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Abstract

The WMT26 shared task on automated trans-
lation quality evaluation asks participants both
to build metrics (Task 2) and to submit chal-
lenge sets that probe them (Task 4). We de-
scribe one submission to each, and a single
finding that connects them.

Modern machine translation (MT) metrics can-
not detect a class of invisible Unicode corrup-
tion, and the reason is not that they judge it
wrongly: their tokenisers delete the evidence
first. Four such corruptions – a non-breaking
space, a narrow non-breaking space, an ideo-
graphic space, and a leading byte-order mark –
normalise to token sequences identical to the
clean text. This holds under both XLM-R
and mT5, the encoders behind COMET-22 and
MetricX-24. The metric therefore receives the
same input and returns the same score, and no
amount of training can separate the pair. Per-
turbations that instead fragment tokenisation
are caught reliably.

LIGATUR (Task 4) is the 171-item con-
trastive challenge set that isolates this ef-
fect for English–German (en–de) and English–
Hindi (en–hi); a blind re-evaluation with held-
out labels also overturns our own pilot claim
that judges ignore Devanagari conjunct breaks.
AEGIS (Task 2) acts on the diagnosis, combin-
ing a reference-based ensemble with determin-
istic hygiene penalties for exactly what the en-
coders cannot see, and scores all 26,885 test
items. An ablation on 34,174 WMT24 judge-
ments shows the two-family ensemble is our
strongest component and that the reference-
free branch we added as insurance costs ac-
curacy where references are good, which we
report as a calibration error.

1 Introduction

For WMT26 the organisers changed how refer-
ence translations are produced (WMT26 Evalua-
tion Task Organizers, 2026). In previous years

a reference was typically a fresh human transla-
tion; in WMT26, where a reference is supplied
at all, it is usually produced by post-editing ma-
chine output or by automatically selecting a syn-
thetic candidate. The test set records this prove-
nance per segment: 42% of referenced segments
carry a pseudo reference (automatically selected),
20% a postedit reference (a post-edited machine
translation), and 5% of official segments have no
reference at all. We write these metadata values
in typewriter face throughout – human, postedit,
pseudo – and use ordinary words such as “post-
edited” when we mean the process rather than the
label. Reference-based metrics inherit whatever
error the reference carries.

At the same time, the errors that remain in flu-
ent modern machine translation (MT) output are
increasingly small: a changed digit, a substituted
homoglyph, a broken ligature. Whether evaluation
systems detect corruption at this scale is not well
established, since existing challenge sets concen-
trate on semantic accuracy.

We report two connected submissions to the
same shared task. Task 2 asks for a metric: a sys-
tem that scores each translation against the human
judgement it would receive. Task 4 asks for a chal-
lenge set: a small collection of constructed test
items designed to expose a specific weakness in
those metrics. LIGATUR (Section 3) is our Task
4 challenge set, built to isolate orthographic and
Unicode-level corruption from semantic error. Its
blind evaluation produced one refuted claim and
one that held; probing the tokenisers of two stan-
dard neural metrics (Section 4) explains both, and
shows the surviving blind spot is exact and shared
across metric families. AEGIS (Section 5) is a
Task 2 metric built on that diagnosis. We also
report a component ablation. The reference-free
branch costs accuracy where references are good
and gains it where they are weak, and we quantify
both effects.
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2 Related Work

Trainable metrics such as COMET (Rei et al.,
2020, 2022) and MetricX (Juraska et al., 2024)
lead recent WMT metrics evaluations, alongside
prompted LLM judges such as GEMBA (Kocmi
and Federmann, 2023). Human evaluation has
moved from span-level Multidimensional Quality
Metrics (MQM) annotation (Freitag et al., 2021)
to the lighter Error Span Annotation (ESA) pro-
tocol (Kocmi et al., 2024) that WMT26 Task 2
uses as its gold standard. ACES, a Translation Ac-
curacy Challenge Set (Amrhein et al., 2022), es-
tablished that neural metrics can be insensitive to
specific semantic error types, including omission,
addition and named-entity or number substitution.
LIGATUR probes a different layer. Rather than
testing whether a metric understands meaning, it
tests whether the metric can represent the input at
all once imperceptible codepoints are introduced.

3 LIGATUR: Task 4 Submission

3.1 Construction
LIGATUR consists of contrastive minimal pairs.
Each item supplies a source, a reference, a cor-
rect hypothesis and a minimally corrupted hy-
pothesis. The English–German (en–de) arm tar-
gets invisible and format-level corruption: Uni-
code space variants such as the non-breaking
space (NBSP, U+00A0), zero-width space (ZWSP,
U+200B) and zero-width joiner (ZWJ, U+200D)
insertion, soft hyphens (SHY, U+00AD), byte-
order marks (BOM, U+FEFF), bidirectional con-
trols and Latin/Cyrillic homoglyphs. The English–
Hindi (en–hi) arm targets Devanagari conjunct and
reph breaks, produced by inserting a zero-width
non-joiner (ZWNJ, U+200C) directly after a ha-
lant (U+094D), which breaks the intended con-
junct while remaining close to invisible in many
renderers. Table 14 shows one item per class;
none of these characters occupies visible width
in the delivered files. Both arms include visible-
script controls and semantic controls (off-target
language, role reversal, buried antonyms, register
shifts) so that sensitivity to form can be separated
from competence at meaning.

