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Abstract

Indic quality estimation (QE) and automatic
post-editing (APE) data is spread across sep-
arate releases, so no single resource supports
training and evaluation across tasks and lan-
guage pairs on one footing. We consolidate
the WMT 2020-2024 shared-task lineage with
an extended English—-Malayalam resource into
Inp1cQE-APE: 126,754 instances over nine di-
rectional pairs, with up to four label types
aligned on the same segment, a direct assess-
ment, a human post-edit, word-level OK/BAD
tags and an error explanation, and a test set
stratified over four difficulty axes. On it
we benchmark six prompted LLMs and three
COMET metrics on segment-level QE, and
three systems on APE. Two of the axes are de-
fined partly on the direct assessment and select
a compressed slice of it, so each axis is com-
pared against a control drawn from the same
language pair with the same score distribu-
tion. Only one survives that control: segments
whose holistic and token-level quality signals
conflict are ranked worse than equally-scored
segments of the same language, for all nine
systems and all seven pairs that carry the axis.
Annotator disagreement, which looks second-
hardest without the control, has no effect with
it. Few-shot prompting costs every model <
3.4B both correlation and output-format com-
pliance. Within-language accuracy does not
make scores comparable across pairs: of the
three trained metrics, the one with the best
within-language correlation loses most when
the pairs are pooled. The benchmark' and
code? are released.

1 Introduction

Reference-free evaluation of machine translation,
scoring a translation without a human reference
(QE) and repairing it (APE), remains open for In-
dic and other low-resource languages for two com-
pounding reasons. The data is fragmented: di-
rect assessments, post-edits, word-level tags and
explanations live in separate shared-task releases
with incompatible schemas, splits and provenance,
so training and evaluating across tasks and pairs
means rebuilding the corpus first. And evaluation
on the data that does exist falls back on a single
learned scalar whose behaviour across languages
is rarely checked.

We address the first with a resource and the
second with a measurement on it. INDICQE-
APE unifies the WMT 2020-2024 QE and APE
shared-task data for Indic pairs with an extended
English—Malayalam resource into one release of
126,754 instances over nine directional pairs, slice-
able by task and by language pair (Table 3). Its or-
ganising principle is that the label types are aligned
on the same items: one instance may carry a direct
assessment, a post-edit, word-level tags and an er-
ror explanation at once, so QE, APE and explain-
able QE can be studied without re-aligning corpora.
The test set is constructed rather than sampled from
a training tail: every test segment is flagged on
each of four difficulty axes its labels can express.

We report baselines for segment-level QE
over all nine pairs and for APE over four.
CometKiwi-XL (Rei et al., 2023) has the highest
within-language segment correlation of the models
we evaluate and the weakest cross-lingual agree-

"https://huggingface.co/datasets/surrey-nlp/
IndicQE-APE
https://github.com/surrey-nlp/IndicQE-APE

ment of the trained metrics: its per-language offset
moves against quality where the other two trained
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metrics’ move with it, and pooling pairs costs it
more than either of them. Within-language skill
and cross-lingual comparability are separate prop-
erties. A leaderboard that pools languages or com-
pares raw scores across pairs inherits the offset. We
also show that of four difficulty axes only one costs
a system anything once it is compared against seg-
ments of the same language carrying the same hu-
man score, the axis holding segments whose holis-
tic and token-level quality signals conflict; and that
four-shot prompting costs every model at or below
3.4B both correlation and output compliance.

These findings motivate two QE modelling di-
rections we study on the benchmark: probing the
hidden states of frozen instruction-tuned models
(§4), and training a lightweight regression head
on a COMET encoder to predict direct assessment
(§5). The probe reads quality best from interme-
diate layers; for the head the encoder’s QE pre-
training is the dominant factor and it reaches parity
with an off-the-shelf metric. The head saves per-
instance predictions on all nine pairs, so the axis
comparison is repeated on it, and it fails on the
same axis as the prompted panel. Contributions
are:

1. Inp1cQE-APE, a difficulty-stratified QE and
APE benchmark over nine pairs with four
aligned label types, an MQM layer, com-
pleted domain labels, corpus-level prove-
nance and a standing duplication and leakage
audit (§2).

2. QE and APE baselines: six prompted LL.Ms
and three COMET metrics on segment-level
QE over nine pairs (§3), and three systems on
APE (§6), reported with output-format com-
pliance alongside every correlation.

3. Measurement on reference-free QE: within-
language correlation and cross-lingual com-
parability come apart, and the effect is a per-
language offset that moves against quality. Of
four difficulty axes only signal conflict sur-
vives a control matched on language and hu-
man score; the one that looks second-hardest
without that control is measuring the range it
selects (§3).

4. Two QE modelling studies on the bench-
mark: layer probing over frozen LLM states
(§4) and a COMET-encoder regression head
(§5), where encoder initialisation dominates.

2 The InpicQE-APE Benchmark

Inp1cQE-APE consolidates quality-estimation and
post-editing data for Indic machine translation into
one release. It is built test-first, stratified by diffi-
culty, and carries up to four aligned label types per
segment. It is the substrate for the measurement of
§3 and for the QE modelling of §4-§5.

Consolidation and lineage. The benchmark
unifies WMT Direct-Assessment QE, domain-
specific Indic QE, WMT and additional APE,
and an extended English—Malayalam resource
into 126,754 instances over nine directional pairs
across Indo-Aryan and Dravidian scripts in both
directions (en to {hi, mr, ta, te, gu, ml} and {et,
ne, si} to en). Every instance records the source
corpora it came from in a sources field and a
human-readable cadence_id. Table 2 traces each
corpus to its peer-reviewed release; the en—Indic
DA backbone is the WMT 2022-2024 QE data, the
X—en pairs are MLQE-PE, the post-edits are the
WMT APE releases and Deoghare et al. (2024),
and the en-ml layer extends the En—MI QE release
(Sindhujan et al., 2026). Eight of the nine pairs
are Indic. The ninth, et-en, is Estonian, which is
Uralic; it arrives with the MLQE-PE lineage on
the same schema and serves as a non-Indic control,
a low-resource pair with the same label types on
which a result is less likely to be an artefact of Indic
script or morphology. Results are reported per pair
throughout, so any analysis that should exclude it
can.

Machine translations and annotation. The hy-
potheses are not ours. The four WMT 2023-2024
en—Indic pairs were translated by a single multi-
lingual system, NLLB-200-distilled-1.3B (NLLB
Team, 2022), over source text from Anuvaad, the
IITB corpus, NPTEL and SpokenTutorials (Blain
et al., 2023; Zerva et al., 2024); en-mr by In-
dicTrans (Ramesh et al., 2022) over healthcare,
cultural and news text (Zerva et al., 2022); and
the three X—en pairs by per-pair fairseq Trans-
formers over Wikipedia, the two lowest-resource
of them under a semi-supervised backtranslation
recipe (Fomicheva et al., 2022; Guzmén et al.,
2019). The en-ml hypotheses are IndicTrans2
(Galaetal., 2023) over Anuvaad source text filtered
by LaBSE similarity, sampled to spread the edit-
rate distribution (Appendix L). Direct assessments
are 0-100 FLORES-guideline judgements made
against the source, not a reference, z-normalised



Full dataset (instances carrying each label)

Eval (test)

Pair Script Total DA PE W-tag" MQM  Expl. Domain QE APE
en-hi Devanagari 21,092 15,136 9,983 9,982 2327 1,999 19,301 1,881 1,536
en-mr Devanagari 30,746 29,182 22,189 22,190 0 5,000 30,314 2,165 2,098
en-gu  Gujarati 9,109 9,109 0 0 0 0 8,996 1,090 0
en-ta  Tamil 16,262 9,002 10,838 10,838 0 2,645 14,886 2,038 1,448
en-te  Telugu 13,157 13,157 0 0 0 0 8,995 1,120 0
en-ml Malayalam 10,000 10,000 10,000 10,000 0 10,000 10,000 1,436 1,436
X—en pairs (taken as-is from WMT20 MLQE-PE)

et-en — 9,000 9,000 9,000 9,000 0 0 0 1,000 1,000
ne-en — 8,649 8,649 8332 8,612 0 0 0 1,000 962
si-en  — 8,739 8,739 3,487 8,679 0 0 0 1,000 380
Total 126,754 111,974 73,829 79,301 2,327 19,644 92,492 12,730 8,860

Table 1: Composition of InpicQE-APE. Total is instances per pair; the label columns count instances carrying a
direct assessment (DA), a human post-edit (PE), word-level OK/BAD tags (W-tag), a segment-level MQM score
with typed spans (MQM; Lommel et al., 2014), an explanation (Expl., either kind) or a gold domain label. MQM
covers en-hi only. *W-tag combines 38,616 real tags with 40,685 derived from MT and post-edit where no real tag
exists, and no row carries both. The Eval columns come from one 13,032-segment challenge test, of which 12,730

carry a DA and 8,860 a post-edit; en-gu and en-te have no post-edits, so the APE column covers seven pairs.

Source Pairs Released by Configuration Train  Valid. Test Total ~ Scope
. j full 107,641 6,081 13,032 126,754 nine pairs, every instance

WMT22 QE en-mr Zer‘_’d etal. (2022) all 87,253 3,081 10,032 100,366 en—Indic only
WMT23 QE en-hi/gu/ta/te Blain et al. (2023) qe-da 72,806 3,050 9,730 85,586 en—Indic, DA-bearing
WMT24 QE en-hi/gu/ta/te (test) Zerva et al. (2024) ape 61,032 3,937 8,860 73,829 seven post-edited pairs
MLQE-PE et/ne/si-en Fomicheva et al. (2022) word-qe 65,241 4,553 9,507 79,301 word-level OK/BAD tags

~ explainable-qe 14,775 976 3,893 19,644 error explanations
WMT22/23 APE en m‘r Bhattacharyya et al. (2022) nam 1708 143 2639 4490 en-hi MQM layer
WMT24 APE en-hi, en-ta Zerva et al. (2024) challenge —  — 13,032 13,032 curated test only
Multilingual APE  en-hi, en-mr Deoghare et al. (2024)
En—MI QE en-ml Sindhujan et al. (2026)

Table 2: Shared-task lineage of InpicQE-APE. Each
source corpus is tagged per instance (sources,
cadence_id); the upstream release sizes and this
benchmark’s re-curated per-pair totals differ, because
instances are merged across corpora by a content-hash
uid. The En—MI row is the prior release of about half
the en-ml segments; all 10,000 are carried here, the rest
annotated by the same annotators under the same guide-
lines (Appendix L). Licensing is in §2.

per annotator and averaged; the releases specify at
least three annotators per segment, four for en-mr,
and two independent panels for MLQE-PE, and the
realised mean per pair is in Table 10. One MT
system per group means one hypothesis per source
segment, so the benchmark supports segment-level
meta-evaluation but not system-level ranking.

Configuration coverage. The release is slice-
able by named configuration. The nine-pair view is
full (126,754), which holds every instance carry-
ing a direct assessment, a post-edit, word tags or an
explanation; the 2,163 en-hi segments annotated
for MQM alone sit in mgm and nowhere else. ape
(73,829) carries all seven post-edited pairs. Two

Table 3: Split sizes per released configuration, read
from the released files. challenge is the curated
difficulty-stratified test set, has no train split, and is the
evaluation set for §3. Splits are source-disjoint, so no
instance and no source sentence reaches two splits of a
configuration.

configurations are scoped to en—Indic and do not
contain the X—en pairs: all (100,366) and ge-da
(85,586).

Difficulty-stratified design. The evaluation set
is built rather than sampled from the tail of a train-
ing split, so a reported number can be read against
a known composition. Difficulty is recorded on
four axes. Each is a function of released columns
alone, and every threshold but one is taken within
language pair, so a segment is placed against its
own pair’s distribution rather than against the cor-
pus. The exception is Al’s quality band, which
is the same [35, 75] on the 0-100 scale for every
pair: A1, annotator disagreement, per-annotator
DA standard deviation in the pair’s top quartile
with a mean in [35, 75]; A2, edit effort, MT—post-
edit token TER in the pair’s top quartile; A3, word
error, BAD-tag density in the pair’s top quartile or



an error category of mistranslation, untranslated or
addition; and A4, signal conflict, a segment scored
half a standard deviation above the pair’s mean yet
error-dense by the same margin, or scored in the
pair’s bottom 30% yet edited half a standard devi-
ation less than its norm. A4 selects a disagreement
between two human signals, not a translation that
contradicts its source. Appendix I gives a verified
en-hi example of each axis and Appendix E the nu-
meric cut every pair receives.

The stratification is visible in the result: 59.8%
of DA-bearing challenge segments carry at least
one axis against 30.6% of the DA-bearing seg-
ments outside the test, and every one of the nine
pairs is enriched. The axes overlap, so they ship
as four flags and not one label: only 3,265 of the
7,616 flagged challenge segments sit on exactly
one. en-gu and en-te arrive as direct assessments
alone, so they are null, rather than unflagged, on
the three axes that need a post-edit or a word tag
(Table 14).

