior Indian
Grandmaster

Gukesh’s father
Rajnikant gives credit
to one of India’s senior
grandmasters.

Morphological
Variation

The MT renders the past-tense
িপিখ (‘gave’) as present ‘gives’, a
tense/inflection mismatch; other
differences (Rajnikant spelling,
‘one of India’s senior
grandmasters’) are trivial
surface variants preserving
meaning.

âয়ান্ েজানসŭা মহািĜ àমান্
ৈলরবা Ûােভল্ িরেকাভির
িÛকিসং েসয়র েতৗির।

Bryan Johnson Shares
His Proven Travel
Recovery Tricks

Brian Johnson shares
his proven travel
recovery tricks.

Named Entity
Variation

The only substantive difference
is the transliteration of the first
name: reference ‘Bryan’ vs MT
‘Brian’; the rest differs only in
sentence-case and final period.

িদিপকা পাদেুকাŭা নহা
ওইিরবা িমওইিসংদা মেতং
পাংনবা েমেťল্ েহল্থ
ইিনিসেয়িতব েহৗেদাকেÌ।

Deepika Padukone
launches mental
health initiative to
support young
individuals.

Deepika Padukone has
launched the Mental
Health Initiative to
help young women.

Genuine
Meaning

The source িমওইিসং means
‘people/individuals’ generally,
but the MT narrows it to
‘young women’, introducing a
gender that is not in the source;
the rest matches the reference.

D.1 Experiment 1: Discriminative
Power (CV*)

Figure 7: Study-level CV* per instrument across
all WMT2026 pairs (95% CI). Higher = more dis-
criminative.

In the fig 7 surface metrics (BLEU, ME-
TEOR) show the highest CV*; neural metrics
(COMET, BERTScore) the lowest, so they dis-
criminate between systems less. This ordering
holds across both submission categories.

Figure 8: CV* by submission category (Category 1
vs. Category 2), per instrument.

D.2 Experiment 2: Consensus
Centrality

In fig 9, 10, and table 4 metric agreement
is high (W > 0.8) for most pairs but drops
for Karbi, Tagin, and Kokborok. chrF++ and
BERTScore are the most central metrics; TER
agrees least with the rest.
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Table 2: Examples of English (en)→Manipuri (mni) translations taken from WMT 2025. Error types
and explanations were generated by an LLM and verified by a human.

Source (en) Reference (mni) Translation (mni) Error type Explanation

Tourists visit Ajmer’s
Dargah seeking
blessings at
Rajasthan’s famous
Sufi pilgrimage site.

লমেকায়বিসংনা রাজƵানিগ
মিমং ৈলরবা সুǬফ িতরথ
মফম্ অিসদা েথৗজাল্
েলৗদনুা অজেমরিগ
দারগাহদা চিত্ল।

লমেকায়বিশংনা রাজƵানগী
মিমং চৎলবা সুǬফ লাই
খুর‍ুƋমদা েথৗজাল
ফংনবগীদমক অজেমরগী
দগর্াদা লাকই।

Lexical
Variation

The MT conveys the same
proposition, differing only in
word choice: ‘মিমং চৎলবা’ vs ‘মিমং
ৈলরবা’ for famous, ‘লাই খুর‍ুƋম’ vs
‘িতরথ মফম’ for pilgrimage site,
and ‘লাকই’ (come) vs ‘চিত্ল’ (go),
plus a spelling variant of
Dargah.

Lok Sabha
telecommunication
policies debates to
address 5G rollout
challenges.

েলাক্ সভা েতǬলকমুয্িনেকসন্
েপাǬলিসিসংিগ মতাংদা ৫Ǭজ
েরাল্ আউৎ েচেলন্জিসং
েকাকহŭবা িদেবৎ েতৗির।

5Ǭজ েরালআউট েচেলঞ্জিশং
েথংননবা েলাক সভা
েতǬলকƍুয্িনেকসন
েপাǬলসীিশংগী িদেবতিশং

Word Order
Variation

The MT uses a different word
order by placing the purpose
clause at the beginning and uses
a noun phrase structure instead
of a full sentence, but the
meaning remains identical.

Chelsea’s 11 against
Newcastle was the
youngest in the league.

েচলিসনা নুয্কয্াসলগা
েথংনিখবা ১১ অদু Ǭলগ
অিসিগ öাইদিগ েনৗবা ওইিখ।

নুয্েকসলগী মােয়াğা
েচǯল্সয়াগী 11 অিস Ǭলগ
অিসদা öাইদগী নহা
ওইিরবিন।

Morphological
Variation

Same proposition; the clearest
difference is the verb inflection
(reference past ওইিখ vs MT
present/continuative ওইিরবিন),
plus minor variants in the
transliteration of
Chelsea/Newcastle, the numeral
script (১১ vs 11), and েনৗবা vs
নহা for ‘young’. Competing label
would be lexical_variation given
those word-choice/spelling
differences.