We submitted 171 items, 95 en–de and 76 en–hi,
in the official challenge-set format: 4,685 tokens,
or 0.47% of the shared task token budget.

The set is deliberately small, and the two claims
it supports need different amounts of evidence.
The tokeniser result of Section 4 is not statistical

Class Correct vs corrupted hypothesis

bom Mitarbeiter muessen vor Ort einen Helm tragen.
<BOM>Mitarbeiter muessen vor Ort einen Helm tragen.

nbsp Der Vertrag wird automatisch verlängert.
Der Vertrag wird automatisch<NBSP>verlängert.

soft_
hyphen

Die Bewerbung muss heute eingereicht werden.

Die Bewerbung muss heute e<SHY>ingereicht werden.

ghost_ homo Der Arzt verschrieb Antibiotika gegen die Infektion.
Der Arzt verschrieb Antibi[U+043E]tika gegen die In-
fekti[U+043E]n.

conjunct yah kaarya mahatvapuurna hai.
yah kaarya mahatvapuur<ZWNJ>na hai.

refcopy Kein Zugang fuer Personen ohne Berechtigung.
Der Zutritt ist fuer Unbefugte erlaubt.

Table 1: One submitted item per phenomenon class.
The upper line of each pair is the correct hypothesis,
the lower the corrupted one. Invisible codepoints are
written as tags such as <NBSP>; they occupy no visible
width in the delivered files, and the homoglyph is writ-
ten as its codepoint because it is visually identical to
Latin o. The first two rows are the classes Section 4
shows are exactly invisible to both encoders. refcopy
carries no invisible characters at all: its corrupted hy-
pothesis reverses the meaning of the source while copy-
ing the reference’s surface form.

at all: two strings either produce identical token
identifiers or they do not, so a single item estab-
lishes the property and the remaining items estab-
lish its scope. The judge results in Section 3.2 are
statistical, and there we report broad bands rather
than precise rates precisely because several phe-
nomenon classes contain fewer than ten items. A
larger set would sharpen the second kind of claim;
it would not change the first.

The two invisible classes at the top of Table 14
are the practically dangerous ones. A byte-order
mark or a substituted space survives copy-paste,
passes through most content pipelines unaltered,
and renders identically to correct output. A cor-
rupted translation of this kind is therefore invisible
to a human reviewer spot-checking the file, and,
as Section 4 shows, equally invisible to the metric.
The remaining classes are visible to at least one of
the two.

3.2 Blind Re-evaluation

A pilot evaluation of the en–hi arm tied 28 of 28
conjunct pairs, which suggested near-total blind-
ness to conjunct corruption. That evaluation
was not independent of item construction, so we
treated it as a hypothesis rather than a result.
We re-ran the set through independently instanti-
ated judges under a meaning-only protocol and
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Phenomenon Blind judges Status

Whitespace subst. ∼100% invariant Replicated
Conjunct/joiners ∼0% invariant Refuted
Homoglyph
subst.

model-dependent Mixed

Adv. cloaking
(n=16)

9–12% drop Refuted

Semantic attacks caught, +85–100 Confirmed

Table 2: Blind re-evaluation by phenomenon class. “In-
variant” means the judge scored the corrupted hypothe-
sis equal to the correct one.

an orthography-aware protocol, with gold labels
withheld, item order shuffled, and each hypothesis
scored in isolation.

We report these outcomes as margins. The mar-
gin of an item is the score the judge gives the cor-
rect hypothesis minus the score it gives the cor-
rupted one, on the judge’s own 0–100 scale. A
margin near zero means the judge could not tell
the two hypotheses apart. A large positive margin
means it clearly preferred the correct one.

Table 2 gives the outcome, and it divides in two.
The conjunct result did not replicate: under blind
conditions the judges catch conjunct, zero-width-
joiner and word-joiner breaks almost without ex-
ception. Whitespace-class substitution behaved
in the opposite way. There, corrupted and clean
hypotheses scored indistinguishably across both
judges and both protocols, with margins near zero.
Homoglyph invariance fell in between and was
model-dependent. Semantic attacks were caught
in every configuration, with margins of 85 to 100
points.

Aggregated by class, the exact blind rates were
as follows. Under a meaning-only protocol, the
judges scored form corruption identically to the
clean hypothesis on 22.0% of items for Haiku
(n=243) and 15.4% for Sonnet (n=254). Un-
der an orthography-aware protocol the same rates
fall to 6.2% and 4.6%. Semantic corruption
was almost never missed: 7.3% and 2.2% un-
der the meaning-only protocol, and 2.2% and
0.0% under the orthography-aware one. The
per-phenomenon rates in Table 2 are reported to
the nearest broad band because several individual
classes carry fewer than ten items, where a single
item moves the rate by ten points or more.

Scale mattered for one further claim. An
apparent adversarial cloaking effect, in which
homoglyph-corrupting both sides of a semantic
pair appeared to reduce discrimination by around

Phenomenon Fail n Margin

Reference-copy 5/5 5 −0.075
Byte-order mark 6/6 6 0.0000
Non-breaking space 5/6 6 0.0000
ZW joiner (en–de) 1/12 12 0.107
Digit swap 0/5 5 0.013
Soft hyphen 0/8 8 0.036
Conjunct (en–hi) 0/23 23 0.074

Table 3: COMET-22 on LIGATUR pairs. “Fail” counts
items where the corrupted hypothesis scored at least as
high as the correct one; margin is the mean score differ-
ence.