Label types and domain completion. Each seg-
ment carries up to four aligned label types (per-
pair coverage in Table 1): a z-normalised direct-
assessment (DA) score, a human post-edit, word-
level OK/BAD tags, and an explanation, so that
the same items serve QE, APE and explainable-
QE without re-alignment. Explanations are of two
kinds and the release records which: 8,951 human
Translation Quality Remarks, all on en-ml, and
14,644 model-generated error descriptions on en-
hi, en-mr, en-ta and en-ml. Every explanation out-
side en-ml is model-generated. We complete the
domain metadata, which was inconsistently cased
and absent for many rows, by normalising to a
ten-domain taxonomy and inferring the missing la-
bels with a word and character TF-IDF logistic-
regression classifier on the source side, flagged
by provenance (92,492 annotated and 34,262 in-
ferred over the release; the challenge-test distri-
bution is in Table 19). News, finance, tech and
sports are gold-only en-ml labels and are never
inferred onto other pairs. The three X—en pairs
carry no gold domain, so all 26,388 of their labels
are inferred, and the classifier is fitted and mea-
sured on English source text from the en—Indic
pairs; we therefore treat the X—en domain labels
as unvalidated and do not condition any analysis
on them. The classifier reaches 0.826 accuracy un-
der five-fold cross-validation and beats prompted
GPT baselines on a gold sample, by a margin con-

fined to the classes that record provenance rather
than topic (Appendix B).

Label coverage. The label columns of Table 1
are the coverage map, and they are not uniform.
111,974 of the 126,754 instances carry a direct
assessment. The remaining 14,780 come from
the APE shared-task releases as source, MT and
post-edit triples that were never DA-annotated, and
they fall in en-ta (7,260), en-hi (5,956) and en-mr
(1,564); they support APE and word-level tagging
but not QE. In the other direction 73,829 instances
carry a post-edit, so the QE and APE populations
overlap without either containing the other. A user
should select on the label they need and not on
the pair. Also, INDICQE-APE releases no indepen-
dent reference translations: every released target
was produced by post-editing the MT. Where a cor-
pus reference existed it was used in construction
and not shipped, as for en-ml (Appendix L). We
treat the human post-edit as the reference, and ev-
ery reference-based number we report is human-
targeted in the sense of HTER (Snover et al., 2006).

Provenance, deduplication and split hygiene.
An instance is identified by a uid, the hash of its
normalised source and MT, so two corpora con-
tributing the same segment produce one row rather
than two: 234,446 corpus contributions collapse
to 126,754 rows, and 77,505 of those rows carry
more than one source. Every named configura-
tion is then checked to be an exact view of that
master table, so no instance is duplicated to at-
tach a late-added field. The splits are built source-
disjoint, and a regression check confirms that no ex-
act instance and no source sentence reaches more
than one of train, validation and test. The checks
ship with the release (§J), and cadence_id and
sources carry the provenance.

Word-level tags. Word-level QE tags in the
WMT lineage are not direct human annotation:
they are produced by aligning the MT to its hu-
man post-edit and marking substituted or deleted
MT tokens BaD (Specia et al., 2020). They are
therefore a deterministic function of (MT, post-
edit), so any segment carrying a post-edit can be
tagged under the same rule. Between the rule and
an import of the MLQE-PE labels this takes cov-
erage from 12,604 segments to 79,301 over seven
of the nine pairs, 40,685 of the increase from the
rule and 26,012 from the import. Real labels are
always preferred: 26,012 segments are imported



from MLQE-PE for the X—en pairs, which also
brings gap tags and source-side tags, and 40,685
are derived only where no released label exists.
en-gu and en-te have neither post-edits nor up-
stream tags and remain uncovered. Every row
records which class it belongs to and the original
columns are never modified, so a user may train
on upstream-only, derived-only or the union. Re-
deriving the released tags from MT and post-edit
alone reproduces them at 0.963 Matthews correla-
tion over 633,988 tokens. Agreement is lowest for
en-ml and en-mr and highest for the X—en pairs,
which is the order of morphological complexity:
the tag layer is coarsest exactly where morphology
is richest. The per-pair figures, the tokenisation
comparison and the morphological evidence are in
Appendix B, and the per-segment confusion counts
ship with the release.

Availability and licence. Links are withheld for
double-blind review. The benchmark goes to the
Hugging Face Hub, the evaluation and verifica-
tion code to GitHub, and the per-instance predic-
tions behind every number here to a tagged re-
lease of that code as an evidence bundle. Two li-
cences apply and the per-row sources field says
which. The three X—en pairs are MLQE-PE, re-
distributed under its CCO 1.0; everything else, in-
cluding the English—Malayalam data, the 40,685
derived word-level tags, the MQM layer, the com-
pleted domains and the difficulty axes, is CC BY
4.0. A mixed configuration carries the CC BY 4.0
condition, since CCO adds none.

3 QE Baselines

Setup. We evaluate QE models on INpIcQE-
APE using 0-shot GEMBA-DA prompting (Kocmi
and Federmann, 2023) for the instruction-tuned
models and the COMET family as trained base-
lines.> All models are run on the same 13,032-
segment challenge test, of which 12,730 carry a
direct assessment and are the population for ev-
ery correlation. The trained metrics score all of
them. A prompted model scores only the segments
it returns a usable score for, which at zero shots
is between 12,552 and 12,730 segments; the resid-
ual is its non-compliance, reported alongside every
correlation and not folded into it. Compliance is
quoted two ways in this paper and the difference

$Model identifiers, sizes, serving stacks and decoding set-

tings are in Appendix M, and the two prompt templates are
printed there in full.

within-language cross-ling.

Model P p T r
BharatGPT-3B 0.134 0.098 0.075 —0.46
Llama-3.2-3B 0.256 0.217 0.172 0.86
tiny-aya 0.311  0.290 0.232 0.93
aya-expanse-32B 0.404 0.404 0.321 0.91
sarvam-m 0.455 0.440 0.344 0.91
GPT-5.5 0.627 0.623 0.461 0.94
CometKiwi-DA 0.625 0.621 0.452 0.78
CometKiwi-XL 0.680 0.671 0.497 —0.21
XCOMET-XL 0.498 0.498 0.355 0.61

Table 4: QE over the nine pairs on the challenge test:
zero-shot GEMBA-DA for the LLMs, the COMET fam-
ily below the rule. Within-language columns are macro
correlations over pairs. The cross-lingual column is the
Pearson correlation between per-pair model means and
per-pair human means over nine points, a diagnostic
and not a ranking; it is computed on this table’s popula-
tion and so differs from the pooled column of Table 17,
which uses the extended challenge test. Compliance is
reported separately and never folded in (§3). Per-pair
values are in Table 16.

matters below 1: pooled over segments, which is
what the 12,552 floor is, and macro over pairs,
which is what a parse column reports. For each
model we compute a within-language score, the
macro correlation of model scores with human DA
over the nine pairs (Pearson, Spearman, Kendall),
and a cross-lingual score, the Pearson correlation
across the nine pairs between the model’s mean
score for a pair and the mean human score for
that pair. The cross-lingual score asks whether the
model’s numbers are comparable across languages,
not whether it ranks any MT systems. Table 4 re-
ports both. We give all three coefficients for con-
tinuity with the QE shared tasks, with percentile
bootstrap intervals over segments.

A prompted model returns text, so a score exists
only once that text has been parsed, and the pars-
ing rule is part of the measurement. We accept a
reply as a score only when it is unambiguously one:
a bare number, or a number behind a label such
as Score: or Score (0-100):. We reject prose
and any reply carrying more than one number, and
count the segment as non-compliant instead of as-
signing it a value. The alternative, taking the first
or nearest number from any reply, reports 100%
compliance while silently producing wrong scores;
Appendix M gives the failure modes it produces on
our four-shot outputs.



Within-language accuracy does not make scores
comparable across pairs. CometKiwi-XL has
the highest within-language Spearman of the mod-
els we evaluate (0.671) and, of the three trained
metrics, the weakest agreement across languages:
over the six en—Indic pairs its per-language means
track the human per-language means at » = 0.34,
against 0.91 for the weaker XCOMET-XL (Guerreiro
et al., 2024) on the same population. Both are the
full-population pass of Table 17, not the challenge
test the rest of this section uses; that table’s other
block estimates the prompted models on the chal-
lenge test, and MetricX-24 (Juraska et al., 2024)
sits with the trained metrics. Writing a model score
asm(x) = ag+by g(x) for a segment z in language
¢, within-language rank statistics are invariant to
the per-language offset a, while the comparison of
per-language means is governed by it, so compara-
bility degrades when a, carries information other
than quality. It does here: for CometKiwi-XL
the offset correlates with quality at —0.442, where
CometKiwi-DA is +0.229, XCOMET-XL +0.433
and GPT-5.5 40.641. Of the five systems in Ta-
ble 5 it is the only one whose offset runs against
quality and the only one whose bootstrap interval
includes zero, so its raw coefficient is not identified
at this sample size and the offset is what the claim
rests on. So raw scores from such a metric should
not be compared across pairs, and a leaderboard
should average within-pair correlations instead of
pooling segments from different pairs into one.

The coeflicient itself is a diagnostic and not a re-
sult. It rests on one point per language pair, moves
from —0.67 on eight pairs to —0.21 on nine and
+0.12 on the full population (Appendix H), and ev-
ery interval is wide; nine points cannot support a
ranking. WMT meta-evaluation averages within-
pair correlations rather than pooling for this reason
(Freitag et al., 2024). We therefore rest the claim
on the per-language offsets and on the aggregation
result below, and report the scoped en—Indic val-
ues in the text while the r column of Table 4 pools
all nine pairs and is correspondingly inflated (Ap-
pendix G). Appendix O replicates the effect with
language held fixed, against annotation batch.

The same effect follows from aggregation alone,
without fitting anything. Pooling all nine pairs
into one correlation instead of averaging per-pair
Spearman, as WMT does, costs CometKiwi-XL
0.117 (0.671 macro against 0.554 pooled), while
XCOMET-XL loses 0.001 (0.498 to 0.497) and
CometKiwi-DA gains 0.034. Pooling normally in-

Model raw r  bootstrap 95% CI  offset<+q.
CometKiwi-XL —0.208 [-0.930, +0.320]  —0.442
CometKiwi-DA  0.783  [4+0.554, +0.955] 0.229
XCOMET-XL 0.607  [4+0.037, +0.880] 0.433
GPT-5.5 0.941  [4+0.737, +0.991] 0.641
sarvam-m 0913 [40.770, +0.991] 0.595

Table 5: Cross-lingual agreement over nine pairs. raw r
is the Pearson correlation between per-language model
means and per-language human means, with a per-
centile bootstrap interval over pairs; offset<+q. is the
correlation between the fitted per-language offset a, and
quality, where m(z) = a¢ + bg g(x) is fitted per pair.

flates a correlation, because between-pair differ-
ences in mean quality add variance a metric is cred-
ited with explaining without having ordered any-
thing within a pair. CometKiwi-XL is the only one
that loses by more than rounding, because its per-
language means are displaced against quality, so
the variance pooling adds is variance it gets wrong.

Where models fail. A1 and A4 are defined partly
on the direct assessment, and they are the axes
whose segments sit in a narrow slice of it, hold-
ing 0.43 and 0.62 of their pair’s remaining spread
against 0.86 and 0.90 for A2 and A3, which carry
no score term. A rank correlation falls on a nar-
row range whether or not the segments are harder.
Each axis is therefore compared against a control
drawn from the rest of its own pair and matched
to the flagged score histogram, inside the pair and
only then averaged.

That control decides which axes are real. Mea-
sured against the rest of the pair, Al is the second-
hardest axis at —0.205 and A4 the hardest at
—0.284 (Table 11). Measured against the matched
control, A1 is —0.003 [—0.047, +0.037] and neg-
ative on four of its nine pairs, so its apparent dif-
ficulty was the compression of the score range it
selects. A4 survives at —0.146 [—0.270, —0.059],
negative on all seven pairs that carry it and for all
nine systems (Table 6). A2 and A3 come out flat
to mildly positive, +0.066 and +0.019: neither
heavy editing nor dense word error makes a seg-
ment harder to place among others the annotators
scored the same.

What survives a control is therefore neither edit
effort nor word error but the disagreement between
them and the holistic score, and —0.146 is a ceiling
on it rather than the finding. Only one of A4’s two
arms is carried by enough pairs to read, segments
scored below par for their pair yet barely edited:



1,149 over four pairs, contrast —0.070, negative
on every one. The other holds 123 segments over
three pairs and is negative on two (Appendix D).
On A1 the segments do not differ from one another
by more than annotator noise, so the reliability of
the DA mean is not estimable there at all; on A4 it
is 0.534 and does not account for the contrast (Ap-
pendix P).

What separates the pairs. The released annota-
tor scores separate the candidate explanations for
the per-pair spread, because each predicts some-
thing different (Appendix Q). Label reliability is
not it: per-pair ICC(1, k) runs from 0.44 to 0.98
on the challenge test and does not predict per-pair
correlation (r = —0.16, p = 0.67). Training ex-
posure does not account for it either. CometKiwi
is trained on the direct-assessment data our X—en
pairs come from, so exposure would predict a di-
rection gap for the trained metrics and none for the
prompted ones; the gap is +0.21 against +0.15,
and tiny-aya at 4+-0.26 exceeds two of the three
trained metrics. What does track difficulty, weakly,
is how far apart the human scores are: » = +0.53
(p = 0.14) between a pair’s DA standard deviation
and its mean correlation across systems, which on
nine pairs is a direction and not an established ef-
fect. English to Telugu is the clearest case: the
smallest DA standard deviation of the nine pairs
(14.0), the lowest-scoring pair for seven of the nine
systems, and the lowest sentence-level correlation
of any Indic pair at WMT 2023 and WMT 2024
(Blain et al., 2023; Zerva et al., 2024), while its
reference-based MT quality is among the strongest
here (Gala et al., 2023). The difficulty is specific
to estimating quality, not to producing it.