Pilgrims meditate at
Bodh Gaya’s temple
discovering peace
under Buddha’s sacred
tree.

িতরথ চৎপিসংনা বুŞিগ
েসংলবা উিগ মখাদা সাǬť
িথদনুা েবাধ গয়ািগ মǭūরদা
ধয্ান্ েতৗই।

তীথর্যাÛীিশংনা বুŞ গয়াগী
লাইশংদা ধয্ান েতৗদনুা বুŞগী
েশংলবা উগী মখাদা শাǬť
ফংবা ঙেƎ।

Named Entity
Variation

The MT renders “Bodh Gaya”
as “বুŞ গয়” instead of the
reference’s “েবাধ গয়”, a
transliteration variant of the
same place; other differences
(তীথর্যাÛীিশং vs িতরথ চৎপিসং, “শাǬť
ফংবা ঙেƎ” for “discovering
peace”) are acceptable
lexical/aspectual variation.

Wildlife Sanctuaries in
Karnataka: are the
greatest Haven for
Nature Lovers

করনাতকাদা ৈলবা
বাইƘলাইফ েসেűলিসং:
মেহৗসাবু নুংিসজবিসংিগ
öাইদিগ চাউবা েহভনিন।

কনর্াতকাগী ৱাইƖলাইফ
েসİচɊয়ািরিশং: মেহৗশাগী
ফজবিশংগী öাইদগী চাওবা
মফম ওইির

Genuine
Meaning

The MT renders “nature lovers”
as “মেহৗশাগী ফজবিশং” (nature’s
beautiful things/beauties)
instead of people who love
nature (reference: নুংিসজবিসং),
so the beneficiary of the ‘haven’
is misrepresented; ‘haven’ is also
flattened to the generic ‘মফম’
(place).

Figure 9: Kendall’s W and mean pairwise agree-
ment P per language pair (metrics only).

Figure 10: Leave-one-out centrality: mean Tau-b
and P of each instrument against all others.

Figure 11: Tier × instrument heatmap.
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Figure 12: Paired Meitei-Mayek minus Bengali
score shift, per instrument and direction (95% CI).

Figure 13: Tier × instrument heatmap.

Figure 14: Mean floor-inflation ratio per instru-
ment (0 = ideal, 1 = worst), 95% CI.

Table 3: Study-level CV* (%) and mean observed
range by instrument, WMT2025/WMT2026 (boot-
strap 95% BCa CI, B=1000).

WMT2026 WMT2025
Instr. CV* Range Instr. CV* Range

BLEU 63.3 18.7 BLEU 73.9 9.4
METEOR 44.6 34.6 ROUGE-L 63.4 0.2
chrF++ 33.8 30.8 METEOR 63.1 0.3
TER 29.1 68.5 Cos Sim. 40.7 0.4
COMET 17.4 25.5 chrF 38.1 24.2
BERTScore 6.5 14.1 TER 36.0 117.6

Table 4: Leave-one-out centrality (metrics scope):
mean τb and P vs. all other instruments, study
level.

WMT2026 WMT2025
Instr. τb P Instr. τb P

chrF++ 0.811 0.905 Cos Sim. 0.892 0.946
BERTScore 0.790 0.894 chrF 0.886 0.942
BLEU 0.775 0.887 METEOR 0.883 0.941
COMET 0.773 0.886 BLEU 0.875 0.937
METEOR 0.772 0.885 ROUGE-L 0.786 0.890
TER 0.617 0.808 TER 0.704 0.851

D.3 Experiment 3: Script Sensitivity
& Coverage-Tier Inflation

In the table 5 BERTScore and COMET in-
flate Meitei-Mayek scores on English→Indic,
but the effect disappears on Indic→English.
In the fig 12, 11, and 13 Surface met-
rics inflate steadily from Tier 1 to Tier 4;
BERTScore/COMET stay comparatively flat.

D.4 Experiment 4: Null-Output
Validity

As shown in Table 6 and Figure 14, BLEU
and METEOR are near the ideal floor.
BERTScore is the most concerning (ra-
tio≈ 0.81): degenerate output still scores close
to the best system.

D.5 Experiment:Metrics-vs-Metrics

Table 7 summarises the Kendall’s τ -b concor-
dance between metric pairs for WMT25 and
WMT26.

E Additional Results (WMT2025)

In all the experiments on WMT 2025, we use
the WMT2025 results (14 language pairs, 6
metrics: BLEU, ROUGE-L, METEOR, chrF,
TER, Cosine-Similarity; primary submissions
only; no BERTScore/COMET, and no dual-
script Manipuri split this year).