Perturbation XLM-R mT5

NBSP for every space same same
Narrow NBSP for every
space

same same

Ideographic space same same
BOM at string start same same

BOM inside a word differs differs
Zero-width space differs differs
Word joiner differs differs
Soft hyphen differs differs
Combining grapheme
joiner

differs differs

Left-to-right mark differs differs
Cyrillic homoglyph differs differs
Conjunct + ZWNJ differs differs

Table 4: Whether the perturbed sentence produces to-
ken IDs identical to the clean sentence, for the encoders
behind COMET-22 (XLM-R) and MetricX-24 (mT5).
“same” means the metric receives token-identical input
and cannot distinguish the pair. Each row is the unan-
imous outcome over all 252 distinct clean LIGATUR
sentences to which the perturbation applies; no sen-
tence in either direction dissented, under either encoder.
Reproduced by tokenizer_probe_broad.py.

70%, fell to a 9–12% reduction when re-tested at
n=16. We report the initial observation as small-
sample noise.

4 Why the Metrics Behave This Way

The blind results raise the question of whether
whitespace invariance is specific to prompted
judges. We scored every LIGATUR pair with
COMET-22 (wmt22-comet-da) under its standard
reference-based configuration (Table 3). We then
probed the tokenisers of the two encoders that
dominate trainable MT metrics: XLM-R (Con-
neau et al., 2020), used by COMET-22 (Rei et al.,
2022), and mT5 (Xue et al., 2021), used by
MetricX-24 (Table 4).

The tokenisers account for both halves of the
blind evaluation, and the outcome is unanimous.
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We applied each perturbation class to every dis-
tinct clean target sentence in the submitted set –
252 sentences, 132 en–de and 120 en–hi – rather
than to a single example. The normalising classes
produce token identifiers identical to the clean sen-
tence on 251 of 251 applicable sentences, and on
252 of 252 for a leading byte-order mark. Every
other class differs on all of them. No sentence dis-
sented in either direction, under either encoder.

The mechanism is simple. Both encoders to-
kenise with SentencePiece (Kudo and Richardson,
2018), whose text normalisation runs before sub-
word segmentation. Unicode space variants and
a leading byte-order mark are normalised away at
that stage, so the corrupted and the clean string be-
come the same sequence of token identifiers. The
model then receives identical input and returns an
identical score. The mean margins of 0.0000 in Ta-
ble 3 follow from this, not from a coincidence of
training. And because both encoder families share
the property, it is not a quirk of one checkpoint,
and better training data cannot repair it: no gradi-
ent can separate two inputs that are already equal.

The same probe explains the refuted conjunct
claim. A zero-width non-joiner after a halant does
not disappear: the conjunct falls from one token to
four or five, a change large enough that the metric
reliably notices, and COMET-22 penalises every
conjunct item we submitted. Zero-width spaces,
word joiners, soft hyphens and homoglyphs frag-
ment tokenisation in the same way and are like-
wise caught. COMET-22 does fail every reference-
copy item, where an incorrect hypothesis is built
to overlap the reference, which is a reference-
anchoring failure rather than an orthographic one.

The practical consequence is narrow but sharp.
Only the normalised class is invisible, and it is
invisible with certainty; everything else the chal-
lenge set contains is already handled. A defence
therefore needs to cover a small, enumerable set
of character classes rather than orthographic cor-
ruption in general.

5 AEGIS: Task 2 Submission

5.1 Architecture

Each term in AEGIS answers one finding from
the first half of the paper. The two-family en-
semble exists because COMET-22 and MetricX-
24 fail on different items, so averaging them recov-
ers accuracy neither reaches alone. The reference-
free branch exists because WMT26 references are

src / ref / hyp

hygiene shield
+ degeneracy guard

cleaned hyp Pshield, Pdeg

COMET-22ref ⊕ MetricXref

MetricXQE

fuse by w(ref type)

cESA score ∈ [0, 100]

Figure 1: AEGIS. Orthographic integrity is scored de-
terministically and subtracted; the neural scorers see
only hygiene-cleaned text.

frequently synthetic or absent (Section 1), and a
weight w tied to declared provenance is the mech-
anism for trusting a reference only as far as its ori-
gin warrants. The hygiene penalty Pshield exists
because Section 4 shows a specific, enumerable
class of corruption that no neural component can
represent at all: it must be scored deterministically
or not at all. The degeneracy guard Pdeg handles
empty and runaway output, which is a robustness
requirement of scoring a full test set rather than a
finding.

AEGIS (Figure 1) scores a segment as

ens = 0.5COMETref + 0.5MetricXref

b = w · ens + (1−w) ·MetricXQE

s = clip(b− Pshield − Pdeg, 0, 100)

The output s is a continuous Error Span Annota-
tion (cESA) score on a 0–100 scale, which is the
quantity Task 2 asks systems to predict.

