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Abstract

Recent advances in neural machine trans-
lation (MT) have spurred increased inter-
est in evaluating translations beyond the
sentence level, making it possible to as-
sess discourse-level phenomena related to
coherence and consistency. While ex-
isting sentence-level metrics can be ap-
plied to multi-sentence spans, it remains
unclear whether their scores truly cap-
ture document-level quality. We introduce
MetaDocEval, a reusable framework for
generating contrastive document-level test
sets, together with an instantiated test set
covering three language pairs (en—fr, en—es,
en—de). The framework includes automatic
perturbation generation, quality-control fil-
tering and sliding-window scoring, so that
new corpora, language pairs, or perturba-
tion types can be added with minimal man-
ual intervention. The released test set tar-
gets a range of discourse-level phenomena
and potential problems linked to translation
at the document level. To evaluate how
metrics behave as a function of context size,
we apply them under a sliding-window pro-
tocol, varying the input from single sen-
tences up to full documents. Our experi-
ments show that none of the metrics tested
genuinely capture document-level coher-
ence: reference-based metrics overfit lexi-
cal overlap, reference+source metrics gain
little from added context, reference-free en-
coders show brief context sensitivity before
degrading on longer spans, and LLM-based
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scorers collapse beyond short inputs. A
key finding is that reference access can be
actively harmful for detecting discourse-
level errors. Using short windows (=~ 3
sentences) offers the best trade-off between
discourse error detection and score dilution.

1 Introduction

The machine translation (MT) community is in-
creasingly shifting its focus beyond sentence-level
translation towards the document level (Maruf et
al., 2021; Post and Junczys-Dowmunt, 2024). Neu-
ral MT systems achieve remarkable fluency and
adequacy at the sentence level, but their limitations
become apparent when translations are looked at
in their broader context (Ldubli et al., 2018; Toral
et al., 2018). This is because many critical linguis-
tic phenomena, related to document coherence and
cohesion, can span across sentences. As attention
turns to these document-level challenges, it is be-
coming increasingly pressing to develop automatic
evaluation tools and metrics to assess translation
quality beyond the sentence level. However, most
metrics are still developed for the sentence level.

A straightforward response is to apply exist-
ing metrics to longer spans. Surface-based scores
such as BLEU (Papineni et al., 2002) and chrF
(Popovi¢, 2015), embedding-based metrics such
as BERTScore (Zhang et al., 2020) and COMET
(Rei et al., 2020), and LLM-based metrics such as
GEMBA-MQM (Kocmi and Federmann, 2023)
can all process text inputs spanning multiple sen-
tences. However, it remains unclear whether their
scores truly capture long-distance coherence. Our
main question is the following: can existing metrics
be reliably used to evaluate the translation quality
of segments spanning multiple sentences?

Metrics are typically judged based on their corre-



lation with human scores (Kocmi et al., 2021; Fre-
itag et al., 2021a; Thompson et al., 2024; Freitag et
al., 2024; Lavie et al., 2025). In this perspective, an-
swering our main question would require to collect
document-level judgments, an expensive and cogni-
tively demanding task (Castilho, 2021). Contrastive
challenge sets sidestep this by injecting controlled
errors and checking whether metrics rank the orig-
inal segments higher (Karpinska et al., 2022; Am-
rhein et al., 2022). Existing challenge sets, however,
mostly target short-range context, typically one or
two neighbouring sentences (Karpinska et al., 2022)
and therefore are not adapted to evaluating metrics
on long-distance discourse phenomena.

To fill this gap, we introduce MetaDocEval, a
contrastive framework targeting the evaluation of
translation errors affecting coherence and cohesive-
ness beyond the sentence level for English to French
(en—fr), Spanish (en—es) and German (en—de).
Contrastive examples are created by automatically
perturbing MT outputs to produce versions of lesser
quality. We include two complementary kinds of
perturbations: (i) lexical perturbations that break
coherence across sentences while leaving each indi-
vidual sentence locally well-formed (e.g., incon-
sistent verb tenses, broken lexical or anaphoric
chains, weakened conjunctions); and (ii) structural
perturbations that introduce locally visible errors
(e.g., a duplicated, removed or shuffled sentence)
within an otherwise coherent document, in order
to assess whether metrics remain sensitive to lo-
cal errors when forced to evaluate multi-sentence
spans. We evaluate eight representative metrics
(reference-based and reference-free), computing
document-level scores using SLIDE (Wicks and
Post, 2022) with various window lengths to score
increasingly long spans of text. We compare re-
sults using accuracy to assess whether (i) metrics
are able to penalize document-level perturbations
and (ii) they are robust to longer inputs. We pro-
vide a fine-grained view of each metric’s strengths
and weaknesses when applied to long spans of text,
reporting results both in aggregate across perturba-
tion types and broken down per perturbation type
to isolate the specific document-level phenomenon
each captures. We publicly release our test set.!

1https: //github.com/nicolasdahan/
metadoceval-testset

2 Related Work

Recent advances in fine-tuned and LLM-based met-
rics (Rei et al., 2020; Fernandes et al., 2023; Kocmi
and Federmann, 2023; Juraska et al., 2024a; Freitag
et al., 2024) have made it feasible to score trans-
lations over longer contexts, prompting growing
interest in document-level evaluation. However, lit-
tle research has examined how reliably they can be
used to evaluate translated documents. Recent work
has approached document-level MT and its evalu-
ation from complementary angles: Kim (2025b)
propose a holistic human-evaluation framework for
document-level MT, complementary to our auto-
matic contrastive approach; Kim (2025a) revisit
how context affects document-level MT judgments
through human evaluation; Luo et al. (2025) also ex-
plore sliding-window aggregation of sentence-level
metrics across 16 language pairs; and O’Brien et al.
(2025) release DocHPLT, a massively multilingual
document-level translation dataset.