307

Table 5: WMT2026 paired script shift (Meitei-
Mayek − Bengali), mean [95% bootstrap CI]. Bold
= CI excludes 0. No WMT2025 row exists: that
year has no dual-script Manipuri split.

Instrument en→indic shift indic→en shift

BLEU −1.5 [−5.4, 1.9] −9.5 [−23.3, −1.1]
METEOR +3.6 [−6.2, 10.6] −16.8 [−40.0, −1.7]
TER +8.5 [−3.2, 18.7] +21.1 [0.9, 53.7]
chrF++ +3.0 [−8.9, 14.7] −13.3 [−31.8, −1.3]
BERTScore +21.6 [11.9, 49.0] −2.9 [−7.4, 0.0]
COMET +23.3 [17.8, 35.4] −12.8 [−27.5, −3.4]

Instrument WMT26 WMT25
BLEU 0.007 0.029
METEOR 0.107 0.029
ROUGE-L – 0.034
Cos Sim. – 0.063 (n=1)
chrF++/chrF 0.241 0.180
TER 0.504 0.424
COMET 0.614 –
BERTScore 0.809 –

Table 6: Mean floor-inflation ratio per instrument
(0=ideal, 1=worst). n = number of degenerate sys-
tems the ratio is averaged over; Cosine-Similarity
(WMT25) has only n=1, so no CI could be com-
puted (bootstrap requires n ≥ 3). chrF++ (2026)
and chrF (2025) use different pipelines and are not
directly equated.

E.1 Experiment 1: Discriminative
Power (CV*)

Figure 15 BLEU, ROUGE-L, and METEOR
show the highest CV*; chrF, TER, and Cosine-
Similarity are lower and close to each other.
Confidence Intervals (CIs) are wide given the
smaller (14-pair) sample.

E.2 Experiment 2: Consensus
Centrality

In the figure 16 and 17, Metric agreement is
very high across nearly all WMT2025 pairs
(W ≥ 0.8, with several at W = 1.0);
Bodo→English has no metrics-only row since
Cosine-Similarity is the only second metric
available there. Cosine-Similarity and chrF
are the most central instruments; TER agrees
least with the rest.

E.3 Experiment 3: Coverage-Tier
Inflation

As shown in the figure 18 and 19, TER domi-
nates both inflation and range by a wide mar-
gin at every tier (range peaks at Tier 2, ≈286);
BLEU and chrF inflate moderately; ROUGE-

Figure 15: Study-level CV* per instrument across
all WMT2025 pairs (95% CI). Higher = more dis-
criminative.

Figure 16: Kendall’s W and mean pairwise agree-
ment P per language pair (metrics only).

Figure 17: Leave-one-out centrality: mean Tau-b
and P of each instrument against all others.

Figure 18: Inflation values from as a tier × instru-
ment heatmap.
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WMT26 WMT25

τ -b range 0.59–0.87 0.63–0.99
Lowest pair METEOR–TER ROUGE-L–TER

(0.59) (0.63)
Highest pair chrF++–BERTScore METEOR–chrF

(0.87) (0.99)

Table 7: Metrics-vs-metrics Kendall’s τ -b concor-
dance summary, system level, all pairs.

Figure 19: Raw score range (max−min) by cover-
age tier, per instrument.

L, METEOR, and Cosine-Similarity stay near
zero throughout. No paired-script-shift figure
is included here: WMT2025’s Manipuri sub-
missions are not split by script, so that com-
parison is unavailable for this year.

E.4 Experiment 4: Null-Output
Validity

In this figure 20, BLEU, METEOR, and
ROUGE-L sit near the ideal floor. TER is
the most concerning (ratio ≈ 0.42, and 0.99 for
English→Kokborok alone): degenerate output
can score almost as high as the pair’s best sys-
tem.

Figure 20: Mean floor-inflation ratio per instru-
ment (0 = ideal, 1 = worst), 95% CI.

F Prompts
We use the following prompts for our LLM-as-
a-Judge protocol to evaluate the translations.
Figure 21 refers to the system prompt pro-
vided to the judge model. Here it is asked
to generate adequacy, fluency and semantic
equivalence scores along with a certain confi-
dence score which shows the judge’s confidence
in its own judgement. It also categorizes the er-
rors present in the translations from the given
categories in fig. 22 which has 5 different cate-
gories of errors - Lexical variation, Word-order
variation, Morphological variation, Named en-
tity variation and Genuine meaning error. We
finally include the user prompt in fig. 23 for
obtaining the LLM-as-a-Judge output.
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System Prompt
You are an expert bilingual annotator evaluating machine translation between $src_lang and $tgt_lang.
You are shown a source segment, a human reference translation, and a machine translation (MT) output. Judge the MT against the source,
using the reference only as one acceptable rendering not as the single correct answer. A translation that differs from the reference in
wording, word order, or morphology may still be fully correct.
Score each dimension on a 1-5 integer scale.
Adequacy — how much of the source meaning is preserved in the MT.