The weight w is set by the reference’s declared
provenance: 0.85 for a human or postedit refer-
ence, 0.7 for pseudo or undeclared, and 0 where
no reference exists, in which case the score is
reference-free. One guard overrides this. If a
reference-free estimate of the reference itself is
more than three points worse than the median hy-
pothesis for that segment, we halve w, which pro-
tects against a single unusable reference. Both
neural branches see hygiene-cleaned text, so a cor-
rupted hypothesis is penalised by a stated amount
instead of through whatever incidental fluency
cost fragmentation happens to produce.
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Rule hit cap Motivating finding

Default-ign./format 2.0 8.0 invisible to encoders
Whitespace subst. 0.5 2.0 provably invisible
Soft hyphen 1.0 3.0 caught, but cheaply
Joiner after halant 1.5 6.0 caught (pilot refuted)
Homoglyph cloaking 2.0 8.0 model-dependent
NFC mismatch 0.5 0.5 normalisation risk

Empty output 60.0 degeneracy
Runaway length ≤40.0 degeneracy
Repetition loop ≤40.0 degeneracy

Table 5: Hygiene shield and degeneracy rules, in cESA
points, with the LIGATUR or tokeniser-probe finding
that motivates each. Only the whitespace-substitution
rule addresses corruption that both encoders provably
cannot represent; the rules above and below it cover
corruption the encoders can see but penalise only inci-
dentally. Penalties are additive, each capped, and ap-
plied only for character classes absent from both the
source and the reference of the same segment.

5.2 Hygiene Shield

The hygiene shield is not a neural component. It
is a deterministic function of the raw strings that
does two things: it strips the offending codepoints
before the neural scorers see the text, and it returns
a penalty Pshield in cESA points that is subtracted
from the fused neural score. Table 15 states every
rule, the penalty it carries, and the finding from
Sections 3 and 4 that motivates it.

The shield penalises default-ignorable and for-
mat codepoints, Unicode space substitution, De-
vanagari joiners immediately after a halant, Uni-
code Normalization Form C (NFC) mismatches,
and homoglyph cloaking, defined as a token con-
taining Latin letters whose confusable-folded form
appears in the source or reference. Restricting the
homoglyph rule to cloaking matters: an earlier ver-
sion that flagged any script mixing fired on 11.9%
of official hypotheses, largely on legitimate Cyril-
lic target text and HTML fragments, which the
cloaking restriction reduced to 1.16%. A penalty
applies only for character classes absent from both
source and reference, so legitimate typography
such as NBSP in Czech numerals or ZWNJ in In-
dic orthography is not punished. A separate guard
handles empty output, runaway length and repeti-
tion loops.

5.3 Calibration

We rebuilt the WMT24 ESA annotations for
three language pairs: Czech–Ukrainian (cs–uk),
English–Hindi (en–hi) and English–Icelandic (en–
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Figure 2: COMET-22 system-level correlation with
WMT24 ESA gold under native and synthetic refer-
ences. Each correlation is over the 9–10 systems of that
pair, so the intervals are wide: bootstrapping over sys-
tems, only cs–uk shows a difference that excludes zero
(∆ = +0.302, 95% CI [+0.047,+0.834]). We there-
fore report the cs–uk collapse as the established effect
and the en–is and en–hi differences as directional only.

is), giving 34,174 segment–system judgements
over 3,222 segments. We then rescored them un-
der two reference conditions: the native reference,
and a per-segment synthetic reference taken from
a middle-ranked system’s own output. Figure 2
plots the outcome. For each language pair, the left
bar is the system-level correlation obtained with
the native reference and the right bar the correla-
tion obtained with the synthetic one. The vertical
lines give the 95% bootstrap interval of each bar.
What matters is the height difference within a pair
– and whether the two intervals overlap, because
an overlap means the difference is not resolvable.

Every figure in this section uses one common
sample: the 30,952 judgements for which the na-
tive, synthetic and reference-free scores all exist.
This is the same sample as the ablation in Sec-
tion 5.4, and it leaves 9–10 systems per pair.

One pair moves decisively: cs–uk falls from
0.922 to 0.620, and a paired bootstrap resam-
pling systems puts the drop at +0.302 with a 95%
interval of [+0.047,+0.834], excluding zero un-
der every random seed we tried. The other two
pairs do not separate. en–is falls from 0.954
to 0.891 (∆ = +0.063, [−0.051,+0.465]) and
en–hi rises from 0.937 to 0.977 (∆ = −0.040,
[−0.063,+0.146]); both intervals contain zero. At
this level the reference-free comparison is equally
weak. On cs–uk, QE is worse than a native ref-
erence by a margin that excludes zero: −0.212,
interval [−0.444,−0.045]. Its deficit on en–is
(−0.044, [−0.187,+0.002]) and its advantage on
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en–hi (+0.048, [−0.000,+0.069]) both include
zero. Nine or ten systems cannot resolve differ-
ences of this size, and we do not claim them.

We originally read this figure as showing that
reference provenance rather than language pair
drives metric reliability. With three pairs that
claim is not separable from a pair-specific effect,
and we withdraw it. What the data supports is
narrower: a synthetic reference can cost a large
amount of system-level correlation, demonstrably
so on cs–uk, and the size of that cost is not con-
stant across pairs.

We also tested a continuous alternative, scaling
w by a reference-free quality estimate (QE) of the
reference itself, and rejected it. QE underrates flu-
ent human translation relative to literal machine
output: on cs–uk the native reference’s own esti-
mated error, 3.79, is worse than the median hy-
pothesis at 3.27, so continuous trust marks good
references as untrustworthy. Declared type is the
more reliable signal, and we use the continuous es-
timate only for the catastrophic-reference guard.