A related line of work involves designing metrics
specifically for document-level evaluation. Doc-
COMET (Vernikos et al., 2022) extends COMET
with document context, and BlonDe (Jiang et al.,
2022) targets discourse-related spans for ZH<«+>EN.
Our focus is deliberately on the widely deployed
sentence-level metrics that practitioners still apply
to documents; Raunak et al. (2024) also report that
sliding-window COMET correlates with human
judgments better than Doc-COMET, motivating our
choice of SLIDE as the document-level scoring
protocol.

The evaluation of MT metrics, known as meta-
evaluation, typically uses one of two approaches.
The first measures correlation with human judg-
ments of translation quality (Kocmi et al., 2021; Fre-
itag et al., 2021a; Thompson et al., 2024; Freitag et
al., 2024), the de facto gold standard. However, ob-
taining document-level annotations are costly and
cognitively demanding (Castilho, 2021), and av-
eraging sentence-level scores across a document
fails to capture long-range dependencies (Deutsch
et al., 2023). Correlations may also reflect spu-
rious patterns learned during training rather than
genuine translation quality (Perrella et al., 2024),
and most large-scale human evaluations do not ex-
plicitly target document-level phenomena (Wicks
and Post, 2023). The second approach relies on
contrastive challenge sets, which introduce con-
trolled perturbations and test whether metrics as-
sign higher scores to the originals (Karpinska et al.,
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2022; Amrhein et al., 2022; Avramidis et al., 2023;
Lo et al., 2023; Zouhar et al., 2024; Wang et al.,
2024; Avramidis et al., 2024). Such datasets offer
fine-grained insights into metrics’ sensitivity to spe-
cific linguistic phenomena without requiring human
scoring. A related line outside MT uses minimally
perturbed test suites to probe whether neural lan-
guage models find incoherent continuations more
surprising than coherent ones (Beyer et al., 2021).
Within the WMT Metrics shared tasks (Freitag et
al., 2021b; Freitag et al., 2022; Freitag et al., 2023),
several challenge sets have targeted issues such as
negation, named entities, and antonym replacement
(Macketanz et al., 2022; Alves et al., 2022), helping
diagnose weaknesses in sentence-level evaluation.
However, existing challenge sets remain limited
to short-range discourse, typically involving one
or two sentences. For example, ACES (Amrhein
et al., 2022) and TQ-AutoTest (Macketanz et al.,
2018) cover coordination, ellipsis, and connectives,
while DEMETR (Karpinska et al., 2022) extends
to anaphoric phenomena. Yet none provides whole
documents or multi-sentence spans, and therefore
they cannot test whether metrics detect inconsisten-
cies that arise only across sentences or paragraphs.
Moreover, document-level MT systems are known
to produce structural errors such as sentence omis-
sion (Wu et al., 2024; Wang et al., 2025) and re-
segmentation (Yan et al., 2024), none of which are
covered by existing challenge sets.

3 MetaDocEval: a Contrastive Framework
for Document-level MT Evaluation

3.1 Overview

MetaDocEval is both an instantiated contrastive test
set and a reusable framework for generating such
test sets. Our goal is to test whether metrics can
detect translation errors whose impact extends be-
yond the sentence level. The framework integrates
perturbation generation, quality-control filtering,
and sliding-window scoring into a single automated
pipeline, allowing new corpora, language pairs, or
perturbation types to be added with minimal man-
ual intervention. The released test set is the result
of running this pipeline on existing parallel corpora.

MetaDocEval currently covers three directions
(en—fr, en—es, en—de), starting from parallel cor-
pora (source, reference, and system outputs) in
which system outputs are systematically perturbed
to simulate document-level errors: perturbations are
designed to preserve local meaning and coherence

at the sentence level, while degrading consistency
and cohesion across the document. Segments span
several sentences, ranging from a paragraph to a
full document.

Perturbations differ in their applicability: some
changes are language-agnostic, while others de-
pend on language-specific morphology or tense sys-
tems. Some are direction-specific, arising from
source—rtarget asymmetries (e.g., gendered plural
pronouns in en—fr/en—es but not in en—de, where
the plural form is gender-neutral). As a result, not
every perturbation is instantiated for every pair.

A key aspect of this pipeline is the use of LLMs?
for perturbations that are difficult to produce heuris-
tically. Many discourse phenomena are rare, long-
range, and hard to trigger with hand-crafted rules
(e.g., maintaining lexical consistency, propagating
agreement across sentences, or manipulating tense/-
mood). Rule-based rewriting often fails due to brit-
tle morphological and syntactic constraints. In con-
trast, LLMs can condition on multiple sentences
and produce targeted, minimal edits that preserve
grammaticality and local meaning while subtly de-
grading global coherence. They also enable fine-
grained control via prompts, scale across languages,
and result in diverse perturbations, making them a
practical tool for generating document-level con-
trastive examples.