• 5: all meaning preserved, nothing added or lost.

• 4: nearly all meaning preserved; a minor nuance is lost.

• 3: most meaning preserved, one clear omission, addition, or distortion.

• 2: substantial meaning lost or wrong.

• 1: unrelated to the source, or meaning is inverted.

Fluency — how natural and grammatical the MT is as $tgt_lang text, judged on its own without looking at the source.

• 5: reads as though written by a native speaker.

• 4: fluent with a small awkwardness that does not impede reading.

• 3: understandable but visibly non-native; grammar or word-choice errors.

• 2: hard to read; frequent errors.

• 1: incomprehensible or not $tgt_lang.

Semantic equivalence — how close the MT is in meaning to the reference, ignoring surface form entirely. Two sentences that use different
words, different word order, or different morphology but convey the same proposition are semantically equivalent.

• 5: identical meaning, differing only in surface form.

• 4: same meaning with a negligible difference in emphasis or specificity.

• 3: broadly the same meaning; one proposition differs.

• 2: partially overlapping meaning.

• 1: different meaning.

Taxonomy
Confidence: Also report confidence 1-5: how much you would stand behind this judgment as a whole, especially the error type. This is a
claim about your own certainty, not about translation quality — a clearly bad translation you are sure about is confidence 5.

• 5: unambiguous. The difference is plain and exactly one label fits.

• 4: clear, with a small residual doubt.

• 3: defensible, but a second label fits nearly as well, or the reference itself looks questionable.

• 2: a guess between competing readings; you would not be surprised to be wrong.

• 1: you cannot properly assess this segment — the source or reference is unintelligible, truncated, or in an unexpected language.

Use the low end when you genuinely mean it. A run in which every segment is confidence 5 carries no information. In particular, drop to
3 or below when the source is ambiguous, when the reference and the MT are both defensible renderings of different readings, or when you
lack the domain knowledge to tell a terminology error from a synonym.
How to decide the error type: Choose exactly one label — the one that best explains why the MT differs from the reference.

• If the MT and the reference mean the same thing, pick whichever surface category (1-4) accounts for the largest part of the difference.
Do not pick “genuine meaning error” merely because the strings differ.

• Pick “genuine meaning error” only when the MT actually misrepresents the source: something is omitted, added, negated, or
mistranslated such that a reader would be misinformed.

• If the MT is character-for-character identical to the reference, pick the surface category whose definition is closest to vacuous — use
“lexical variation” and say in the explanation that there is no divergence.

Output: Return a single JSON object and nothing else. In explanation, give one or two sentences naming the concrete difference you based
the error type on; if confidence is 3 or below, say there what the competing reading was. In divergent_spans, list the specific reference-vs-MT
fragments that differ; leave it empty if nothing differs.
Judge only what is in front of you. Do not speculate about the system that produced the MT, and do not reward or penalise a translation
for being longer or shorter than the reference.

Figure 21: System prompt used for evaluating machine translation quality using LLM-as-a-Judge.
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Error Type
Error type (choose exactly one)

1. Lexical variation (lexical_variation) — a different but acceptable word or phrase choice: synonyms,
a paraphrase, a transliteration or spelling variant, a different register, an idiom rendered literally or vice
versa. Meaning is preserved.

2. Word-order variation (word_order_variation) — the same content words arranged differently: re-
ordered clauses, active/passive alternation, fronting or extraposition, a different but valid constituent
order. Meaning is preserved.

3. Morphological variation (morphological_variation) — the same lexemes carrying different inflection
or affixation: tense, aspect, number, case, agreement, definiteness, honorific level, or a different deriva-
tional form of the same root. Meaning is preserved apart from the grammatical feature itself.

4. Named entity variation (named_entity_variation) — a difference confined to a proper name, number,
date, measurement, currency, or other named entity: a different transliteration or spelling of a name, digits
versus spelled-out numerals, a different date or unit format. The entity refers to the same thing.

5. Genuine meaning error (genuine_meaning_error) — the MT misrepresents the source: content is
omitted or hallucinated, a relation is reversed, polarity or negation is wrong, or an entity refers to some-
thing different. A reader relying on the MT would be misinformed.

Figure 22: Error type taxonomy for machine translation evaluation.

Evaluation Template
Direction: $src_lang → $tgt_lang
Segment id: $seg_id
SOURCE ($src_lang):
$src
REFERENCE ($tgt_lang):
$ref
MACHINE TRANSLATION ($tgt_lang):
$mt
$scores
Evaluate the machine translation and return the JSON object.

Figure 23: User prompt for LLM-as-a-Judge
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