Robustness to the prompt. The headline uses
one template at zero shots, so we check both
choices (Table 7). Four-shot prompting lowers
macro Spearman for four of the six prompted mod-
els and raises it for two, aya-expanse-32B by
0.055 and GPT-5.5 by 0.003; the largest fall is
Llama-3.2-3B, 0.217 to 0.027. A cell enters a
macro only if the model returned a usable score on
at least half of it, which costs BharatGPT-3B and
Llama-3.2-3B five and four pairs and tiny-aya
two. Compliance falls under four shots as well, so
the two conditions score different segments, but
restricting both to the segments they both scored
leaves every drop within 0.001 of its unpaired fig-
ure. Four-shot prompting therefore degrades scor-
ing itself and not merely the population that sur-

Model Al A2 A3 A4

GPT-5.5 +0.015 +0.040 +0.001 —0.224
sarvam-m +0.012 40.075 +0.024 —0.153
aya-expanse-32B 40.024 +40.087 +40.019 —0.169
tiny-aya —0.051 +0.100 +40.015 —0.015
Llama-3.2-3B +0.039 +0.076 +0.005 —0.041
BharatGPT-3B +0.014 +0.047 +0.036 —0.092
CometKiwi-DA —0.044 +0.079 +0.035 —0.165
CometKiwi-XL —0.032 +0.064 +0.054 —0.140
XCOMET-XL —0.002 +0.026 —-0.015 —0.155

Table 6: Change in Spearman p between a pair’s flagged
segments and a control drawn from the same pair with
the same direct-assessment histogram, averaged over
the pairs that carry the axis; negative means the flagged
segments are ranked worse than equally-scored seg-
ments of the same language. Bold marks each system’s
worst axis: A4 is negative for all nine systems and worst
for eight. Intervals and the unmatched comparison are
in Table 11.

vives parsing. Both effects track capacity: the
three models < 3.4B lose the most and comply
least, failing on between 14% and 55% of seg-
ments, while aya-expanse-32B, the largest open
model tested, gains. Which pairs fail is model-
specific and not predicted by the aggregate (Ta-
ble 12).

Template choice. The template matters less than
the shot count and mainly to weak models. Per
model the two differ by 0.026 in macro Spearman
against 0.069 for the shot count, and SQM is the
better of the two on 51 of the 94 cells both tem-
plates scored above the compliance floor, which is
barely more than half. The divergence sits where
the model is weakest: BharatGPT-3B at zero shots
scores 0.098 under DA against 0.031 under SQM,
whereas GPT-5.5’s two templates agree to within
0.002. SQM is also the weaker on zero-shot com-
pliance for two models, aya-expanse-32B pars-
ing 0.872 (ne-en 0.47) and tiny-aya 0.885 (si-en
0.62) against 0.981 and 1.000 under DA, all macro
over pairs, so those SQM cells rest on a reduced
population; aya-expanse-32B’s 0.981 macro is
the 0.986 pooled rate that sets the 12,552 floor
above. We therefore report GEMBA-DA through-
out. sarvam-t is a translation model that follows
neither prompt, parsing 0.003, so it is omitted from
the QE evaluation; it appears in §6 as an APE sys-
tem.



macro p paired 4-shot

Model 0-shot  4-shot A A pairs  parse
BharatGPT-3B 0.098 0.001 —0.098 —0.098 4 0447
Llama-3.2-3B 0.217 0.027 —0.190 —0.189 4 05011
tiny-aya 0.290 0.240 —0.050 —0.050 7 0.861
aya-expanse-32B  0.404 0.459 +0.055 +0.055 9 0.987
sarvam-m 0.440 0421 —0.019 —0.019 9 1.000
GPT-5.5 0.623  0.625 +0.003 +0.003 9 1.000
control: encoders, prompt-invariant

CometKiwi-DA 0.621  0.621  0.000 — 9 —
CometKiwi-XL 0.671 0.671  0.000 — 9 —
XCOMET-XL 0.498 0.498  0.000 — 9 —

Table 7: Effect of four-shot prompting. pairs is how
many language pairs the four-shot macro averages: a
cell counts only where the model returned a usable
score on at least half of it (§3). Every zero-shot macro
is over nine pairs, its lowest cell aya-expanse—-32B on
ne-en at 0.868. A compares each condition on every
segment it scored; paired A restricts both to the seg-
ments they both scored. parse is the share of items re-
turning a single GEMBA-DA score at four shots, over
all nine pairs whether or not the cell enters the macro.
fL.1ama-3.2-3B has no four-shot run on en-hi, so that
pair is absent from its row rather than excluded by the
rule. Per-pair compliance is in Table 12.

4 Layer-Probing Quality Estimation

A quality score can also be read from a frozen
model’s hidden states instead of its generated text.
We train the single-layer form of adaptive layer op-
timisation for QE (Sindhujan et al., 2025b), a re-
gression head on the last-token hidden state of a
frozen tiny-aya at one layer, jointly over the six
en—Indic pairs, and sweep the layer (Table 25, Ap-
pendix K).

Where the signal sits in the network does not fol-
low language family. Averaged over pairs the best
layer is —20 (0.527) and the two ends of the swept
range are weakest, —5 nearest the output at 0.501
and —24 furthest from it at 0.496; the final layer
is not swept. The weakest Indo-Aryan pair (en-hi)
and the weakest Dravidian one (en-te) peak at that
same depth, though the best layer is otherwise pair-
dependent (Table 24). Picking the layer per pair
raises the macro to 0.539, but that pick is made on
the split the probe is then scored on and is an ora-
cle over the six layers swept, so 0.527 at one fixed
layer is the figure to compare against. At that layer
the probe recovers a signal for five of the six pairs
(Spearman 0.45-0.64) and is weak only on en-te
(0.28), the lowest-scoring pair for seven of the nine
systems of §3. Length does not account for it: pre-
dicting DA from source length, MT length or their
ratio reaches macro Spearman 0.218, and beats the
probe on no pair.

Reading the states beats prompting the same
weights.  tiny-aya scored by GEMBA-DA
reaches macro Spearman 0.202 on these six pairs
against 0.527 for the probe, which is ahead on
every one of them; the nine-pair column of Ta-
ble 4 is not the comparison, since it includes three
pairs the probe is not trained on. GPT-5. 5 reaches
0.578 on the same six, so a frozen 3.4B backbone
with a trained read-out comes within 0.051 of the
strongest prompted model and passes it on en-te
(0.282 against 0.255).

The sweep saved per-layer aggregates rather
than per-instance predictions, so the probe is re-
ported at the pair level and is the one study here
the difficulty axes cannot be joined to.

5 A Lightweight QE Head on COMET

The encoder baselines of §3 are used off the
shelf. We also train a regression head over a
COMET/CometKiwi encoder: it reads a source—
hypothesis pair, funnels upper encoder layers and
regresses a per-pair z-scored DA target under
a Huber loss, with an option to add attention-
derived adequacy features and a length ratio (Fig-
ure 1). Trained on the six en—Indic pairs of
ge—-da (72,806 segments) and evaluated on the
matched challenge test (9,730), the funnel-only
form reaches Spearman 0.596 and the form with
the extra features 0.581. The features are worth
—0.015 here and 4-0.005 on the ablation build be-
low, and the bootstrap intervals overlap in both di-
rections, so they are not what makes the head work.
The ablation below varies one choice at a time on
a five-pair build without en-ml, so its cells are not
comparable to either six-pair figure (Appendix K).

What the head needs is the encoder, not the fea-
ture set. Swapping only the backbone, it inherits
its encoder’s QE knowledge in order: reference-
free QE pretraining (CometKiwi, 0.580) beats
reference-based pretraining (COMET-DA, 0.491)
beats none (XLM-R-large, 0.440). That +0.140
gap (Williams t=20.5, p < 0.001, n=8,160) is the
largest gain any substitution buys; the only other
change that helps is the min—max target, at +-0.040.
Three choices move the score further than the en-
coder does, and all three are losses from removing
something the reference configuration has: read-
ing the last layer alone instead of funnelling up-
per layers collapses the head at all three seeds;
plain MSE costs 0.294 against the Huber refer-
ence, while CCC matches it; and the target must



System p (95% CI) r accy,
Zero-shot COMET (en—Indic challenge test, n=9,730)
CometKiwi-DA 0.588 0.596 —
CometKiwi-XL 0.608 0.597 —
XCOMET-XL (QE) 0.406 0414 —
Trained head, six pairs (n=9,730) — the §5 lane
+ CometKiwi, funnel only 0.596 ss1.600  0.580 0.708
+ CometKiwi, +features 0.581 rses.s061  0.577 0.704
Ablation build, five pairs (n=8,160), encoder swap
+ XLM-R-large (no QE pretrain) 0.440 ra2rasm - 0.440  0.649
+ COMET-DA (ref-based) 0.491 0.497 —
+ CometKiwi, CLS-+funnel 0.580 (565,551 0.590  0.709
+ CometKiwi, full features (ref) 0.585 se0.6000  0.600 0.707
+ CometKiwi, full, min—max target 0.625 rs10.6001  0.662  0.727

Table 8: Regression QE over a COMET encoder
on INpIcQE-APE (within-language, segment-level,
en—Indic challenge test), against the zero-shot
COMET baselines on the same lane. The middle block
is the six-pair lane §5 reports; the bottom block is the
five-pair ablation build, whose cells compare with each
other and not across blocks. accg, is pairwise accuracy
with tie calibration (Deutsch et al., 2023); intervals are
percentile bootstrap over segments. Full ablation in
Appendix K.

be scaled to the loss, a raw 0-100 target diverging
where per-pair z gives 0.585 and min-max [0, 1]
gives 0.625 (Table 21).

On the six-pair lane the head reaches parity and
no more: p = 0.596 against 0.588 for zero-shot
CometKiwi-DA on the same segments and 0.608
for CometKiwi-XL, a margin of 0.008 over the
former that we do not read as an improvement.
The head’s saved predictions, with the X—en runs,
cover all nine pairs, so the axis comparison of §3
can be repeated on a model trained here. It agrees
on three of the four: A4 is —0.176 funnel-only and
—0.143 with features against a DA-matched con-
trol, negative on every pair for both, and A2 and
A3 are positive. On Al the two estimators part,
the head giving —0.084 and —0.050 against the
panel’s —0.003, but en-gu at —0.41 and en-ml at
—0.24 carry almost all of it against +0.16 on ne-
en, so we read it as unstable. The head’s own offset
runs the same way as CometKiwi-XL’s rather than
the other way, at —0.11 to —0.05 against —0.442,
but on the ablation build’s five pair means neither
its size nor its sign is established (p > 0.85). Run
unchanged on the three X—en pairs the pipeline
gives 0.655 funnel-only and 0.668 with the ex-
tra features, 0.059 and 0.087 above the matching
en—Indic figure. The lower en—Indic number is
a property of those pairs, not of the training setup.

Model Pair char-TER| chrF++1 CometKiwif
en-hi 44.5 55.4 —
do-nothin en-mr 26.1 74.8 —
£ enta 434 64.2 —
en-ml 31.1 78.1 —
en-hi 37.6 58.9 0.819
sarvam-m en-mr 36.5 63.9 0.743
en-ta 54.5 54.1 0.826
en-ml 447 60.0 0.862
en-hi 34.4 62.5 0.829
t en-mr 42.5 59.0 0.757
SarvamTt  enta 63.0 49.1 0.841
en-ml 49.0 53.4 0.872
en-hi 46.7 55.5 0.782
tinv_ava en-mr 36.7 70.6 0.697
TR enta 57.0 56.5 0.771
en-ml 37.8 71.1 0.802

Table 9: APE quality per model and pair on the
en—Indic APE test (/1 = lower error / higher sim-
ilarity), every cell on the same rows (en-hi 1,536,
en-mr 2,098, en-ta 1,448, en-ml 1,436). do-nothing
is the unedited MT scored against the human post-
edit; bold marks the best row per pair and metric.
char-TER and chrF++ are reference-based against the
post-edit, CometKiwi reference-free against the source.
CometKiwi is blank for do-nothing because the zero-
shot pass scored DA-bearing rows only, which covers
these four pairs unevenly; on the rows it does cover the
unedited MT scores 0.769, 0.688, 0.757 and 0.815.

6 Automatic Post-Editing

The benchmark’s post-edits support automatic
post-editing directly, with the human post-edit as
the reference. Table 9 reports three open systems,
sarvam-m, the dedicated translator sarvam-t,
and tiny-aya, on the four en—Indic pairs with
system outputs, scored with the reference-based
surface metrics char-TER and chrF++. Post-
editing systems were run for these four pairs only:
en-gu and en-te carry no human post-edits, and
the three X—en pairs carry post-edits but no sys-
tem outputs were produced for them here (Table 1).
All three run zero-shot from the prompt in Ap-
pendix M and none is trained on the benchmark.
sarvam-m and tiny-aya are given the source and
the MT and asked to edit it; sarvam-t is a transla-
tion model and is run in retranslation mode, from
the source alone. Appendix N repeats the table un-
der word-level TER and BLEU.

The first block of Table 9 is the unedited MT,
and on three of the four pairs it is the best row in the
table. Leaving en-mr alone gives char-TER 26.1
against 36.5 for the best system, en-ta 43.4 against



54.5, en-ml 31.1 against 37.8, and the same three
on chrF++. Only on en-hi does any system improve
on doing nothing, and en-hi is the one pair whose
post-edits almost always change something: on its
APE test rows 0.5% of post-edits leave the MT un-
touched, against 12.2% for en-mr, 29.1% for en-ta
and 30.8% for en-ml.