3.2 Perturbations

We use two types of perturbations: (i) structural,
which alter the document structure by adding, re-
moving, or reordering sentences, and (ii) lexical,
which modify words to affect the document’s over-
all coherence and cohesion (e.g., changing tenses,
swapping the gender of anaphoric pronouns, or
introducing lexical inconsistencies by replacing
words with synonyms that break cross-sentence
consistency), thus introducing linguistic, document-
level errors whose impact on meaning and coher-
ence is primarily visible at the document level rather
than within individual sentences. Table 1 summa-
rizes the number of documents per perturbation
type and language pair.

Structural perturbations We consider three
structural changes designed to degrade translation
quality: (i) sentence repetition, (ii) sentence
shuffling, (iii) sentence removal. We also use
one perturbation designed to preserve translation

Zgpt-40-mini is used for LLM-generated edits.



Perturbation en—fr en—es en—de
Lexical perturbations
LEX 59 70 55
TENSE 85 70 76
CONIJ 82 96 110
PRO-sG 9 0 4
PRO-PL 10 1 0
Structural perturbations
Sentence Removal 150 143 150
Sentence Repetition 150 143 150
Sentence Shuffling 150 143 150
Sentence Splitting 122 122 115

Table 1: Number of source documents per perturbation type
and language pair (union of documents that received the per-
turbation under at least one of the two systems, AYA23 or
GEMINI).

quality: (iv) sentence splitting,’ implemented via a
spaCy-based heuristic (Honnibal et al., 2020) that
splits at most one comma per sentence only if the
comma separates two independent clauses, each
containing a finite verb; we then insert a period and
capitalize the next token, e.g.:

ORIG Le monde évolue dans un état de changement
(fr):  constant, c¢’est une réalité.
PERT Le monde évolue dans un état de changement
(fr):  constant. C’est une réalité.
(gloss: ‘The world evolves in a state of constant
change, this is a reality.’)

Lexical perturbations All lexical perturbations
are generated through LLM-based edits. These
edits are designed to preserve sentence-level
fluency while degrading document-level quality.
We target four discourse-sensitive phenomena:
(i) tense consistency, (ii) lexical consistency,
(iii) gender of anaphoric pronouns and (iv) con-
junction substitution. Prompts are crafted to induce
minimal and coherent changes, and all outputs are
subsequently filtered for quality (Section 3.3).

Tense consistency (TENSE) This perturbation tar-
gets translations of the English simple past. We
modify past tense verbs in the target language by
switching between available past forms (passé com-
posé, imparfait, and, where applicable, passé sim-
ple in French). We only consider documents con-
taining at least four sentences in the English simple
past; in such cases, we alter 50% of the aligned
verbs in the target translation. Candidate verbs are
identified in the source. We rewrite only the verb

3Each perturbation affects roughly 20% of a document’s
sentences (minimum one).

morphology while leaving the surrounding context
unchanged. The modified sentences are designed to
remain grammatical in isolation, since each substi-
tuted form is a valid past tense in the target language
and the surrounding syntax is left unchanged. The
random alternation of tense forms is therefore in-
tended to introduce temporal incoherence that is
only detectable with broader context. Our manual
evaluation (Appendix A.6) confirms this for GEM-
INT outputs (94% of perturbed sentences remain
acceptable in isolation) but reveals a non-trivial
fraction of sentence-level degradation for AYA23
(54% acceptable), which we discuss when interpret-
ing results (Section 6).

SRC
(en):
REF
(fr):
HYP
(fr):

Nuclear power was neither clean nor safe nor
cheap. Indeed, the opposite was true.

L’énergie nucléaire n’était ni propre, ni sdre, ni
bon marché. En fait, cétait tout le contraire.

L’énergie nucléaire ne n’était ni propre, ni sire,
ni bon marché. En fait, ce fut tout le contraire.

Lexical consistency (LEX) We simulate lexical
consistency* errors by identifying repeated
content words (nouns, verbs, adjectives and
adverbs identified by SpaCy) in source documents,
aligning them with their target translations
using SimAlign (Jalili Sabet et al., 2020) and
substituting them with a random synonym.

SRC As the economic crisis deepens and widens, the
(en): world has been searching [...] At the start of the
crisis, many people likened it to 1982 or 1973.

ORIG Alors que la crise économique s’étend et

(fr):  s’aggrave, le monde cherche [...] Au début de
la crise, beaucoup de gens faisaient le rapproche-
ment avec 1982 ou 1973.

PERT Alors que la crise économique s’étend et

(fr):  s’aggrave, le monde cherche [...] Au début de
la tourmente, beaucoup de gens faisaient le rap-
prochement avec 1982 ou 1973.

Gender of anaphoric pronouns (PRO) The En-
glish anaphoric pronouns it and they translate into
gendered forms in French, Spanish and German,
depending on the grammatical gender of their an-
tecedent (French il/elle and ils/elles, Spanish él/ella
and ellos/ellas). For German, we restrict this
perturbation to it, as it maps to gendered forms
(er/sie/es) determined by the grammatical gender
of the antecedent noun. Following the methodol-
ogy of ContraPro (Miiller et al., 2018), we first
compute coreference chains within each document

4Simply understood here as the repeated use of the same
lexical items across a document.



using Cofr’ (Wilkens et al., 2020). We identify
referential 3rd person pronouns that (a) have an-
tecedent nouns in the reference chain and (b) align
with the pronoun it or they in the source. To
systematically alter gendered references, we ex-
tract the corresponding sentences and modify not
only the pronouns but also any gender-dependent
words (e.g., adjectives and past participles).