5.4 Ablation
Table 6 ablates the components. The two-family
ensemble is worth having: it beats COMET-22 by
0.058 and MetricX-24 by 0.025 under native refer-
ences, and both paired bootstrap intervals exclude
zero. Reference-based scoring beats reference-
free scoring by a wide margin in every condition,
including the synthetic-reference condition, so a
bad reference is still better than none on this data.

The third result concerns our own submitted
configuration. Mixing the reference-free branch in
at 1−w makes the metric worse pooled, by 0.007
with native references and 0.010 with synthetic
ones, and the paired bootstrap excludes zero in
both cases. Table 7 shows the effect is monotone:
on this data the optimum is w=1, and every step
away from it costs accuracy.

The per-pair breakdown shows where the
branch does pay. On cs–uk (0.549 vs 0.563) and
en–is (0.532 vs 0.547) the reference-free branch is
a cost, and both have usable references. On en–hi
the branch is a gain (0.431 vs 0.417). That is also
the one pair where reference-free QE outscores
COMET-22 at the segment level: 0.408 against
0.357, a paired bootstrap difference of +0.051
with a 95% interval of [+0.003,+0.098]. On the
other two pairs QE is clearly the worse choice, by
−0.231 on cs–uk ([−0.260,−0.201]) and −0.122
on en–is ([−0.162,−0.083]). Segment-level com-

parisons are where this data has power: all three in-
tervals exclude zero, and all three are stable across
random seeds. The system-level version of the
same observation is not resolvable on nine or ten
systems, which is why Section 5.3 withdraws it
and this subsection does not.

The branch therefore behaves as designed; it
was weighted for a test set with worse references
than WMT24 turned out to have. That weight-
ing followed from the WMT26 reference statistics:
42% synthetic and 5% of segments with no refer-
ence at all.

With the ablation in hand we would now set w
closer to 1 wherever a reference is declared human
or postedit, and keep the reference-free branch
only for absent, pseudo, or guard-flagged refer-
ences. We nonetheless report the submitted num-
bers rather than the tuned ones, because the sub-
mitted system is what the shared task will score.

5.5 Submitted Predictions
AEGIS scored the full test set: 26,885 items and
363,242 segment–system scores, covering 8,518
official segments over 21 language pairs with 27–
31 systems each, and 18,367 challenge items from
eleven sets, including 342 scores on our own LIG-
ATUR set. Scoring took four GPU passes on one
RTX 4500 Ada.

Table 8 summarises the official predictions. The
shield fires on 1.16% of official hypotheses over-
all at a mean penalty of 1.2 points, and the degen-
eracy guard on 1.53%: 3,127 empty outputs, 608
runaway-length and 329 repetition loops. Among
shield flags, whitespace substitution is by far the
most common (2,437), followed by homoglyph
cloaking (198), other invisible codepoints (131),
soft hyphens (114) and NFC mismatches (100).

That distribution closes the loop from LIG-
ATUR to AEGIS. Whitespace substitution is the
most frequent flag by an order of magnitude, and
it is exactly the class Section 4 shows both en-
coders provably cannot represent. The challenge
set identified one blind spot; the single shield rule
written for that blind spot then does most of the
shield’s work on real submitted output. The re-
maining rules fire on corruption the neural compo-
nents could in principle have caught unaided.

Re-running the LIGATUR check against the
submission itself, AEGIS ranks the corrupted hy-
pothesis below the correct one in 158 of 159 re-
coverable pairs. The exception is a register item in
the en–hi arm, a politeness judgement neither com-
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Native references Synthetic references

Configuration Pearson r 95% CI Pearson r 95% CI

MetricX-24 QE (no reference) 0.3812 [0.363, 0.400] 0.3812 [0.362, 0.401]
COMET-22 (reference) 0.4992 [0.479, 0.519] 0.4481 [0.430, 0.467]
MetricX-24 (reference) 0.5329 [0.515, 0.551] 0.4796 [0.461, 0.496]
AEGIS as submitted 0.5501 [0.533, 0.567] 0.4929 [0.476, 0.509]
Two-family ensemble only 0.5574 [0.541, 0.574] 0.5029 [0.487, 0.521]

Table 6: Component ablation on WMT24 ESA gold, pooled over three language pairs (n=30,952 segment–system
pairs). Intervals are 1,000-sample bootstraps resampling segments. The ensemble is the strongest component; the
reference-free branch in our submitted configuration costs 0.007 (native) and 0.010 (synthetic), and the paired
bootstrap excludes zero in both cases.

w 1.0 0.9 0.85 0.8 0.7 0.5

native .5574 .5534 .5501 .5460 .5349 .5024
synth. .5029 .5028 .5016 .4995 .4929 .4705

Table 7: Pooled Pearson r as a function of the ensemble
weight w; 1−w goes to the reference-free branch. Bold
in the header marks the values we submitted.

Ref. type scores mean shield degen.

pseudo 106,545 76.3 1.06% 1.68%
human 83,758 66.7 1.14% 1.65%
postedit 50,585 78.2 1.08% 1.18%
none 12,035 75.1 2.58% 0.74%

Table 8: Submitted official-pair predictions by refer-
ence type, with the rate at which the hygiene shield
and the degeneracy guard fired. Mean score differences
across rows reflect language-pair difficulty, since refer-
ence type is constant within a pair.

ponent is designed to catch. The submission was
accepted and processed by Codabench; its interim
leaderboard figure is computed against a pseudo-
gold standard for verification only and does not in-
dicate final ranking.