The reference-free view says the opposite.
CometKiwi rates every system above the unedited
MT in eleven of twelve cells, and orders them
identically on all four pairs, sarvam-t above
sarvam-m above tiny-aya, while chrF++ gives
that order on en-hi and reverses it on the other three.
The cause is the reference. A post-edit is produced
by editing the MT, so the MT is by construction
close to it, and a surface metric against post-edits
measures residual repair effort rather than quality
(§2). sarvam-t retranslates from the source in-
stead of editing, so it departs from the post-edit
however good its output is. The penalty scales with
how conservative the post-edits are, and the table
shows it: sarvam-t is the best system on en-hi,
the one pair whose post-edits almost always change
something, and the worst on each of the other three.
Post-edit-anchored references reward conservative
editing, and where post-edits are often no-ops the
unedited MT cannot be beaten. Even the two sur-
face metrics disagree with each other on en-mr
and en-ta, where sarvam-m needs fewest edits but
tiny-aya retains the most n-grams.

The negative result is scoped to prompting. ape
ships 61,032 training triples that none of these
three systems saw, and a system fitted on them
would learn to edit conservatively, which is what
the post-edit reference rewards. The do-nothing
row is the baseline such a system has to clear here,
not a limit on what APE can reach.

7 Conclusion

InpIcQE-APE consolidates the WMT 2020-2024
Indic QE and APE lineage with an extended
English—Malayalam resource into one benchmark
of 126,754 instances over nine directional pairs,
with up to four label types aligned on the same
items, a constructed difficulty-stratified test set,
verified provenance and no train/test leakage. On
it, we show that within-language QE accuracy does
not imply cross-lingual comparability, and that of
four difficulty axes only one survives a control
matched on language and human score, the axis
holding segments whose holistic and token-level

quality signals conflict, which costs every one of
the nine systems we evaluate.

For anyone using reference-free QE across lan-
guages, the consequence is that raw scores are not
comparable between pairs. Of the five systems
we fit per-language offsets for, the one with the
best within-language correlation is the only one
whose offset runs against quality, and of the three
trained metrics it is the only one that loses more
than rounding when pairs are pooled. Pooling pairs
into one correlation, or ranking systems on scores
drawn from different pairs, inherits that. APE car-
ries a separate warning. The unedited MT beats
every post-editing system we run on three of the
four pairs under all four surface metrics, while a
reference-free metric ranks those systems above
it. Post-edit references reward conservative edit-
ing, and an APE result reported against them with-
out a do-nothing row cannot be read.

We leave three things open on this benchmark.
The word-qe and explainable-qge configura-
tions are released with no baseline, and word-level
QE over agglutinative targets will need sub-word
tagging our whitespace alignment does not pro-
vide. English to Telugu is the lowest-scoring pair
for seven of the nine systems, and its narrow score
range accounts for only part of that. And noth-
ing we ran handles the segments where the human
score and the surface evidence disagree: across
seven trained configurations that vary the encoder,
the loss and the target scale, not one of them es-
capes it.

Limitations

Data. Provenance is heterogeneous: the direct
assessments come from several WMT editions and
annotation batches. Domain labels are partly in-
ferred (3,756 of 12,730 challenge items) by a clas-
sifier at 0.826 accuracy, and the X—en labels are
inferred outside the language it was fitted on, so we
condition no analysis on them. Every explanation
outside en-ml is model-generated. Post-edits, not
independent references, are the reference through-
out, so reference-based numbers measure residual
repair effort. en-gu and en-te carry no post-edits,
and all and ge-da omit the X—en pairs, so a nine-
pair evaluation must come from full.

Measurement. One machine translation per
source segment supports segment-level meta-
evaluation but not system-level ranking. The cross-
lingual coefficient rests on at most nine points and



is weakly identified, so we rest the claim on the
per-language offsets and on the aggregation result.
Prompted models are not scored on identical popu-
lations, so a correlation and a compliance rate must
be read together (§3).

Labels. The MQM layer covers en-hi alone, and
under a third of its DA-paired segments carry trust-
worthy error spans; its two batches differ in range
and the DA<+MQM agreement is estimated on the
narrower. Just over half the word tags we derive
ourselves under the upstream rule. What is vali-
dated is the rule, at 0.976 and 0.987 token accu-
racy against real labels, not the tags: they are not
human judgement, agree least for en-ml and en-mr,
and are less error-dense than the real pool. Gap
and source-side tags exist only for X—en, tags are
impossible for en-gu and en-te, and all of them are
coarse for agglutinative targets.

Difficulty axes. Two of the four are defined
partly on the direct assessment, so what they se-
lect is partly a property of the annotation. The
matched control removes the score range but not
the label noise, and the attenuation correction ap-
plies on only three pairs. Of A4’s two arms only
the larger is readable, and its size halves without
en-ml, though its sign does not.

Models. The probe is one layer over one back-
bone and saved no per-instance predictions, so it
is the one study the axes cannot be joined to. The
head’s cross-lingual coefficient rests on five pair
means and is not significant, and its ablation runs
on a five-pair build that predates a late data fix, so
the six-pair lane does not confirm it. The APE
evaluation is prompted, covers four of seven post-
edited pairs and trains nothing, so it sets a do-
nothing baseline and not the reachable quality.

Ethics Statement

The dataset consolidates publicly released
shared-task corpora, redistributed under the
terms given in §2. Appendix L records how the
English—Malayalam data was produced: who
annotated it, under what guidelines, through
what quality control, and through a commercial
annotation agency that recruited and paid its
own annotators, rather than through per-task
crowdsourcing. The benchmark will be released
publicly with corpus-level provenance so that
each instance can be traced to its source. QE and
APE are evaluation and assistance technologies

for translation and carry limited dual-use risk; the
main ethical consideration is that a QE score not
be treated as comparable across languages when it
is not (§3).
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2022) are trained on human direct assessments and
set current practice at the WMT metrics and QE
tasks (Freitag et al., 2024). These metrics return
a scalar and do not expose the per-language be-
haviour of that scalar. That behaviour is what
§3 measures. TER and its human-targeted form
HTER (Snover et al., 2006), CharacTER (Wang
etal., 2016), and chrF (Popovi¢, 2015) with chrF++
(Popovié, 2017) provide reference-based surface
baselines. For Indic pairs specifically, IndicMT
Eval meta-evaluates these metrics against MQM-
style human annotation over five Indian languages
and finds their agreement with human judgement
weak (Sai B et al., 2023).

The WMT QE shared tasks are the primary
source of direct-assessment data for these pairs.
WMT 2020 introduced the multilingual QE setting
with the MLQE-PE dataset (Specia et al., 2020;
Fomicheva et al., 2022), which supplies our X—en
pairs (et-en, ne-en, si-en). WMT 2022 added
English-Marathi (Zerva et al., 2022); WMT 2023
added en-hi, en-gu, en-ta and en-te (Blain et al.,
2023); and WMT 2024 added new test sets and
asked whether LLMs close the QE gap (Zervaetal.,
2024). InpicQE-APE consolidates these releases;
§2 gives the lineage and per-pair counts.

The WMT APE shared tasks provide the
post-editing data: en-mr in 2022 and 2023
(Bhattacharyya et al., 2022, 2023) and en-
hi/en-ta in 2024 (Zerva et al.,, 2024). Our
English—Malayalam QE and APE data extends
the recent En— Ml release (Sindhujan et al., 2026).

What this release adds. The sources it consol-
idates are single-task and single-edition. MLQE-
PE (Fomicheva et al., 2022) supplies direct as-
sessments, post-edits and word-level tags for its
pairs but no explanations, no MQM and no dif-
ficulty structure; the WMT QE editions (Zerva
et al., 2022; Blain et al., 2023; Zerva et al., 2024)
each add pairs and a test set but are released sep-
arately and on incompatible schemas; the APE
editions (Bhattacharyya et al., 2022, 2023) supply
post-edits without the DA layer. IndicMT Eval
(Sai B et al., 2023) is the closest Indic resource
in spirit, but it meta-evaluates reference-based met-
rics against MQM annotation and supplies no QE
training data. INDICQE-APE differs in four ways:
the label types are aligned on the same items rather
than distributed across releases, the test set is con-
structed by difficulty axis instead of sampled, ev-
ery row carries corpus-level provenance and the

label provenances are separate columns, and the
composition and hygiene claims ship as scripts that
fail on drift.

Instruction-tuned LLMs can be prompted to
emit a quality score (Kocmi and Federmann, 2023),
which we use as the prompted-QE baseline. An al-
ternative reads quality from a model’s internal rep-
resentations: adaptive layer optimisation for QE se-
lects and weights hidden layers of a frozen LLM
(Sindhujan et al., 2025b), which we take up in §4.

B Construction Detail

Tokenisation. Tokenisation is chosen empiri-
cally rather than by convention.  IndicNLP
tokenisation (Kunchukuttan, 2020) reproduces
the shipped mt_tokens at 0.960 exact-sequence
agreement (1.000 on en-ml), where Moses, the de-
fault in the standard corpus-builder recipe, reaches
0.660 and falls to 0.313 on Malayalam. Every
tag sequence is released with the tokenisation it
indexes (mt_tokens, source_tokens), since the
imported source tags index MLQE-PE’s tokenised
source and not our detokenised source field.

Validating the derived word-level tags. We re-
derive from MT and post-edit alone every real re-
leased tag we can, which is 33,119 of the 38,616
tagged segments and 633,988 tokens. Of the 5,497
left out, 5,473 carry no post-edit to derive from,
almost all of them si-en, where MLQE-PE ships
8,650 tag sequences against 3,487 post-edits. The
other 24 are en-ml rows whose shipped tag se-
quence and shipped tokenisation differ in length,
so gold and derived tags cannot be aligned; they
are left out of the agreement figures and flagged
in the release. We report Matthews correlation
(MCC), the word-level statistic used at the WMT
QE task, alongside accuracy and Bap Fy, because
the gold BAD rate is 0.370 and a majority-class tag-
ger emitting ok everywhere would reach 0.630 ac-
curacy at MCC 0. Corpus MCC is 0.963 (accu-
racy 0.983, Bap F; 0.977). The two provenance
classes separate: against upstream MLQE-PE la-
bels the derived tags reach MCC 0.974, and against
the en—Indic shipped tags 0.937. Per pair, agree-
ment is weakest for en-ml (MCC 0.898) and en-
mr (0.929) and highest for the X—en pairs (0.969-
0.973), which is the order of morphological com-
plexity rather than of tokenisation quality. Malay-
alam has the highest type-token ratio of the In-
dian languages measured by Kumar et al. (2007),
26.5% against 10.8% for Marathi and 4.2% for



Hindi, and Marathi is the most agglutinative of
the Indo-Aryan languages here (Kunchukuttan and
Bhattacharyya, 2016; Subbarao, 2012). A whites-
pace token in an agglutinative language carries
what English spreads over several words (Chung
and Gildea, 2009), so one wrong morpheme con-
demns the whole token; separating a wrong form
of the right lemma from a wrong word needs a
sub-word layer (Popovi¢ and Ney, 2011). The de-
rived tags therefore share the construction rule and
the provenance class of the released ones and are
not a weaker substitute, though they remain post-
edit-derived rather than human token-level judge-
ments. Per-segment confusion counts are released
so any of these figures can be recomputed without
re-running the derivation. These figures validate
the derivation; they are not the score of a word-
level QE system, and no such system is reported
here.

Domain completion. The domain classifier of
§2 is a word and character TF-IDF logistic regres-
sion on the source side. Five-fold cross-validation
on the 89,399 annotated segments with a dis-
tinct source sentence, of the 92,492 annotated,
gives 0.826 4 0.001 accuracy and 0.805 4+ 0.003
macro F1; the fold is taken on the source because
rows are unique by source and MT, so a source
can recur against different hypotheses and would
otherwise leak. On a shared 500-segment gold
sample it scores 0.804 against 0.566—0.618 for
three prompted GPT configurations (gpt-4o0-mini
zero-shot, gpt-5.4-nano zero- and six-shot). The
gap is confined to the provenance-defined classes
(tourism, education, general, other; F1 +0.19 to
40.34) and closes on the topic-transparent ones
(health 4-0.03, legal +0.01): a content-only judge
cannot recover a label that records which corpus a
row came from instead of what it is about.

Word-tag provenance columns.
wtag_provenance & {upstream, mlge-pe-
upstream, derived} is a released column, with real
and derived tags in separate fields and never both
on one row. The X—en pairs additionally carry
MLQE-PE gap tags (wtag_gaps) and source-side
tags (source_tags). The MLQE-PE import
covers 98.6% of the X—en rows; the remainder,
plus 351 upstream segments whose duplicate
copies carry conflicting tags, are left to derivation
or to no tag.

Annotator agreement. The release carries the
individual annotator scores behind every mean
(da_scores, n_annotators), so agreement can
be recomputed rather than taken on trust. It is
available for 111,545 of the 126,754 instances, at
a mean of 3.5 annotators each. The scores carry
no annotator identifiers, so raters are interchange-
able and not crossed across segments; we therefore
report Krippendorft’s « on the interval scale and
a one-way random-effects ICC, both of which are
defined for that design, and not statistics that re-
quire rater identity. Because a model is trained
and evaluated against the mean score, we also re-
port ICC(1, k), the reliability of that mean, which
bounds how well any model can correlate with
the target under classical attenuation. The bound
is conservative rather than exact: ICC(1) charges
all within-segment variance to noise, and with un-
crossed raters that includes systematic differences
in how annotators use the scale, so an observed cor-
relation can exceed it, as CometKiwi-XL does on
en-mr (Table 23).