SRC [...] Last week Tony Blair, Jacques Chirac,
(en): and Gerhard Schroeder met in Berlin. They
departed pledging to revive Europe’s growth.

ORIG [...] La semaine derniere, Tony Blair, Jacques

(fr): Chirac, et Gerhard Schroeder se sont rencontrés
a Berlin. Ils se sont quittés sur la promesse de
relancer la croissance en Europe.

PERT [...] Tony Blair, Jacques Chirac, et Gerhard

(fr):  Schroeder se sont rencontrés a Berlin. Elles se
sont quittées sur la promesse de relancer la crois-
sance en Europe.

Conjunction (CONJ) Conjunctions explicitly
mark discourse relations (causality, contrast, tempo-
ral succession, condition, comparison, etc.) and are
deliberately chosen to ensure coherent progression
across a document. We work from per-language
inventories of coordinating and subordinating con-
junctions grouped by discourse function (full lists in
Appendix A.2 for French, A.3 for Spanish, and A.4
for German). Near-synonym substitution within
a same discourse class is designed to preserve
sentence-level fluency, but it weakens or distorts the
discourse relations conjunctions signal. Since con-
junctions appear frequently, systematically substi-
tuting several of them causes distortions to accumu-
late, collectively degrading document-level coher-
ence. Importantly, because multiple conjunctions
operate mainly at the discourse level rather than the
sentence level, such degradation may go undetected
by sentence-level metrics, making this perturbation
particularly suited to probe document-level evalua-
tion. We apply this perturbation only to documents
containing at least five conjunctions, to ensure suffi-
cient accumulation of discourse-level distortions.

ORIG Comme des années 2000, [...], des passe-temps et
(fr):  tout le reste, mais avant et depuis, ce n’a été que
des choses comme Warhammer...

PERT A Pinstar des années 2000, [...], des passe-temps
(fr): et tout le reste, mais auparavant et depuis, ce n’a
été que des choses comme Warhammer...

3.3 Perturbations: Quality Control

While heuristic perturbations (e.g., sentence shuf-
fling or deletion) are deterministic and easily verifi-

5https://boberle.com/projects/
coreference-resolution-with-cofr

able, LLM-based perturbations require strict quality
control to ensure transformations are both success-
ful and minimal. We adopt a multi-step filtering
pipeline to discard noisy or hallucinated outputs.
First, we discard any sample whose Levenshtein dis-
tance ratio exceeds a perturbation-specific threshold
(see Appendix A.1 for details), ensuring that mini-
mal edits (such as synonym substitutions) remain
close to the original while hallucinated (e.g., ex-
planations) or paraphrased outputs are filtered out.
Across all perturbation types, samples where no
modification occurred are discarded. We then ap-
ply targeted checks depending on the perturbation
type. For lexical consistency, the modified word is
aligned with its original counterpart and compared
using BERTScore; samples with low similarity are
removed as contextually invalid. For tense consis-
tency, we prompt an LLM to verify that the tense
actually changed; samples where original and per-
turbed are judged to be in the same tense (indicating
the perturbation failed) are discarded.® For conjunc-
tion substitutions, samples where the output is iden-
tical to the input are similarly rejected. Finally, for
the PRO perturbation, another LLM-based check
ensures that the gender expressed actually differs
between the two variants; if not, the perturbation is
rejected.

4 Evaluating Metrics using metadoceval

We use the metadoceval challenge set to assess
how existing MT evaluation metrics behave when
applied at the document level. Our goal is to quan-
tify their sensitivity to the controlled perturbations
of Section 3.2, and to determine how this sensitivity
changes as the available context length increases.

4.1 Computing Document-Level Scores

To obtain document-level scores, we apply each
metric to contiguous blocks of sentences taken from
system outputs or their perturbed variants. We fol-
low the sliding-window approach of (Raunak et
al., 2024), denoted SLIDE(w, 1), where w is the

®We perform a manual evaluation of the four LLM-based
perturbations (tense consistency, lexical consistency, conjunc-
tion substitution, and gender of anaphoric pronouns (PRO))
to verify that they preserve sentence-level acceptability in
Appendix A.6. Across the four perturbations, 73-98% of per-
turbed outputs preserve sentence-level acceptability overall.
The only notable system-specific outlier is tense for AYA23
(54%), where the perturbation appears to conflate sentence-
level and discourse-level effects. The per-system breakdown in
Appendix A.5 shows that the patterns and conclusions of our
aggregated analysis hold for GEMINI alone, where sentence-
level acceptability is uniformly high (71-100%).
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window size in sentences and the stride is 1. This
ensures that every sentence in a document appears
in multiple overlapping windows, maximizing the
chances that a perturbation is observed with enough
surrounding context. For a given document, we
compute metric scores for each individual window
(chunk-level scores) and average the scores to give
a single document-level score. Finally, we average
over the entire test set to obtain a corpus-level score.
Using w = 1 produces a sentence-level evaluation
in which document-level errors (e.g., all lexical
and structural perturbations outside the targeted
sentences) are inaccessible to the metric. Larger
window sizes progressively incorporate more con-
text, allowing us to investigate whether metrics can
exploit longer spans to detect discourse-level er-
rors. This setup reveals how metrics react to both
perturbation type and input span.