6 Conclusion

Two of the three findings we report here contradict
something we believed at submission time. Blind
re-evaluation removed the conjunct claim. A to-
keniser probe then explained both what survived
and what did not. Across both dominant encoder
families, metrics are exactly blind to perturbations
their preprocessing normalises away, and reliably
sensitive to perturbations that change tokenisation.
An ablation then showed that the reference-free
branch of our submitted metric is a net cost on data
whose references are good, and a gain precisely
where they are not.

Limitations

The reference weights were calibrated on three
WMT24 language pairs and applied to twenty-one
WMT26 pairs, and Section 5.4 shows that cali-
bration was too cautious for at least the pairs we
could validate. Three pairs also cannot separate
reference provenance from pair identity, and the
system-level correlations in Figure 2 rest on 9–11
systems each, so only the cs–uk difference sur-
vives a bootstrap over systems. We expect the re-
lation between provenance and reliability to trans-
fer, but the specific values carry risk for typolog-
ically distant or lower-resourced pairs. The to-
keniser probe covers XLM-R and mT5 over the
252 distinct clean sentences of our own challenge
set. Within that set, the normalising classes are
exactly invisible and every other class is exactly
visible. But the set is our own construction. The
probe therefore does not establish that our list of
normalising classes is complete, nor that the be-
haviour extends to encoders outside these two fam-
ilies. The homoglyph rule uses a small confus-
ables table rather than the full Unicode set, trading
recall for a controlled false-positive rate. Regis-
ter and politeness corruption remains outside the
reach of both components. Our validation used
LLM judges and one prior year of human anno-
tations for three pairs; neither substitutes for the
WMT26 human evaluation itself.

Ethics Statement

LIGATUR contains no real translation output and
no user data. Its items are sentences written for
this task, and its corrupted hypotheses are pro-
duced by programmatic character-level injection,
so the set raises no privacy, consent or licensing
concerns. We release it in the format the challenge-
set track specifies.

AEGIS carries one risk worth stating plainly. A
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hygiene rule that penalises unusual codepoints can
misfire on legitimate non-Latin orthography, and a
metric that did so would systematically underrate
translations into the scripts that use those code-
points natively. This is not hypothetical: an early
version of our homoglyph rule fired on 11.9% of
official hypotheses, largely on legitimate Cyrillic
target text. We therefore restrict every rule to
character classes absent from both the source and
the reference of the same segment, which leaves
NBSP in Czech numerals and ZWNJ in Indic or-
thography unpenalised and brings the firing rate
to 1.16%. We regard that restriction as a fair-
ness requirement of the design rather than a tuning
choice.
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This appendix reports the full versions of tables
summarised in the paper, together with the config-
uration needed to reproduce the runs.

A Reproduction Details

Abbreviations follow the main paper: MT (ma-
chine translation), QE (reference-free quality es-
timation), cESA (continuous Error Span Annota-
tion, the 0–100 target scale of Task 2), ESA (Error
Span Annotation), NFC (Unicode Normalization
Form C). Language pairs are written as source–
target ISO codes: en–de is English–German, en–hi
English–Hindi, cs–uk Czech–Ukrainian and en–is
English–Icelandic.

Models. All components are used off the shelf,
without fine-tuning.

• Unbabel/wmt22-comet-da, reference-based,
XLM-R-large encoder (∼580M parameters),
via unbabel-comet 2.2.7.

• google/metricx-24-hybrid-large-v2p6,
mT5-large encoder (∼1.2B parameters),
tokeniser google/mt5-large, maximum
input length 1536, run both reference-based
and in QE mode.

Score conversion. COMET outputs are mapped
to the 0–100 cESA range as 100c. MetricX-24
outputs an error score m ∈ [0, 25] where lower
is better, mapped as 100−4m. Both mappings are
monotone, so segment-level rank correlations are
unaffected.

Inference. Scoring the full test set required
four passes over 363,242 segment–system pairs
(1.06M model evaluations in total) on a single
NVIDIA RTX 4500 Ada (24 GB). The reference-
based COMET pass took 43 minutes; the three
MetricX passes used a length-sorted token-budget
batching loop in bfloat16 (32,768 tokens or 128
sequences per batch, whichever binds first) and
took 40, 2 and 61 minutes respectively. We
verified this batching loop against the reference
metricx24.predict implementation on a 64-
item sample: mean absolute difference 0.03 on the
25-point scale.

Bootstrap. Confidence intervals in Table 6 of
the paper (the component ablation) resample seg-
ments with replacement, 1,000 iterations, seed 17,
carrying all segment–system pairs of a sampled
segment together. Paired differences are computed
within each bootstrap sample.

The intervals on the system-level correlations in
Figure 2 are computed differently, because there
the unit of uncertainty is the participating sys-
tem rather than the segment: we resample sys-
tems with replacement, 20,000 iterations, and re-
port the envelope over five seeds (1, 7, 11, 23, 99)
so that no reported interval depends on a single
random draw. Every system-level comparison in
Section 5.3 is stable in sign of significance across
all five seeds. Both the figure and Section 5.4
use one common sample: the 30,952 judgements
for which the native-reference, synthetic-reference
and reference-free scores all exist, which leaves 10
systems for cs–uk and 9 each for en–hi and en–is.