Agreement varies more across the consolidated
sources than across languages (Table 10). The
new en-ml data has the highest agreement in the
benchmark (o« = 0.955), and en-te is close be-
hind (0.910). At the other end, en-mr reaches o =
0.080, so a single Marathi annotator carries almost
no signal, and even the four-annotator mean has a
reliability of 0.247. en-mr is also the largest pair
at 30,746 instances. We recommend reading any
en-mr correlation with that figure in view, though
it is not a hard ceiling for the reason given above,
and CometKiwi-XL exceeds it. This is a property
of the upstream annotation campaigns, which we
surface rather than repair.

Agreement does not predict difficulty. en-te has
near-ceiling agreement yet is the lowest-scoring
pair for seven of the nine systems (§3), so its dif-
ficulty is not annotation noise. Range is the more
likely part of the explanation: its DA scores have
the smallest standard deviation of the nine pairs on
the challenge test, 14.0 against 25.1 for en-ml (Ap-

pendix Q).

C QE Meta-Evaluation

Table 11 gives each axis in full, against both con-
trols, and Table 12 the per-pair four-shot compli-
ance behind Table 7. The per-pair correlations are
in Appendix F and the cross-lingual fits in Table 5.



Pair n k o ICC(1) ICC(1,k) SD
en-hi 15,102 4.00 0.218 0.218 0.528 11.5
en-mr 28,999 3.95 0.080 0.077 0.247 16.1
en-ta 8,790 3.00 0.574 0.574 0.802 7.6
en-te 13,157 3.00 0.910  0.910 0.968 2.2
en-gu 9,109 3.00 0.540  0.540 0.779 10.3
en-ml 10,000 3.00 0.955  0.955 0.985 4.4
et-en 9,000 3.67 0.770  0.751 0.917 10.5
ne-en 8,649 3.66 0.744  0.733 0.909 8.9
si-en 8,739 3.67 0.783  0.764 0.922  10.0
pooled 111,545 3.54 0.690  0.677 0.881 10.2

Table 10: Agreement on the direct assessments. n
is instances with at least two annotators, k the mean
number of annotators. « is Krippendorff’s interval al-
pha and ICC(1) a one-way random-effects coefficient,
both for a single rater; ICC(1,k) is the reliability of
the mean, which is the label models predict. SD is the
mean within-segment standard deviation on the 0—100
DA scale, which is the same quantity without a normal-
ising denominator.

Axis Pairs Flagged pon pectl Plain  Matched (95% CI) Neg.
Al 9 4,832 0.239 0.241 —0.205 —0.003 (004005  4/9
A2 7 3477 0418 0.352 +40.023  40.066 ro011,+0.122) 2/7
A3 7 3,879 0.363 0.344 —0.032  +0.019 po00s,s00321  2/7
A4 7 1,320 0.234 0.366 —0.284  —0.146 -0270.-0.059 77

Table 11: Each difficulty axis over the nine systems and
the pairs that carry it. p on is the correlation on the
flagged segments and p ctl on the DA-matched control.
Plain contrasts the flagged segments with all the remain-
ing segments of the same pair, Matched with the control
that shares their score histogram; the interval is a boot-
strap over pairs and the last column counts the pairs on
which the matched contrast is negative. Al loses its en-
tire effect to the control and A4 about half of one, which
it keeps on every pair.

D The Axes Pair by Pair

Table 13 breaks the matched contrast of §3 down
to the pair, averaged over the nine systems. It
shows what the aggregate hides. A4 is negative
on all seven pairs, but the size is uneven: —0.598
on en-ml against —0.061 to —0.088 on the three
en—Indic pairs whose A4 cells are large. Drop-
ping en-ml, whose A4 cell is 34 segments, moves
the mean from —0.146 to —0.071; dropping any
other pair leaves it between —0.154 and —0.165.
The claim this paper makes is the sign and its con-
sistency, not the magnitude, which one small cell
dominates.

A1 is the mirror image. Its mean is zero because
the pairs disagree: —0.12 on en-gu and —0.11 on
en-ml against 4-0.09 on ne-en. Splitting by pair is
what shows that there is no effect there to explain,

Model en-hi en-mr enta ente en-gu en-ml eten ne-en si-en

BharatGPT-3B 0.978 0.966 0.492 0.013 0.604 0.058 0.086 0.591 0.232
Llama-3.2-3B — 0.851 0.885 0.409 0.779 0.088 0.000 0.063 0.931
tiny-aya 0.997 0.996 1.000 0.998 0.967 0.469 1.000 0.972 0.348
aya-expanse-32B 0.993 0.986 0.999 0.995 0.997 0.999 0.980 0.999 0.932
sarvam-m 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
GPT-5.5 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 12: Output-format compliance under four shots,
by pair: the share of segments returning a single
GEMBA-DA score, counting a bare number or a la-
belled number and rejecting prose and multi-number
replies (§3). Failure is model-specific by pair and not
predicted by the macro rate: BharatGPT-3B holds
above 0.96 on en-hi and en-mr but returns 0.013 on
en-te, while sarvam-m and GPT-5.5 comply every-
where. At zero shots no cell falls below 0.998 except
aya-expanse-32B’s, which reach down to 0.868 on
ne-en, so the failure is specific to the four-shot prompt.
Llama-3.2-3B was not run on en-hi. sarvam-t is a
translation model, complies at 0.003, and is omitted
from the QE evaluation. A correlation computed over a
low compliance rate rests on a self-selected subset, so
we report the two separately.

rather than an effect the aggregate happens to can-
cel.

A4 has two arms, and they fall on almost disjoint
pairs. The arm holding segments scored below par
for their pair yet barely edited is carried by en-hi,
en-mr, en-ta and et-en, 1,149 segments in all, and
its matched contrast is —0.070, negative on every
one of them. The converse arm, scored well yet
error-dense, is what en-ml, ne-en and si-en carry,
and at 123 segments over three pairs it is negative
on two of the three, with the en-ml cell doing all
the work. Those two figures cover the cells large
enough to estimate, 1,272 of A4’s 1,320 segments;
the remaining 48 sit in arm cells below the thirty-
segment floor. The consistent half of A4 is there-
fore the barely-edited arm. It is not an artefact of
arelease recording an unedited segment as its own
post-edit either: across its four pairs the share of
the arm whose post-edit is identical to the MT runs
from none at all on et-en and 1% on en-hi to 94%
on en-ta, and the contrast is the same size at both
ends.

E Axis Thresholds by Pair

Every threshold in §2 except A1’s [35, 75] quality
band is taken within language pair, over the whole
release rather than over a split, so a segment’s flag
does not depend on which split it landed in. Ta-
ble 15 gives the resulting numeric cut for each pair,
so any flag can be recomputed from the released
columns without running our code. The cuts differ



Al A2 A3 A4
Pair n Ap n Ap n Ap n Ap
en-hi 478 +40.054 420 +0.191 622 +0.019 381 —0.070
en-mr 982 —0.014 929 +0.119 704 +0.027 349 —0.088
en-ta 723 —0.000 726 +40.090 757 +0.033 375 —0.061
en-gu 404 -0.115 — _ - _ - —
en-te 538 +40.016 — —_ - — - —
en-ml 523 —0.108 712 —-0.053 957 -+0.036 34 —0.598
et-en 379 +0.042 303 -0.014 304 -0.012 73 -0.102
ne-en 288 +0.092 283 +40.060 273 40.037 53 —0.036
si-en 517 +0.009 104 +0.070 262 —0.005 55 —0.068

Table 13: Matched contrast per pair and axis, averaged
over the nine systems, with the number of flagged seg-
ments beside it. A dash is a label the pair does not carry.
Only A4 holds one sign across every pair.

Pair Segments A1 A2 A3 A4
en-hi 1,881 478 420 622 381
en-mr 2,165 982 929 704 349
en-ta 2,038 723 726 757 375
en-gu 1,090 404 — — —
en-te 1,120 538 — — —
en-ml 1,436 523 712 957 34
et-en 1,000 379 303 304 73
ne-en 1,000 288 283 273 53
si-en 1,000 517 104 262 55

Table 14: Segments on each difficulty axis, per pair, on
the DA-bearing challenge test (12,730 segments over
nine pairs). A dash is a label the pair does not have,
not an axis it scores zero on: en-gu and en-te ship as di-
rect assessments with no post-edits, word tags or error
categories. A segment may sit on more than one axis.
The domain composition of the same test set is in Ta-
ble 19.

enough between pairs to matter: the direct assess-
ment at which a segment enters the bottom 30% of
its pair is 79.2 for en-hi and 25.0 for ne-en, which
is why an axis defined on a corpus-wide cut would
be a statement about the pair and not about the seg-
ment.

One cut is unreachable. A4’s lower arm needs
a token TER half a standard deviation below its
pair’s mean, and on en-ml that cut falls at —0.08,
because 44.4% of its post-edits leave the MT un-
touched and the remainder are heavily edited, giv-
ing a mean of 0.204 against a standard deviation
of 0.563. No segment can satisfy it, which is why
en-ml’s A4 is entirely the upper arm. The same
threshold behaves differently again on en-ta, where
it falls at 0.05 and so selects the zero-edit segments
almost exclusively. The arm is defined relative to

each pair, and what that picks out is a property of
the pair’s edit distribution as much as of the seg-
ment.

Top quartile n+o/2 A4 lower arm
Pair da_std TER bad DA bad DApsy TERu—o0/2
en-hi 1274 0.67 050 85.73 048  79.25 0.33
en-mr 18.99 0.30 0.21 74.96 0.25  66.50 0.11
en-ta 8.58 0.50 0.38 91.81 0.39  81.67 0.05
en-gu  12.73 — — 9161 — 7833 —
en-te 2.36 — — 8349 —  T71.67 —
en-ml 471 031 040 86.48 0.36  56.67 —0.08
et-en 11.40 0.62 0.36 78.57 0.34  48.67 0.36
ne-en  10.50 0.92 0.74 47.83 0.67  25.00 0.61
si-en 11.43 091 0.71 6481 0.65  28.00 0.59

Table 15: The numeric cut each pair receives, over
the whole release. The first three columns are the top-
quartile cuts that define A1, A2 and A3; the next two the
half-standard-deviation cuts of A4’s upper arm; the last
two the bottom-30% and low-edit cuts of its lower arm.
A dash marks a signal the pair does not have.

F Per-Pair QE Decomposition

Table 16 gives the full per-pair breakdown behind
the macro columns of Table 4: nine systems on
all nine pairs of the challenge test. The trained
metrics cover every DA-bearing segment and the
prompted models only the ones they comply on, so
the cells within a row share a population and those
across rows do not. BharatGPT-3B scores near
zero throughout, never above 0.16 and negative
on si-en, and follows neither pattern below. Tel-
ugu carries the lowest column mean, 0.119 against
0.274-0.364 for the other en—Indic pairs, and is
the lowest-scoring pair for seven of the nine sys-
tems; the exceptions are BharatGPT-3B, lowest on
si-en at —0.091, and L1ama-3.2-3B, lowest on en-
mr by 0.006. We leave it as an open question rather
than explain it away. The X—en directions score
above the en—Indic directions on average for ev-
ery system that scores above chance, which is con-
sistent with the direction split of Appendix G.

G Direction Scope in Cross-Lingual
Correlation

The cross-lingual score of §3 is a correlation across
language pairs between per-pair model means
and per-pair human means, with one point per
pair. InpicQE-APE contains two translation direc-
tions whose human scores occupy separate ranges:
mean DA is 67.9-83.6 over the six en—Indic pairs
and 37.8-64.9 over the three X—en pairs. Pooling
them places two clusters on the scatter, so a model



en—Indic X—en

Model en-hi en-mr en-ta en-gu en-te en-ml et-en ne-en si-en macro
BharatGPT-3B 0.089 0.085 0.107 0.101 0.027 0.130 0.153 0.073 —-0.091 0.075
Llama-3.2-3B 0.183 0.081 0.182 0.082 0.087 0.122 0.380 0.225 0.208 0.172
tiny-aya 0.204 0.186 0.227 0.215 0.039 0.107 0.497 0.369 0.244 0.232
aya-expanse-32B 0.294 0322 0425 0.247 0.094 0.336 0.504 0.332 0.337 0.321
sarvam-m 0.311 0411 0427 0.294 0.137 0382 0472 0.355 0.306 0.344
GPT-5.5 0.399 0.529 0488 0.485 0.180 0.467 0.605 0.544 0.452 0461
CometKiwi-DA 0.350 0.546 0.488 0452 0.175 0.405 0.623 0.565 0.464 0452
CometKiwi-XL 0.450 0.565 0.574 0.522 0.214 0.374 0.660 0.603 0.513 0.497
XCOMET-XL 0.187 0.404 0.359 0.399 0.117 0.247 0.608 0.471 0.403 0.355
mean 0.274 0348 0.364 0.311 0.119 0.285 0.500 0.393 0.315

Table 16: Per-pair Kendall 7 against human DA for every system in Table 4, on the challenge test. The trained
metrics cover all 12,730 DA-bearing segments and the prompted models the 12,552 to 12,730 they comply on.
Prompted models above the rule, trained metrics below. Bold marks the best system per column, and the lowest
column mean. sarvam-t is omitted from the QE evaluation (compliance). Telugu carries the lowest column mean,
and the X—en directions score above the en—Indic ones on average for every system that scores above chance.

that does no more than register that X—en is the
harder direction earns a large coefficient without
ordering anything within either direction.