4.2 Comparison of Scores

We compare the metric scores assigned to the origi-
nal MT outputs with those assigned to their per-
turbed counterparts. For each metric, perturba-
tion type, and window size, we compute the mean
difference in document-level scores, aggregated
across language pairs and systems; per-language-
pair breakdowns are provided in Appendix A.5.
A metric that is sensitive to a given perturbation
should consistently assign better scores to the orig-
inal outputs. We quantify this sensitivity in two
ways. First, we run two-sided paired ¢-tests over
per-document score differences to assess whether
the observed gaps are statistically significant. Sec-
ond, we compute accuracy, the proportion of doc-
ument pairs where the initial translation is scored
higher than its perturbed variant. Accuracy gives
a direct measure of ranking quality, independent
of score scales.” A metric’s ability to detect a per-
turbation will depend on three interacting factors:
whether it uses the reference, the source, or both;
whether the perturbation is structural or lexical; and
the amount of accessible context.

" Absolute score values across window sizes cannot be
compared directly, as some metrics exhibit systematic drifts as
the window size increases.

5 Experimental settings

5.1

We evaluate a range of MT metrics: BLEU® and
chrF (surface-level metrics based on n-gram over-
lap), BERTScore’ (an embedding-based metric),
fine-tuned metrics: COMET!? and METRICX-
24 (Juraska et al., 2024b) and their reference-free
versions COMETKIWI'? and METRICX-24-QE !!
and GEMBA-MQM, '3 a GPT-based metric, which
relies on structured prompts.

Metrics

5.2 WMT24++ Datasets

We perform our evaluation using the WMT24++
parallel test sets (Deutsch et al., 2025) for
three language pairs: English-French (en—fr),
English—Spanish (en—es), and English—-German
(en—de). These test sets, of which the original
documents were drawn from diverse sources for
the WMT shared task (Kocmi et al., 2025) (literary,
speech, news and social) include human references,
and multiple system outputs.

We only keep documents containing at least three
sentences, and focus on the outputs of two rep-
resentative systems: GEMINI-1.5 PRO (Team et
al., 2024), ranked among the top-tier systems in
WMT24++, and AYA23 (Aryabumi et al., 2024),
ranked among the lowest-tier systems for all three
language pairs, giving us a diverse range of MT
outputs to test the metrics on.

To ensure consistency in evaluation and avoid
biases stemming from segment length variabil-
ity (e.g., documents with single long segments
vs. multiple short ones), we realign all docu-
ments (source, reference, and system outputs) using
bertalign (Liu and Zhu, 2023).!* This produces a
consistent sentence-level segmentation across all in-
puts, where each document is treated as a sequence
of aligned segments, and each segment corresponds
to a sentence. Only documents for which this triple
alignment (source, reference, system output) suc-
ceeds are retained for analysis, resulting in a reli-

8We use SacreBLEU (Post, 2018) with signature:
nrefs:1|case:mixed|eff:no|tok:13a
| smooth:exp|version:2.4.3. BLEU is computed per win-
dow: the w consecutive sentences in each window are con-
catenated into a single text and scored as a single unit using
SacreBLEU’s corpus_bleu.
facebook/bart-large-mnli
%Unbabel/wmt22-comet-da
llgoogle/metricx—24—hybrid—1arge—v2p6
2Unbabel/wmt22-cometkiwi-da
BQE version using gpt-40-mini
“github.com/bfsujason/bertalign
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able set of well-aligned documents with an average
length of 11.3 sentences. We exclude the PRO per-
turbation from our evaluation, as there are too few
gendered instances in the WMT24++ to generate
enough contrastive examples (Table 1).

6 Results and Analyses

Figure 1 presents document-level accuracy for each
metric and perturbation, micro-averaged across
three language pairs (en—fr, en—es, en—de) and
two MT systems (GEMINI-1.5 PRO and AYA23);
per-language-pair and per-system results are pro-
vided in Appendix A.5. We report accuracy with
window sizes of 1, 3, 6 and 9; chance performance
is 50%.

6.1 Two Distinct Failure Modes

A fundamental asymmetry separates structural and
lexical perturbations, and understanding it is key to
interpreting all subsequent results.

Structural perturbations are easy to detect at the
sentence level but less easy with context. Sen-
tence removal, repetition, and shuffling are easily
detected at the sentence-level, since they inevitably
result in comparisons across aligned sentences of
sentences that are no longer translations (at w=1,
nearly all metrics achieve 90-100% accuracy). As
w increases, accuracy drops across the board, as the
chance of observing correct translations within the
window being evaluated (albeit in the wrong order
or only partially) increases. The underlying reason
differs by perturbation type. For sentence removal
and repetition, the distortion signal is diluted by sur-
rounding coherent sentences scored jointly within
the window. For sentence shuffling, the drop may
reflect a different effect: at w=1, each inverted sen-
tence is individually penalized, whereas at larger w,
the metric sees a mix of correctly and incorrectly or-
dered sentences within the same window, which can
partially offset the error signal. A notable outlier is
METRICX-24-QE on sentence repetition: at w=1,
it scores below the 50% chance baseline, initially
preferring duplicated outputs. This likely stems
from its MQM-based training objective, which con-
flates input length with error severity: at w=1, a
duplicated sentence doubles the output length, pro-
ducing a lower (i.e. seemingly better) MQM score.
At w=3, the relative length difference shrinks and
the redundancy signal becomes detectable, correct-
ing the bias.