B Full Tokeniser Probe

Table 9 gives token counts for both encoders on a
single illustrative sentence. The probe sentence is
the German Das Unternehmen wurde 1997 gegru-
endet und beschaeftigt heute 250 Mitarbeiter. (19
XLM-R tokens, 18 mT5 tokens including special
tokens). Word-internal perturbations are applied
inside wurde. The Devanagari row uses the con-
junct ksha in isolation, with a zero-width non-
joiner inserted after its halant.

Full-set probe. The result reported in Section 4
of the paper is not based on this sentence alone.
We repeated every perturbation over all 252 dis-
tinct clean target strings in the submitted challenge
set (132 en–de, 120 en–hi), excluding any string
that already contained one of the injected code-
points. Under both encoders the outcome is unan-
imous: the four normalising perturbations (non-
breaking space, narrow non-breaking space and
ideographic space substituted for every space, and
a leading byte-order mark) produce token iden-
tifiers identical to the clean string on every ap-
plicable sentence (251/251, and 252/252 for the
byte-order mark), and the eight remaining per-
turbations produce identical identifiers on none
(0/250, 0/86 for homoglyphs, 0/93 for conjunct
breaks). No sentence dissented in either direc-
tion under either encoder. This is reproduced
by tokenizer_probe_broad.py, which writes
probe_broad_results.json; it needs only the
two tokenisers and runs in seconds on CPU. We
additionally confirmed the normalising behaviour
by driving the two SentencePiece models directly,
bypassing the transformers wrapper, so the re-
sult does not depend on a particular tokeniser im-
plementation.
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XLM-R mT5

Perturbation tok same tok same

none (clean) 19 — 18 —
NBSP for every space 19 yes 18 yes
Narrow NBSP for every space 19 yes 18 yes
Ideographic space 19 yes 18 yes
BOM at string start 19 yes 18 yes

BOM inside a word 22 no 21 no
Zero-width space 22 no 21 no
Word joiner 22 no 21 no
Soft hyphen 22 no 21 no
Combining grapheme joiner 22 no 21 no
Left-to-right mark 22 no 21 no
Cyrillic homoglyph 21 no 20 no

Conjunct, intact 2 — 1 —
Conjunct + ZWNJ 5 no 4 no

Table 9: Token counts and whether the resulting ID se-
quence is identical to the clean sentence. Reproduced
by tokenizer_probe.py.

C Full LIGATUR Results Under
COMET-22

Table 10 lists every phenomenon in the submitted
set. “Fail” counts items where the corrupted hy-
pothesis scored at least as high as the correct one.
Only three phenomena fail at a meaningful rate,
and two of them (bom, nbsp) are exactly the classes
the tokeniser normalises away.

Phen. F n Marg. Phen. F n Marg.

refcopy 5 5 −.075 register 0 2 .104
bom 6 6 .000 conjunct 0 23 .074
nbsp 5 6 .000 conjunct_zwj 0 8 .098
negation 1 2 .012 halant_del 0 2 .087
ghost_zw 1 12 .107 matra_error 0 2 .398
numeric 0 5 .013 antonym 0 1 .065
ghost 0 13 .200 gender 0 2 .036
ghost_homo 0 12 .040 nukta 0 2 .038
soft_hyphen 0 8 .036 digit_dev 0 1 .012
unit 0 2 .049 postposition 0 2 .123
entity 0 2 .061 particle 0 2 .049
eszett 0 3 .100 ergative 0 2 .049
umlaut 0 3 .061 translit 0 2 .240
false_friend 0 2 .075 src_copy 0 2 .227
compound 0 1 .436 empty 0 1 .470
case_sie 0 2 .010 adj_gender 0 1 .044
case_art 0 1 .041 num_agree 0 1 .044
sep_verb 0 2 .029 zwnj_noise 0 3 .127
neg_scope 0 1 .029 zwsp_pepper 0 4 .166
off_target 0 2 .230 homo_key 0 4 .056
verbose_wrong 0 2 .468 total 18 159

Table 10: COMET-22 on all LIGATUR phenomena.

D Full WMT24 Correlation Tables

Table 11 gives segment-level and system-level cor-
relations for every metric and reference condition,
per language pair. The synthetic-reference condi-
tion substitutes, for each segment, the output of a
middle-ranked system (GPT-4 for cs–uk and en–hi,

ONLINE-B for en–is) as the reference.

segment system

LP Metric nat. synth. nat. synth.

cs–uk

COMET-22 .547 .480 .922 .620
MetricX-24 .517 .442 .948 .771
ensemble .563 .489 .941 .719
AEGIS .549 — — —

en–hi

COMET-22 .357 .395 .937 .977
MetricX-24 .403 .420 .975 .984
ensemble .417 .446 .962 .982
AEGIS .431 — — —

en–is

COMET-22 .501 .477 .954 .891
MetricX-24 .508 .487 .960 .951
ensemble .547 .520 .960 .938
AEGIS .532 — — —

QE (no ref), seg. .316 .408 .379 —

Table 11: Pearson r against WMT24 ESA gold.
AEGIS is shown in its submitted configuration
(w=0.85 with native references). The last row gives
reference-free QE for cs–uk, en–hi and en–is respec-
tively.

Table 12 gives the complete weight sweep be-
hind Table 7 of the paper.

w 1.0 .9 .85 .8 .7 .6 .5 .3 0

native .557 .553 .550 .546 .535 .520 .502 .458 .381
synth. .503 .503 .502 .500 .493 .483 .471 .438 .381

Table 12: Pooled segment-level Pearson r against en-
semble weight w. The optimum is w=1 in both condi-
tions.