Table 17 measures the size of that effect. For
six of the ten systems the pooled and scoped co-
efficients differ by more than 0.4, and for four
of them by more than 0.85: aya-expanse-32B
moves from +0.92 pooled to —0.22 scoped,
Llama-3.2-3B from +0.81 to —0.27, tiny-aya
from 4+0.94 to 4+0.08, and a reference-based
MetricX-24 from —0.93 to —0.04. Under the
scoped estimate only two systems have a boot-
strap interval that excludes zero, sarvam-m and
XCOMET-XL.

The cross-lingual coefficients quoted in the
body of this paper are therefore scoped to
en—Indic. More generally, a cross-lingual coef-
ficient estimated from one point per language pair
is weakly identified at the number of pairs any cur-
rent Indic benchmark provides, and pooling trans-
lation directions inflates it in a direction that is easy
to mistake for skill. We report the coefficients be-
cause they are the established summary, not be-
cause these points support a confident estimate.

H Direct Assessment on the Full
Population

Table 18 reports segment-level Spearman correla-
tion with human direct assessment away from the
challenge test, on the 81,315 DA-bearing rows this
scoring pass covers, with zero-edit rows included.

System pooled (k=9) en—Indic (k=6) 95% CI
GEMBA-DA prompted, challenge test

BharatGPT-3B —0.45 —0.46 [~1.00, +0.40]
Llama-3.2-3B 0.81 —0.27 [-0.93, 4+0.82]
tiny-aya 0.94 0.08 [—0.93, 4+0.89]
sarvam-m 0.91 0.84 [+0.42, 4+0.98]
GPT-5.5 0.94 0.52 [—0.54, +1.00]
aya-expanse-32B 0.92 —0.22 [-0.95, 40.79]
trained metrics, full-population pass (81,315)

CometKiwi-XL 0.12 0.34 [-0.28, +1.00]
XCOMET-XL 0.73 0.91 [+0.74, +1.00]
MetricX-24 (QE) —0.94 —0.38 [-1.00, 40.51]
MetricX-24 (ref) —0.93 —0.04 [-0.98, +0.95]

Table 17: Cross-lingual Pearson correlation, pooled
over all pairs against scoped to the six en—Indic pairs,
with a percentile bootstrap interval over pairs for the
scoped estimate. MetricX-24 is an error score, So its
sign is reversed relative to the others; its reference-
based mode covers seven pairs pooled and four scoped,
because en-gu and en-te carry no post-edits. The two
blocks are computed on different populations and are
not directly comparable to each other. Bold marks
the two systems whose scoped interval excludes zero.
Source: scripts/xling_direction_scope.py.

That is not all 111,974 DA-bearing rows of Table 1.
Four pairs are covered in full and five are scored
short: en-hi 4,027 of 15,136, en-mr 20,625 of
29,182, en-ta 3,578 of 9,002, ne-en 8,332 of 8,649
and si-en 3,487 of 8,739. All three metrics cover
the same rows, so the columns are comparable with
each other; they are not a measurement over the re-
lease as a whole. CometKiwi-XL scores highest on
this axis. MetricX-24 shows a large asymmetry be-
tween translation directions: its mean error is 3.0—



Pair CometKiwi-XL XCOMET-XL MetricX
en-hi 0.467 0.080 —0.255
en-mr 0.632 0.443  —0.420
en-ta 0.640 0.243 —0.433
en-ml 0.499 0379 —-0.434
en-gu 0.678 0462 —0.435
en-te 0.395 0.281 —0.294
et-en 0.772 0.700 —0.679
ne-en 0.706 0.562 —0.591
si-en 0.702 0.568 —0.584

Table 18: Segment-level Spearman p against human DA
on the 81,315 DA-bearing rows the full-population pass
covers, of the 111,974 in the benchmark, zero-edit rows
included. MetricX-24 is an error score, so a negative
correlation is the correct direction; CometKiwi-XL and
XCOMET-XL are quality scores. MetricX-24 is shown in
QE mode so that all nine pairs are covered; its reference-
based mode exists only for the seven pairs with post-
edits and is not applicable on en-gu/en-te. Zero-edit
rates differ sharply by direction, and the two directions
should not be pooled into one correlation.

3.7 on en—Indic against 6.9—10.3 on X—en, in the
same direction as the zero-edit rates (1.4—45% on
en—Indic against 0% on X—en). MetricX runs
reference-free here and never sees a post-edit, so
the zero-edit rate is not acting on it; it is a proxy
for how much repair the MT needed, and the two
together say the en—Indic hypotheses are the bet-
ter ones. That is a further reason not to pool the
two directions (Appendix G).

I Benchmark Distributions

Worked examples of each axis. Table 20 shows
one verified en-hi segment on each of the four axes,
with the signal that places it and one unflagged seg-
ment for reference. The A4 example makes the axis
concrete. Its direct assessment of 77.8 sits inside
the bottom 30% of the en-hi distribution, whose
mean is 81.2, while the post-editor changed under
a third of its tokens against a pair mean of 0.514:
the holistic reading is that the segment is below par
for this pair, the edit record is that little needed do-
ing, and the axis selects that disagreement.

Domain composition. Table 19 gives the do-
main distribution of the same challenge test.

J Duplication and Split-Hygiene Checks

The release ships two read-only verification
scripts. verify_tab_composition.py re-

Domain Count  Share
general 4,477  35.2%
tourism 2,117  16.6%
legal 1,834  14.4%
health 1,834  14.4%
other 800 6.3%
education 589 4.6%
news 518 4.1%
finance 332 2.6%
tech 132 1.0%
sports 97 0.8%
Total 12,730  100%

Table 19: Domain composition of the DA-bearing chal-
lenge test, nine pairs. 8,974 labels are annotated and
3,756 inferred; news, finance, tech and sports are gold-
only en-ml domains and are never inferred onto another
pair.

derives every per-pair and per-label count of
Table 1 from the live repository and fails on
drift. audit_duplication.py checks the two
properties that the build can get wrong: that
each task configuration drawn from the master
table is an exact view of it, so a configuration
cannot be built from a stale snapshot or acquire
rows of its own. mqm is the one exception and is
checked separately: 2,327 of its 4,490 rows are
the DA-paired MQM segments of full and the
other 2,163 are MQM-only, outside the 126,754,
which is why Table 1’s MQM column reads 2,327
against Table 3’s 4,490. The audit also checks
and that no exact instance and no source sentence
crosses a train, validation or test boundary. The
second is a regression test on the split builder,
which enforces source-disjointness by construc-
tion. Both pass on the current release, whose
master full configuration holds 126,754 rows.
Note that uid is a hash of the normalised source
and MT, so distinct rows have distinct identifiers
by construction rather than by audit; what the
merge establishes is that segments shared between
corpora were collapsed and not duplicated.

K Layer-Probing and
COMET-Regression: Protocol and
Full Results

Layer-probing (§4). The probe of §4 uses a 4-bit
QLoRA backbone, trains on the all split against
DA and is evaluated on the matched challenge
split. Layers {—5,—7,—11,—16,—20, —24} are
swept; Table 24 gives the Spearman over all seg-
ments for every pair and layer behind the best-layer



Axis

Example (English source; Hindi MT; IAST; note)

DA  Signal that places it All axes

no axis

EN Raja and Chhaya fall in love and decide to get married. 98

DA 98, da_std 2 —

HI (ST 3R B/ 9R | 98 Sd & 3R 2Mer 3 &0

AT R 2l

raja aura chaya pyara mem para jate haim aura sadi karane

ka phaisala karate haim)|
faithful; fall in love — X " UgHT is correct.

Al EN A hole is shown in the mquth.
HIHE H B¢ I E

mumha mem cheda dikhaya gaya hai|

the translation is sound; the annotators simply split.

A2 EN Blown through the opening at the end of the neck. 78

HITST & 3d ¥ Bg & 71y F 9g4qr1 2

68  da_std 40; scores [95, 100, 76, A1l
0]

TER 0.67, the pair’s top quar-
tile

A2, A3

gardana ke amta mem chidra ke madhyama se bahata hai|
blown mistranslated as Sgdl % (‘flows’); the post-edit rewrites

it.

A3 EN The terracotta human head with a pointed headdress. 80

BAD-tag density 0.85 A2, A3

HI 3ThieT (terracotta) HIAT R ﬂﬁ@' =Y &

RIRN

terakota (terracotta) manava sira eka nukile Sirsa ke sathal
headdress — 2 é (‘top’); terracotta left untranslated.

Al EN Plus we avoided a lot of confusion and wrote a cleaner 78

code.

DA 78 against a pair mean of A3, A4

81.2, TER 0.29 against 0.514

HI 397 T&TET A 9gd 99 & 94 3R THh HR

Hi foram|

isake alava hamane bahuta bhrama se baca aura eka klinara

koda likha

below par for en-hi on the holistic score, yet the post-editor

changed little.

Table 20: Verified en-hi segments from the challenge config, one on each difficulty axis and one on none, with
the signal that places each. da_std is the standard deviation of the annotator scores, TER is MT—post-edit token
TER, and BaD-tag density the fraction of word-level BaD tags. The last column lists every axis the segment carries,
because the axes overlap: the A2 exemplar is also error-dense and the A4 one also carries A3. Thresholds are taken
within pair, so A4’s direct assessment of 78 is in the bottom 30% of en-hi, whose mean is 81.2, while its TER of
0.29 is well under the pair’s 0.514: the score says below par, the edit record says little needed doing.

summary of Table 25.

COMET-regression (§5). The hybrid head fun-
nels upper encoder layers ([12,16,20,—1] on a
24-layer encoder), optionally adds TSA / TSE at-
tention features and a length ratio, and regresses
per-pair z-scored DA under a Huber loss (0=1).
Training: joint over five en—Indic pairs (en-hi, en-
mr, en-ta, en-gu, en-te; 64,416 segments), batch
8 X gradient-accumulation 2, max length 256,
4 epochs, learning rate 3 x 1075, selection on
dev Pearson; evaluated on the 8,160-segment chal-
lenge test. That build predates a late data fix and is
short 28 en-hi, 41 en-mr and 65 en-ta rows against
the released five-pair test of 8,294; the reseeded
runs of Table 22 use the released build, so a row
there can span both. The 134 rows do not move
a cell: E3 funnelling: none gives 0.097 on the

shorter build and 0.096 and 0.097 on the longer
one. The six-pair runs of §5 add en-ml and use
the released data throughout (72,806 train, 9,730
test). Each design axis is varied alone from the
CometKiwi reference (Table 21). Per-instance test
predictions (item_id, language pair, gold, pre-
diction) are saved for every run, from which the
per-pair, per-axis and cross-lingual analyses of §5
are computed. The COMET-regression code is in
experiments/comet_qe/.

Pairwise accuracy against correlation. Corre-
lation and pairwise accuracy with tie calibration
give the converged runs the same broad order (Ta-
ble 21). They swap two adjacent pairs, AO against
A3 and Huber against CCC, and in both the two
runs are within 0.006 Spearman of each other.
Where they part is on the failed runs, and that is



Ablation (one axis from the reference) p r acc;q RMSE Configuration s=42 s=43 s=44 s=42'
EI encoder XLM-R-large (no QE) 0.440  0.440 0.649 1.72 (a) The four collapsed runs, reseeded
COMET-DA (ref-based) 0.491 0.497 — 1.67 E3 funnelling: none 0.097  0.096 0.097 — collapses at every seed

CometKiwi (ref-free, CLS+funnel; A0) 0.580 0.590  0.709 1.63

InfoXLM-large (arch, no QE FT)$ —0.001 —-0.002 0.006 2.22
E2 features AO 0.580 0.590 0.709 1.63
+TSA (A} 0.085 0.094 0.524 2.03
+TSA+TSE (A2) 0.557 0.570  0.697 1.65
+TSA+TSE+len (A3 = reference) 0.585 0.600 0.707 1.60
E3 funnelling none (last layer) 0.097 0.084 0.529 1.98
[8,10, —1] (mis-pick) 0.486 0.497  0.670 1.68
[16, 20, —1] (upper) 0.573 0.570 0.704 1.64
[12, 16,20, —1] (reference) 0.585 0.600 0.707 1.60
E4 loss Huber =1 (reference) 0.585 0.600 0.707 1.60
Huber 6=0.5¢ 0.089 0.076  0.526 2.01
MSE 0.291 0.302  0.595 1.89
ccc 0.579 0.583 0.708 1.66
ES5 target per-pair z (reference) 0.585 0.600 0.707 1.60
raw DA 0-100° div. div. 0.006 4497
min-max [0, 1] 0.625  0.662 0.727  0.16

Table 21: Full comet-QE ablation on the en—Indic chal-
lenge test (within-language, segment-level). accg, is
pairwise accuracy with tie calibration (Deutsch et al.,
2023). One axis is varied from the CometKiwi refer-
ence. Correlation and pairwise accuracy order the con-
verged runs alike except for two adjacent swaps within
0.006 Spearman. 'TRMSE is on the [0, 1] target scale
and not comparable to the z-scale rows. frun that col-
lapsed to near-mean prediction at one seed. Srun that
produced a near-constant score at the seed shown; for
InfoXTM this is a seed effect and not a property of the
encoder. A constant score sends accy, to the gold tie
rate (0.006), which separates it from the merely weak
runs at 0.52-0.53; the correlations do not make that dis-
tinction.

informative. A run that produces a constant score
has its accg, fall to 0.006, the rate at which the hu-
man labels themselves tie, because a constant pre-
dictor calls every pair a tie. Runs that reach 0.52
to 0.53 sit above the tie rate but near chance on
ordering. Spearman puts both kinds in the same
band (—0.001 to 0.097) and cannot tell a model
that emits one number from one that orders seg-
ments weakly. The two have different causes, a
training failure against a weak configuration, and
only the first is likely to go away at another seed,
which is what the reseeding below tests.