Sentence splitting stands apart from the other
structural perturbations as it is designed to preserve
translation quality while altering the structure, so
we would hope that the metrics are less sensitive to
the perturbation than the others. However most met-
rics do penalize splits at w=1 (95-97% accuracy
for BLEU, chrF, BERTScore). More concerning,
COMETKIWI increasingly penalizes splits as con-
text grows (68%—85%), and COMET follows a
similar trend (76%—89%), suggesting that these
metrics amplify false positives with broader context
rather than recognizing that the translation remains
adequate.

Lexical perturbations expose a reference bias
at the sentence level. By design, tense consis-
tency, lexical consistency, and conjunction substitu-
tion perturbations are intended to preserve sentence-
level fluency and adequacy while degrading global
coherence. Our manual evaluation (Appendix A.6)
confirms this design across the board (73-98% over-
all), with the only striking exception of tense consis-
tency for AYA23 (54%). We would therefore expect
accuracy at w=1 to be near chance (50%). This
expected pattern is broadly observed for reference-
free metrics (and for METRICX-24 and COMET
for conjunction substitution), which mostly score
between 40% and 60% at w=1, though not uni-
formly: GEMBA-MQM reaches 61% on tense
consistency, suggesting some sentence-level sen-
sitivity to tense changes, and METRICX-24-QE
reaches 61% on lexical consistency. A notable
exception is COMETKIWI, which systematically
scores below 40% across all three lexical perturba-
tions (34% for conjunction substitution, 32% for
tense consistency, 38% for lexical consistency), in-
dicating that it actively favors the perturbed vari-
ants at the sentence level. Reference-based metrics
(BLEU, chrF, BERTScore), however, already score
well above chance at w=1, reaching over 75% for
conjunction substitution and around 80% or above
for lexical consistency. This is not evidence of dis-
course sensitivity: as shown in Table 2, the original
modified fragment appears in the reference in over
50% of cases for lexical consistency and conjunc-
tion substitution, and 24% for tense consistency.
Reference-based metrics therefore inevitably penal-
ize the perturbation at the sentence level as it often
no longer matches the reference text.
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Appendix A.5.

Perturbation n  orig€ref pertcref
LEX 956 56.28 4.50
TENSE 956 24.58 3.24
CONIJ 1532 53.39 6.92

Table 2: For each lexical perturbation type the percentage
of cases where the original modified fragment appears in the
reference (orig€ref) and the perturbed fragment appears in the
reference (pertcref).

6.2 Metric Families Reveal Systematic
Patterns

The most informative way to read Figure 1 is by
metric family, as structural design determines be-
havior more than any other factor.

Reference-only metrics are biased, not accurate.
BLEU, cHRF, and BERTScore achieve the high-
est accuracies on lexical perturbations, but for the
wrong reason. Their reliance on surface overlap
with the reference means that in cases where the
perturbation introduces divergence from the refer-
ence (Table 2), lexical consistency and tense con-
sistency perturbations are penalized at w=1 re-
gardless of their discourse validity. As context
grows, their trajectories remain flat across all three
metrics, confirming that added context provides
no additional signal. BLEU and CHRF are struc-
turally limited by their n-gram formulations (n<4),
which cannot capture discourse-level dependencies.

BERTScore, despite relying on contextual embed-
dings rather than n-grams, exhibits the same flat
behavior: on lexical consistency, it scores 79% at
w=1 and 79% at w=9; on tense consistency, 66%
and 68%; on conjunction substitution, 77% and
76%. This suggests that even though its underlying
encoder has a broad context window, BERTScore’s
token-level matching mechanism fails to exploit
document-level information, reducing it in practice
to a surface-overlap metric similar to its n-gram
counterparts.

Reference+source metrics add grounding but
stall on document context. COMET and
METRICX-24 aim to reduce reference-overlap bias
through source access, yet their behaviors diverge
by perturbation type. On lexical consistency, both
start with high accuracy at w=1 (~ 64% and
~ 82% respectively), consistent with the reference
divergence effect discussed above, and both de-
crease as w grows. On conjunction substitution and
tense consistency, COMET hovers near chance
across all window sizes, suggesting it gains nothing
from either the reference or the source for these
phenomena. METRICX-24, by contrast, starts near
50% on conjunction substitution but increases con-
tinuously to 62% at w=9, and similarly increases
on tense consistency (67% — 74%), suggesting it
can exploit broader context to detect these discourse
errors. Notably, on conjunction substitution and



tense consistency, METRICX-24 and METRICX-
24-QE exhibit nearly identical variation patterns
across all window sizes, with their mean accuracies
differing by an approximately constant offset, a di-
rect consequence of their shared underlying model
weights trained on a mixture of reference-based and
reference-free examples.

COMET and COMETKIWI are mirror images.
On all three lexical perturbations, COMETKIWI
consistently rises from well below chance as w
increases, while COMET’s behavior depends on
the perturbation type. The clearest mirror appears
on lexical consistency, where COMET drops from
64% to 56% while COMETKIWI climbs from 38%
to 58%. On conjunction substitution and tense
consistency, COMET scores near chance at w=1
(~49-51%), which is expected since these pertur-
bations preserve sentence-level quality, but it re-
mains flat as context grows. COMETKIWI starts
well below chance (34%, 32%) but rises steadily to
50% and 52%. These contrasting trajectories sug-
gest that reference access plays different roles: on
lexical consistency, it is actively harmful, inflating
accuracy at w=1 through surface overlap then di-
luting with context; on conjunction substitution and
tense consistency, it is simply uninformative. In
all cases, COMETKIWI is the only metric whose
accuracy consistently increases with context. How-
ever, even at w=9 it barely reaches chance level
(50-58%).