E Submitted Predictions by Language
Pair

Challenge-set coverage, in scores: news 24,726;
social 22,663; GAMBITP 18,312; speech 14,243;
software 7,983; factchecking 6,586; edu 6,228;
FECE 6,000; QEbreak 2,886; AGGREE 350; LIG-
ATUR 342.

F Example Challenge Items

Table 1 of the main paper shows one submitted
item per phenomenon class. Table 14 repeats those
items here so this supplement is self-contained,
and adds the commentary that did not fit in the pa-
per. Invisible codepoints are written as tags such
as <NBSP>; they occupy no visible width in the de-
livered files. The homoglyph example writes the
substituted character as its codepoint, since it is vi-
sually identical to Latin o. The Devanagari item
is transliterated, with the position of the inserted
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Language pair scores mean sd

ces–deu 13,578 85.1 10.1
ces–ukr 12,035 75.1 16.5
ces–vie 12,958 78.2 13.5
eng–arz 12,990 76.2 16.4
eng–bel 10,974 72.2 18.9
eng–ces 13,440 74.6 17.7
eng–deu 13,770 82.7 13.7
eng–ekk 10,680 70.1 19.3
eng–hye 10,192 65.0 25.0
eng–ind 10,261 78.8 14.2
eng–isl 11,160 65.3 21.4
eng–kaz 12,702 71.3 20.3
eng–lij 11,919 62.2 15.6
eng–lld 10,152 55.0 14.4
eng–rus 13,206 78.4 16.9
eng–sme 13,311 48.3 18.3
eng–tha 13,981 79.4 18.3
eng–ukr 12,180 76.5 15.8
eng–zho (Hans) 13,949 81.9 14.8
eng–zho (Hant TW) 9,100 81.0 9.8
zho–jpn 10,385 79.6 13.3

Table 13: Submitted AEGIS predictions on the 21 offi-
cial language pairs.

zero-width non-joiner marked; in the delivered file
the conjunct transliterated rna is broken by a joiner
placed directly after its halant.

The first two rows are the cases Section 4 of
the paper identifies as exactly invisible to both
encoders: a leading byte-order mark, and a non-
breaking space substituted for an ordinary space.
In both, the corrupted and clean hypotheses to-
kenise identically, so no reference-based neural
metric can separate them, and only the determin-
istic shield reaches them.

Class Correct vs corrupted hypothesis

bom Mitarbeiter muessen vor Ort einen Helm tragen.
<BOM>Mitarbeiter muessen vor Ort einen Helm tragen.

nbsp Der Vertrag wird automatisch verlängert.
Der Vertrag wird automatisch<NBSP>verlängert.

soft_
hyphen

Die Bewerbung muss heute eingereicht werden.

Die Bewerbung muss heute e<SHY>ingereicht werden.

ghost_ homo Der Arzt verschrieb Antibiotika gegen die Infektion.
Der Arzt verschrieb Antibi[U+043E]tika gegen die In-
fekti[U+043E]n.

conjunct yah kaarya mahatvapuurna hai.
yah kaarya mahatvapuur<ZWNJ>na hai.

refcopy Kein Zugang fuer Personen ohne Berechtigung.
Der Zutritt ist fuer Unbefugte erlaubt.

Table 14: One item per phenomenon class. The upper
line of each pair is the correct hypothesis, the lower
the corrupted one. refcopy carries no invisible charac-
ters: its corrupted hypothesis reverses the meaning of
the source while copying the reference’s surface form.

The refcopy row is included as a contrast.

It contains no orthographic corruption at all;
the corrupted hypothesis inverts the meaning of
the source (prohibited becomes permitted) while
matching the reference’s phrasing more closely
than the correct hypothesis does. COMET-22
prefers it in 5 of 5 cases, which is the reference-
anchoring failure discussed in the paper rather
than anything the shield can address.

G Hygiene Shield Specification

Table 5 of the main paper lists the shield rules with
the finding that motivates each; Table 15 below re-
peats the penalties and adds the number of official-
pair hypotheses each rule actually flagged in our
submission. Penalties are additive, each capped,
and applied only for character classes absent from
both the source and the reference of the same seg-
ment.

Rule per hit cap fired

Default-ignorable / format 2.0 8.0 131
Whitespace-class substitution 0.5 2.0 2,437
Soft hyphen 1.0 3.0 114
Joiner after halant 1.5 6.0 24
Homoglyph cloaking 2.0 8.0 198
NFC mismatch 0.5 0.5 100

Empty output 60.0 (flat) 3,127
Runaway length ≤ 40.0 608
Repetition loop ≤ 40.0 329

Table 15: Shield and degeneracy rules, in cESA
points, with the number of official-pair hypotheses each
flagged in the submission.

Homoglyph cloaking requires a token that (i)
contains at least one Latin letter, (ii) contains at
least one confusable Cyrillic or Greek codepoint,
and (iii) whose confusable-folded form occurs in
the source or reference. Condition (i) exempts gen-
uine non-Latin target text; without it the rule fired
on 11.9% of official hypotheses rather than 1.16%.

Runaway length triggers when the hypothesis
exceeds three times the source token count, for
sources of at least ten tokens. Repetition triggers
when a 3–5 token n-gram repeats at least eight
times and covers more than half the hypothesis.
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