Seed stability. Four of sixteen runs collapsed to
near-mean prediction. A single seed cannot sepa-
rate an unhelpful setting from an unlucky initial-
isation, so each was run at three seeds and a col-
lapse is reported only where it holds at all three.
Removing multi-layer funnelling collapses at ev-
ery seed, to within 0.001 (0.097, 0.096, 0.097), so
the claim in §5 that funnelling is necessary rests
on all three. The InfoXLM encoder is unstable
rather than collapsed: its three seeds give —0.001,

unstable
recovers

El encoder: InfoXLM ~ —0.001  0.525 0.229 —
E2 features: AO+TSA  0.085 0.557 0.575 0.537

E4 loss: Huber 0.5 0.089  0.566 0.556 0.574 recovers

(b) Additional arms (single seed)

Six pairs, AO 0.596 — — — headline population
Six pairs, reference 0.581 — — —

X—en repro, reference 0.668 — — — external check
X—en repro, AO 0.655 — — —

Table 22: Seed stability and additional arms, test Spear-
man. (a) Each configuration that collapsed to near-
mean prediction was run at three seeds; s=42' is a
fourth run at the first seed. Only E3 funnelling: none
collapses at all three, so it is the one collapse at-
tributable to the configuration; the other two recover,
and their low values are not properties of those settings.
(b) AO is the funnel-only configuration and reference
adds the attention features and the length ratio. The
six-pair arms are the two figures §5 reports; the X—en
arms run the same two configurations on MLQE-PE
passthrough pairs, as an external check on the training
pipeline. Rows in (a) marked s=43 or s=44 are on the
released 8,294-row five-pair test and the rest on the ear-
lier 8,160-row build (Appendix K).

Zero-shot (p) gu hi ml mr ta te all

CometKiwi-DA  0.62 0.49 0.58 0.74 0.68 0.25 0.588
CometKiwi-XL 0.70 0.62 0.54 0.76 0.76 0.31 0.608
XCOMET-XL  0.56 0.27 0.36 0.58 0.51 0.17 0.406

Table 23: Zero-shot COMET per-pair Spearman on the
en—Indic challenge test (n=9,730). en-te is the hardest
pair for every metric, echoing the LLM pattern of §3.

0.525 and 0.229, a spread of 0.526, so we report
the spread and do not rest the encoder ordering on
it. The remaining two recover at other seeds (0.537
and 0.574), so their low values are not properties
of those settings (Table 22).

No design choice escapes A4 (§5). The ablation
build gives seven trained configurations that differ
in encoder, loss and target scale, and every one of
them is worse on A4 than on a DA-matched control,
on each of the three pairs the build carries the axis
on. The contrast runs from —0.095 for the MSE
loss to —0.129 for the CCC loss, and the min—-max
target, which is the strongest configuration by over-
all correlation, sits at —0.099. Changing what the
head reads, what it is penalised by and what scale
it predicts on all leave the axis intact.

L. The English-Malayalam Annotation

English—-Malayalam is the only pair in INnpDICQE-
APE whose annotation is new, so it is the only one
whose protocol is ours to report. It was produced



tiny-aya p, all segments -5 -7 -1 =16 —-20 -24
en-gu 0.635 0.662 0.630 0.647 0.643 0.605
en-hi 0.436 0.412 0.436 0.430 0.449 0.402
en-ml 0.431 0.462 0.515 0.505 0.499 0.512
en-mr 0.653 0.666 0.659 0.661 0.644 0.614
en-ta 0.628 0.642 0.625 0.662 0.643 0.610
en-te 0.223 0.261 0.229 0.249 0.282 0.233
mean 0.501 0.517 0.516 0.526 0.527 0.496

Table 24: Layer-probing sweep behind Table 25: Spear-
man over all segments, per pair and layer (tiny-aya,
challenge split). Averaged over pairs the signal peaks
at layer —20 and the two ends of the swept range, —5
and —24, are weakest; the best layer is pair-dependent.
Layers are counted back from the output, so —24 is the
furthest from it and the final layer is not swept.

Pair Best layer p r

en-gu -7 0.662 0.663
en-hi —20 0.449 0.635
en-ml —11 0.515 0.518
en-mr -7 0.666 0.662
en-ta —16 0.662 0.658
en-te —20 0.282 0.329
macro — 0.539 0.577

Table 25: Single-layer probe (tiny-aya) on INDICQE-
APE: the best layer per pair and its segment-level cor-
relation with human DA on the challenge split. The
layer is chosen by p on the same split it is scored on,
so the macro of 0.539 is an oracle over the six layers
swept; one layer fixed across pairs (—20) gives 0.527
(Table 24), and that is the figure §4 compares against.
Full layer sweep in Table 24.

under a one-year project funded by the European
Association for Machine Translation. The cura-
tion and annotation process is documented in the
project report (Sindhujan et al., 2025a). About half
of the segments were first released as the En—MIl
QE dataset of Sindhujan et al. (2026), which
pairs direct assessments with free-form Translation
Quality Remarks; the same annotators completed
the rest under the same guidelines. All 10,000 are
released here.

Source text and machine translation. Source
segments are drawn from the Anuvaad parallel cor-
pus, which is domain-labelled at source, so the en-
ml domain labels are gold for every row and are
never inferred. The released mix is news (2,227),
finance (2,151), tech (2,000), legal (1,892) and

[CLS] source [SEP] MT [SEP] (max 256)

N\

CometKiwi encoder (InfoXLM-large, 24 layers) ]

fine-tuned end to end, Ir3x107° E1
E3 L EZ
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Figure 1: The regression head over a COMET encoder,
and the five axes varied in Table 8. The encoder is
fine-tuned with the head, not frozen. TSA is the MT-
to-source attention mass and TSE its entropy.

sports (1,730). Candidate segments were filtered
on Language-agnostic BERT Sentence Embedding
similarity at a threshold of 0.8, so the pairs entering
translation are ones the source corpus itself aligns
confidently. Hypotheses were produced by Indic-
Trans2 (Gala et al., 2023). Segments were then se-
lected to spread the Translation Edit Rate between
the hypothesis and the corpus reference, so the re-
sulting DA distribution covers the range instead of
piling up at the top: on the challenge test en-ml’s
DA standard deviation is 25.1, second only to et-
en’s 27.9 and well above the 14.0-18.3 of the other
en—Indic pairs (Table 30). Before annotation be-
gan, a native Malayalam speaker fluent in English
reviewed a 25-segment sample to surface the error
types the guidelines would need to cover.

Who annotated it. Annotation was carried out
by a commercial annotation agency, which re-
cruited and paid its annotators under its own terms;
no crowdsourcing platform and no per-task micro-
payment was used. Every segment was scored by
three annotators, all native speakers of Malayalam
and fluent in English, and the release carries all
three scores per segment (da_scores) rather than
only their mean. Post-editing was done by a sep-
arate evaluator who took no part in the direct as-
sessment, so the post-edit is not the same person’s
second look at their own score.



Guidelines and quality control. Both tasks ran
the same way. A pilot of 500 segments was an-
notated first and reviewed against the guidelines;
the guidelines were revised on what that pilot ex-
posed, and only then did the main batches of 3,750
segments begin. Throughout, random samples
from each delivered batch were validated in weekly
meetings, discrepancies were put to all three anno-
tators together, and the affected segments were re-
annotated and re-checked in the following meeting.
The post-editing brief was to make the minimum
edit that carries the meaning of the source, which
is what makes the post-edit a repair of the hypothe-
sis and not an independent translation (§2). 44.4%
of en-ml post-edits leave the hypothesis untouched,
which is the highest zero-edit rate of the four APE
pairs and is consistent with a minimum-edit brief
on filtered source text.

What the effort bought. en-ml has the highest
annotator agreement in the benchmark, a = 0.955
and ICC(1,k) = 0.985 against a pooled 0.690
and 0.881 (Table 10), so the iterative-guidelines
protocol is visible in the numbers. It does not
make the pair easy. en-ml is mid-table for the
strongest prompted models and near the bottom for
others, second-lowest of nine for tiny-aya and
CometKiwi-XL (Table 16), so the most reliably la-
belled pair in the benchmark is nowhere near the
easiest. That is the clearest single case for the claim
of Appendix Q that label reliability does not pre-
dict difficulty.

Error remarks. Annotators were also asked for
a short description of the errors they saw. 8,951
of the 10,000 segments carry one, and they are
released as human Translation Quality Remarks,
flagged separately from the 5,000 model-generated
descriptions on the same pair (3,951 segments
carry both). The remarks are brief and were not
written to a typed error taxonomy, so they are weak
supervision for explainable QE and not MQM-
style annotation.

M Experimental Settings

Every setting below is read from the _meta block
that each result file carries, so it records what the
run actually used and not what a script defaults to.

Prompted models. Table 26 lists the identifiers.
Decoding is identical for all of them and for both
templates and both shot counts: greedy, tempera-
ture 0.0, top-p 1.0, at most 512 new tokens, seed 0.

Identifier Size  Served by
BharatGPT-3B CoRover/BharatGPT-3B-Indic 3.0B transformers
Llama-3.2-3B meta-llama/Llama-3.2-3B-Instruct 3.2B transformers
tiny-aya CohereLabs/tiny-aya-fire 3.4B transformers
sarvam-m sarvamai/sarvam-m 24B  VvLLM
aya-expanse-32B CohereLabs/aya-expanse-32b 32B  vLLM
GPT-5.5 gpt-5.5-2026-04-23 — OpenAlI API
sarvam-t sarvamai/sarvam-translate 4B  vLLM

Table 26: Models evaluated, with the size each model
card states. sarvam-t is a dedicated translation model
and appears in the APE evaluation only (§6); it does not
follow either QE template. Sizes for the closed model
are not published.

An earlier pass capped generation at 8 tokens and
was discarded, because a cap that short truncates a
reasoning preamble mid-number and turns a com-
pliance failure into a wrong score. Few-shot exam-
ples are drawn from the training split of the same
language pair, fixed across segments, and identical
across models. Open models run under vLLM at
24B and above and under transformers below;
the closed model runs through the OpenAl API at
a pinned dated snapshot.

Trained metrics. CometKiwi-DA
is Unbabel/wmt22-cometkiwi-da,
CometKiwi-XL is

Unbabel/wmt23-cometkiwi-da-x1 and
XCOMET-XL is Unbabel/XCOMET-XL, all
run reference-free through unbabel-comet
2.2.2 at default batch size.  MetricX-24 is
google/metricx-24-hybrid-x1-v2p6. The
COMET-encoder head of §5 is built on the
CometKiwi encoder extracted from the first
of these; its training hyper-parameters are in
Appendix K.

Surface metrics. chrF++, word-level TER
and BLEU come from sacrebleu 2.4.2
(Post, 2018) at corpus level, chrF++ as
corpus_chrf (word_order=2). The signa-

tures are

chrF2++|nc:6|nw:2|space:no|v:2.4.2
TER |norm:no|punct:yes|
asian:nol|case:mixed|v:2.4.2
BLEU|nrefs:1|case:mixed|
eff:noltok:13alsmooth:explv:2.4.2

char-TER is ours and is not a sacreBLEU met-
ric: it is the total Levenshtein distance in charac-
ters between hypothesis and reference, divided by
the total reference length in characters and micro-
averaged over the corpus. We make it the primary
edit metric because the 13a word tokeniser charges
a whole-word edit for a one-character inflection,



which inflates TER and deflates BLEU on agglu-
tinative targets. Appendix N gives the word-level
numbers, so Table 9 can still be read against a
shared-task table.

Hardware. Open models were served on one
GPU per job on a Slurm cluster, an NVIDIA L40S
(48 GB) for models up to 24B and an A100 (80
GB) for the 32B model. The layer probe is a 4-
bit QLoRA backbone on one L40S. The COMET-
encoder head trains on one GPU in fp16. All anal-
ysis is CPU-only and runs from saved per-instance
predictions, so every number in this paper can be
recomputed without a GPU. Those predictions are
released as an evidence bundle beside the code:
one record per scored segment carrying the iden-
tifier and either the parsed score or, for a prompted
model, the raw reply the parser saw; the regression
head’s per-instance predictions; and the aggregate
tables the generators splice from. A manifest maps
each file to the table it backs, and every identifier
is a uid in the released dataset, so the two join on
one column.

Why the parser is strict. Taking the first or near-
est number from any reply reports full compli-
ance and returns a value for every segment, but on
our four-shot outputs it reads the range in Score
(0-100) : 88 as 0, the enumerator of a prose an-
swer beginning 1. as 1, and the first entry of a
four-number reply, which is a score for one of the
prompt’s own examples, as the score for the test
segment. The strict rule of §3 rejects all three and
counts the segment as non-compliant instead.

The two prompt templates. Both follow
GEMBA (Kocmi and Federmann, 2023).
{src_name} and {tgt_name} are the Ilan-
guage names in English. Few-shot examples
repeat the user block with its answer before the
test segment’s user block.