LLM-based scoring is unreliable beyond short
spans. GEMBA-MQM follows a characteristic
pattern on most perturbations: it stays flat or im-
proves slightly at w=3, then drops at w=6 and
w=9. This is most pronounced on sentence re-
moval, where it starts with the lowest accuracy
among all metrics at w=1 (~90%), peaks at w=3
(93%), then drops to 75% at w=9. A similar pat-
tern appears on sentence shuffling, tense consis-
tency, and conjunction substitution. On conjunction
substitution, it reaches the lowest accuracy among
all metrics at w=9 (36.2% for en—fr). However,
this pattern is not universal: on lexical consis-
tency, GEMBA-MQM improves sharply at w=3
(55%—65%) but then plateaus rather than declin-
ing. Overall, these results suggest that LLM-based
scoring with short prompts cannot reliably process
extended inputs, despite the model’s large context
window.

No single window size works universally. Struc-
tural errors are best detected at w=1, where they are
isolated and directly measurable. Lexical discourse
errors require broader context to become visible.
These opposing demands explain why no metric
achieves uniformly high accuracy across all condi-
tions. The most reliable compromise is w=3: it pro-
vides enough local context for reference-free met-
rics to begin detecting discourse errors (+10-45%
gains over w=1) while limiting the dilution that
degrades all metrics at w=9. Importantly, for most
metrics the accuracy drop at larger window sizes
is not an artifact of metrics becoming inherently
unreliable with longer inputs: scoring the same un-
perturbed outputs across window sizes shows con-
sistent shifts without increased variance, preserving
system rankings (Appendix A.5.4). The drop is
therefore attributable to perturbation signal dilution,
not metric degradation. However, METRICX-24
and METRICX-24-QE exhibit a stronger length-
dependent score drift due to their MQM-based train-
ing objective, which conflates input length with er-
ror severity, adding an additional confound to their
cross-window comparisons.

6.3 Practical Recommendations

None of the evaluated metrics were designed to as-
sess the targeted document-level phenomena, and
their behaviors clearly reflect this limitation. Nev-
ertheless, several actionable guidelines emerge:

1. Avoid large evaluation windows. For the
document lengths in our evaluation (11.3 sen-
tences on average), all metrics degrade at
w=9: structural errors (removal, repetition,
shuffling) are penalized less when scored
jointly with many surrounding coherent sen-
tences.

2. Do not score sentences independently ei-
ther. Genuine discourse-level inconsistencies
(tense consistency, lexical consistency, con-
junction substitution) are designed to preserve
sentence-level fluency and adequacy, and are
thus largely undetectable at w=1, mainly for
reference-free metrics.

3. Use short windows of ~3 sentences. This
provides the best trade-off: enough context
for discourse error detection without excessive
signal dilution.

4. When references are available, use them
but be aware of their bias. Reference-based



and reference+source metrics achieve the high-
est absolute accuracies, particularly on struc-
tural perturbations, and remain the most reli-
able option when references exist. However,
their high scores on lexical perturbations are
largely artifactual: they penalize any surface
deviation from the reference, including valid
alternatives. Practitioners should therefore not
interpret high reference-based scores as evi-
dence that document-level coherence has been
assessed.

5. No current metric genuinely captures
document-level phenomena. Among
reference-free metrics, COMETKIWI and
METRICX-24-QE are the only metrics
whose accuracy increases with context on
lexical perturbations, showing that they
can exploit the source to detect discourse
disruptions. Yet even at their best (w=9), they
barely exceed chance (=~ 50%), meaning the
signal is real but far too weak for practical use.
METRICX-24-QE is the most stable across
conditions but similarly limited in absolute
terms. These results point to a clear research
gap rather than a usable solution.

7 Conclusion

We presented MetaDocEval, an automatically con-
structed contrastive test set for evaluating MT met-
rics on document-level phenomena. By introduc-
ing controlled discourse-sensitive perturbations into
MT system outputs and scoring them under a
sliding-window protocol with increasing context
lengths, we exposed how current metrics behave
when moving beyond the sentence level. Our cen-
tral finding is that no evaluated metric genuinely
captures our targeted document-level phenomena,
though the reasons differ instructively by metric
family. We evaluate metrics by type of perturbation
(structural or lexical) and discuss the implications
of carrying out quality estimation versus reference-
based evaluation. Finally, we provide some prac-
tical recommendations based on our observations
and how existing metrics can be used to evaluate
longer spans of text.

8 Limitations
We acknowledge several limitations of this work.

Perturbation coverage. Our perturbations target
a specific set of discourse phenomena (tense con-

sistency, lexical consistency, gender of anaphoric
pronouns, conjunction substitution, and structural
edits). Important document-level challenges are
not yet covered, notably lexical ambiguities whose
resolution depends on document context (Bawden
et al., 2018), coreference beyond pronoun gender,
and discourse-level register or style shifts.

Language and data scope. The linguistic pertur-
bations are tailored to three Western European lan-
guage pairs (en—fr, en—es, en—de), which share
substantial typological overlap. Languages with
richer morphology, freer word order, or different
discourse-structuring devices (e.g., pro-drop lan-
guages, SOV languages) may expose different met-
ric behaviors. The underlying dataset (WMT24++)
is also relatively small, and the PRO perturbation
had to be excluded due to insufficient instances,
limiting our analysis of anaphoric phenomena.