GEMBA-DA, system:

Score the following translation from
{src_name} to {tgt_name} on a
continuous scale from O to 100, where
a score of zero means "no meaning
preserved" and a score of one hundred
means "perfect meaning and grammar".
Reply with only the integer score and
nothing else.

GEMBA-SQM, system:

Score the following translation from
{src_name} to {tgt_name} on a
continuous scale from O to 100 that

starts with "No meaning preserved",
goes through "Some meaning
preserved", then "Most meaning
preserved and few grammar mistakes",
up to "Perfect meaning and grammar".
Reply with only the integer score and
nothing else.

User block, both templates:

{src_name} source:
{tgt_name} translation:
Score (0-100):

"{sourcel}"

" {mt} "

The two differ only in whether the system mes-
sage names the intermediate points of the scale.
Both close with the same instruction to return a
bare integer, so the compliance rates of §3 measure
instruction-following and not a preference about
formatting.

The APE prompts. §6 runs two tracks at zero
shots, both under the decoding settings above. The
post-editing track gives the model the MT to repair:

Post-edit, system:

You are an expert post-editor. Given

a source sentence and a machine
translation, produce a corrected
translation that is fluent, accurate,
and faithful to the source. Reply
with only the corrected translation,
no explanation.

User block:

Source ({src_name}): {source}

Machine translation ({tgt_name}):

{mt}

Corrected translation ({tgt_namel}):
The retranslation track is for a dedicated MT
system, which is not an instruction-following
model and is not shown the MT. Its for-
mat follows the sarvam-t model card, a sys-
tem message of Translate the text below
to {tgt_name}. with the source as the user
block. The output is scored exactly as a post-edit
would be, which is what makes the sarvam-t row
of Table 9 comparable to the other two.

N APE under Word-Level Metrics

Table 27 repeats Table 9 under the two metrics the
APE shared tasks report. The conclusion does not
depend on the choice: the unedited MT wins on en-
mr, en-ta and en-ml under all four surface metrics
and loses on en-hi under all four. What changes
is the size of the gap. On en-ta the unedited MT
is 17.8 TER points ahead of the best system un-
der word-level scoring and 11.1 ahead under char-
TER, because a Tamil inflection costing one char-
acter costs a whole word under 13a tokenisation.



Model Pair TER| BLEU?T
en-hi 55.1 36.9
do-nothin en-mr 34.2 61.6
& en-ta 56.2 53.5
en-ml 38.7 60.9
en-hi 47.6 38.5
_ en-mr 51.1 38.1
SarvamTil  enta 747 263
en-ml 62.7 29.8
en-hi 43.6 42.4
sarvam—t en-mr 59.1 28.6
en-ta 86.0 18.1
en-ml 71.2 20.6
en-hi 56.0 34.7
tinv-ava en-mr 46.1 50.7
TYTAYR  enta 740 367
en-ml  48.5 49.6

Table 27: APE under word-level sacreBLEU TER and
BLEU, on the same rows as Table 9. Bold marks the
best of the four rows per pair and metric. Signatures are
in Appendix M.

O English-Hindi MQM Layer

Language is one way to group segments, and if
the effect above is a property of these metrics and
not of that particular grouping, it should appear
under another grouping with the same structure.
The en-hi MQM layer supplies one. MQM (Lom-
mel et al., 2014) scores a segment by weighting
typed, localised error spans, and is the protocol
WMT adopted for metric meta-evaluation after Fre-
itag et al. (2021) showed crowd-sourced DA to
disagree with expert judgement on system rank-
ings. Our layer is annotated in two batches with
different quality profiles: an EAMT re-annotation
of segments already in the benchmark and the
WMT24 general-MT test set, new here. On the
test split the EAMT batch averages 97.56 and the
WMT?24 batch 90.55; over the whole layer the
EAMT batch averages 98.35. Both are en-hi, so
language is held fixed and only the batch varies.
Scoring the three COMET metrics against MQM
gold and splitting by batch reproduces the pattern
(Table 28). For CometKiwi-XL the pooled Spear-

man is 0.116 against 0.276 and 0.219 within the
two batches, and for XCOMET-XL it is 0.029 against
0.243 and 0.052. A pooled correlation below both
of its parts is only possible if the metric orders
the groups against the human ordering, and that is
what happens: humans rate the EAMT batch above
the WMT?24 batch, while both XL metrics score
the WMT?24 batch higher. CometKiwi-DA orders
the two batches correctly and shows no such col-
lapse (0.330 pooled against 0.307 and 0.375); it is
also the system that was well behaved across lan-
guages.

The effect is therefore a per-group offset rather
than a per-language one: the same two systems mis-
place whole groups of segments relative to each
other, whether the groups are languages or anno-
tation batches, and the misplacement runs against
quality in both cases. This also rules out the al-
ternative explanation for the low pooled figures.
Range restriction would predict the near-ceiling
EAMT batch (gold standard deviation 1.96) to cor-
relate worse than the spread WMT24 batch (7.54);
it correlates better for two of the three metrics,
which is the opposite of attenuation.

On the 2,327 segments carrying both a human
DA score and an MQM score, the two human sig-
nals agree moderately (Pearson 0.573, Spearman
0.518, Kendall 0.366): correlated, but far from in-
terchangeable, so MQM is a complementary label
rather than a re-encoding of DA.

Span coverage. Every MQM segment carries
a score, but only a minority carry localised er-
ror spans. Of the 2,327 scored segments, 549
have spans and 160 score exactly 100 and cor-
rectly have none; the remaining 1,618 score be-
low 100, so errors exist, but their offsets were
never recorded upstream, where only 33.9% of
the source annotation records carry severity and
character offsets. An empty span list therefore
means two opposite things, so the release exposes
mgm_spans_complete: true for the 709 segments
whose span information is trustworthy, false for the
1,618 where a penalty implies unlocalised errors.
Span-level work should use the former; segment-
level scoring can use all 2,327. These counts are
for the DA-paired subset. Over the whole mgm con-
figuration the span base is larger: 1,895 of 4,490
segments carry trustworthy span information. That
figure is the 1,728 segments holding at least one
span plus 167 scored exactly 100, which correctly
hold none, and it is the same decomposition as



709 = 549 + 160 above. The WMT24 batch is
much better localised than the EAMT batch (1,116
of 2,016 carry spans, against 612 of 2,474). Both
denominators matter: 709 alone understates the
span-level base by a factor of 2.7.

The two annotation batches. Provenance is
recorded in mgm_source and matters for any anal-
ysis that uses the layer. The EAMT-QE batch
re-annotates segments already in the benchmark
and supplies every DA-paired row, but its MQM
scores span only 91.2-100 with mean 98.35: it
is a near-ceiling sample. The WMT24 general-
MT batch is new to the benchmark, carries no
DA, and spans 57.1-100 with mean 90.55. The
DA+MQM correlation above is therefore com-
puted entirely within the narrower half, so it char-
acterises that batch and not the layer as a whole.
It is not a lower bound; Table 28 makes the case.
Across the mgm configuration 1,728 of 4,490 seg-
ments carry at least one error span (38.5%), with
1,645 minor, 1,033 major and 7 neutral spans and
a mean of 0.60 spans per segment. The span
typing supports error-type-conditioned QE anal-
ysis that a single DA scalar cannot, which we
leave to future work. Numbers are reproduced by
analysis/mgm_provenance_split.py.

Metrics against MQM gold. Table 28 scores
the three pretrained COMET metrics against
mgm_score on the 2,639-segment test split, split
by annotation batch. This is the evidence for the
per-group offset result of §3: for CometKiwi-XL
and XCOMET-XL the pooled figure falls below both
batch-internal figures, which requires the metric to
order the batches against the human ordering, and
it does.

The layer also lets the two human protocols be
compared directly. On the 476 segments of the
test split that carry both an MQM and a DA score,
XCOMET-XL agrees better with MQM (p = 0.248)
than with DA (0.152), while both CometKiwi
variants agree better with DA (CometKiwi-DA
0.365 against 0.320, CometKiwi-XL 0.460 against
0.342). XCOMET is trained on MQM-style error
spans, so the direction is the expected one and is a
check that the MQM layer measures what it claims
and is not re-encoding DA.

P Acxis Difficulty against Label Reliability

A correlation is bounded by the reliability of its tar-
get, so an axis defined on the label could look hard

Metric pooled EAMT (n=623) WMT24 (n=2,016)
gold sd 1.96 gold sd 7.54
CometKiwi-DA  0.330 0.307 0.375
CometKiwi-XL  0.116 0.276 0.219
XCOMET-XL 0.029 0.243 0.052

Table 28: Segment-level Spearman against mqm_score
on the en-hi mgm test split, by annotation batch. Lan-
guage is constant, so only the batch varies. Bold marks
the two systems whose pooled correlation is lower than
both of its parts, which happens only when the met-
ric orders the groups against the human ordering: hu-
mans rate EAMT above WMT24 (mean 97.56 against
90.55) while both XL metrics score WMT24 higher.
Range restriction is not the explanation, since the nar-
rower EAMT batch correlates better than the wider
WMT24 batch for two of three metrics. Reproduce with
analysis/mgm_provenance_split.py.

because that target is noisy rather than because the
segments are. Table 29 measures it from the re-
leased per-annotator scores: segments on no axis
atall carry @ = 0.891 and a reliability of 0.967 for
the mean, A2 and A3 sit near 0.75, A4 at 0.534, and
on A1 the mean within-segment spread exceeds the
spread between segments, so the coefficients go
negative and the reliability of the mean is not es-
timable at all.

A4 is estimable, and the ceiling it implies does
not account for its contrast. A reliability of 0.534
caps an attainable correlation at 1/0.534 = 0.731,
and the systems reach 0.234 there. Correcting
each side of the comparison by its own ceiling
is possible on the three X—en pairs, where the
flagged set and its matched control both admit
one: the two ceilings come out within 0.004 of
each other on all three, correcting for them moves
the contrast by —0.009, and it stays negative on
each. On the four en—Indic pairs no correc-
tion can be made, because the compressed score
range leaves ICC(1, k) unestimable on the flagged
set and on its matched control alike. The con-
trol is drawn to share exactly the property that
makes the correction impossible. Reproduce with
analysis/axis_reliability.py.

Q Pair-Level Factors

Table 30 gives the per-pair quantities behind §3:
the reliability of the DA mean, the spread of that
mean, and the segment-level correlation of a rep-
resentative system from each family. Three candi-
date explanations are tested against them.

Label reliability predicts that pairs with a less



Segments n  within SD  between SD a ICC(1,k)
all 12,730 13.2 22.0 0.598 0.851
Al 4,832 21.9 10.9 —0.045 —
A2 3,477 17.8 19.5 0.414 0.736
A3 3,879 16.6 20.4 0.477 0.782
A 1,320 194 14.6 0.219 0.534
no axis 5,114 5.2 22.9 0.891 0.967

Table 29: Label reliability by difficulty axis on the DA-
bearing challenge test. within SD is the mean within-
segment standard deviation of the annotator scores
and between SD the standard deviation of the segment
means, both on the 0-100 DA scale, so between SD al-
ready carries the annotator error. « is Krippendorff’s
interval alpha and ICC(1,k) the reliability of the mean,
which is the label systems are scored against; — marks a
mean with no estimable reliability. Removing the anno-
tator error leaves almost no variance between segments
on A1l and a standard deviation of 10.9 on A4, which is
why the coefficients go negative on the first and not the
second. The axes overlap, so the rows are not a parti-
tion; no axis is the 5,114 segments flagged by none of
the four.

reliable target are harder for every system alike.
It does not hold: across the nine pairs the corre-
lation between ICC(1, k) and per-pair Spearman
is —0.16 (p = 0.67) averaged over systems, and
no individual system reaches significance. en-
ml has the most reliable labels in the benchmark
(ICC(1,k) = 0.976) and is second lowest of the
nine on CometKiwi-XL.

Training exposure predicts that the X—en ad-
vantage is larger for metrics trained on MLQE-PE
than for prompted models that never saw those la-
bels. It is not: the gap is +0.18 (CometKiwi-DA),
+0.17 (CometKiwi-XL) and +0.27 (XCOMET-XL)
for the trained metrics, against +0.14 (GPT-5.5),
+0.15 (aya-expanse-32B), +0.26 (tiny-aya)
and +0.06 (sarvam-m) for the prompted ones. Ex-
posure may contribute, but it cannot account for a
gap that appears at the same size in systems with
no exposure at all.

Target spread is the only one that survives, and
weakly: » = 40.53 (p = 0.14) between a pair’s
DA standard deviation and its mean correlation,
+0.41 using the interquartile range. Reproduce
with analysis/pair_factors.py.

Pair n ICC(1,k) DASD IQR CometKiwi-XL GPT-5.5
en-hi 1881 0.787 147 158 0.618 0.547
en-mr 2165 0.435 155 225 0.762 0.715
en-ta 2038 0.558 16.6 24.0 0.762 0.662
en-gu 1090 0670 183 317 0.704 0.645
en-te 1120 0.882 140 177 0.306 0.255
en-ml 1436 0976 251 537 0.539 0.641
et-en 1000 0902 279 503 0.859 0.799
ne-en 1000 0.892 165 207 0.792 0.720
sien 1000 0.829 208 314 0.701 0.619

Table 30: Per-pair factors on the QE-DA challenge test.
ICC(1,k) is the reliability of the DA mean, DA SD and
IQR the spread of that mean over segments, and the last
two columns segment-level Spearman for the strongest
trained metric and the strongest prompted model.
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