Metric configuration. For GEMBA-MQM, we
used gpt-40-mini rather than the larger model rec-
ommended by the original authors, and did not
explore recent advances in prompt design for long-
context evaluation (Agrawal et al., 2024). The col-
lapse we observe beyond w=3 may therefore partly
reflect suboptimal prompting rather than a funda-
mental limitation of LLM-based scoring. Similarly,
all metrics were used with default configurations;
task-specific tuning (e.g., adjusting BERTScore’s
layer selection for longer inputs) might alter some
findings.

Evaluation protocol. Our sliding-window ap-
proach treats all sentences within a window equally,
but perturbations affect only a subset of them. A
metric that assigns correct local scores but averages
them with unaffected sentences will appear to de-
grade, an effect we attribute to “dilution” but that is
partly an artifact of uniform averaging. Alternative
aggregation strategies (e.g., weighting sentences by
perturbation density) could yield different conclu-
sions and deserve investigation.

Sentence-level artifacts in LLM-generated per-
turbations. LLM-generated perturbations may,
in addition to the intended document-level change,
introduce unintended sentence-level defects (awk-
ward synonyms, locally infelicitous verb forms,
agreement errors), so that a metric could appear
sensitive to a perturbation for the wrong reason. To
gauge this risk we inspect the per-system break-
down of the metric analysis in Appendix A.5; our



manual evaluation (Appendix A.6) shows that GEM-
INT’s perturbed outputs preserve sentence-level ac-
ceptability uniformly well across all four perturba-
tions (71-100% Both valid), limiting the potential
contamination from sentence-level artifacts. The
patterns and conclusions of our aggregated analysis
hold when focusing on GEMINI outputs alone.
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A Appendix

A.1 Levenshtein Distance Ratio for Quality
Filtering

To filter out noisy LLM outputs, we use the Leven-
shtein distance ratio, defined as:

dlev(sa 5/)

A
(& 5) = Hax(lsl, 9

where djey (s, s') is the character-level Levenshtein
distance between the original segment s and the
perturbed segment s, and |-| denotes the number of
characters. The ratio r € [0, 1] thus measures the

proportion of characters that need to be changed
relative to the longer of the two strings, making it
invariant to segment length. A low ratio indicates a
minimal, targeted edit; a high ratio indicates heavy
rewriting or hallucination.

We apply a perturbation-specific threshold 7
and discard any sample for which r(s,s’) > 7.
The thresholds were chosen arbitrarily: 7 = 0.20
for perturbations expected to affect only a small
number of tokens (lexical consistency, gender of
anaphoric pronouns, conjunction substitution), and
7 = 0.30 for tense modifications, which can al-
ter inflectional morphology across multiple verbs
within the same segment. These values reflect a
pragmatic, unsystematic choice with no formal opti-
mization: loose enough to retain legitimate minimal
edits, yet strict enough to discard obvious halluci-
nations such as full paraphrases or outputs where
the LLM added explanatory content.

A.2 French Conjunctions

We list below the French coordinating and subor-
dinating conjunctions used by the CONJ perturba-
tion. Conjunctions are grouped by discourse func-
tion; substitutions are sampled uniformly at random
within each group.

* Coordinating Conjunctions: Coordinating
conjunctions link words, phrases, or clauses
of equal syntactic importance, creating com-
pound structures within a sentence. They
serve to indicate relationships such as addi-
tion, contrast, choice, and consequence. In
French, the primary coordinating conjunctions
are: et (and), ou (or), mais (but), donc (so,
therefore), ni (neither/nor), car (for/because),
and or (yet).

* Subordinating Conjunctions: A subordinat-
ing conjunction links a subordinate clause to
a main clause, establishing a relationship of
dependency between the two. These conjunc-
tions are essential for structuring complex sen-
tences and expressing relationships such as
cause, purpose, condition, time, and contrast.
In French, common subordinating conjunc-
tions include:

— Cause and Consequence: A un tel point
que, A tel point que, A ce que, Au point
que, Comme quoi, De telle maniere que,
De telle sorte que, De maniere que, De



sorte que, De facon que, En sorte que, Si
bien que, Tellement que, A ce que

- Purpose: A seule fin que, Afin que, De
telle maniere que, De telle sorte que, De
maniere que, De sorte que, De facon que,
De crainte que, De peur que, Pour que

— Condition: A condition que, A moins que,
Autant que, Au cas oun, Dans la mesure
ou, Du moment que, En cas que, Pour
peu que, Pourvu que, Selon que, Suivant
que, Si

- Comparison and Manner: A mesure
que, Ainsi que, Au fur et a mesure que,
Aussi bien que, Comme si, De telle
maniere que, De telle sorte que, De
maniére que, De sorte que, De facon que,
De méme que, En sorte que, Sans que,
Selon que

— Time: Alors que, Cependant que, Aprés
que, Aussitot que, Avant que, Cependant
que, Comme, Dés lors que, Dés que, D’ici
que, Du moment que, Durant que, En
attendant que, Lors méme que, Pendant
que, Sitot que, Tandis que, Tant que, Une
fois que, Quand, Lorsque

— Cause and Justification: Comme,
D’autant plus que, D’autant que, Du fait
que, Etant donné que, Parce que, Puisque,
Vu que

— Concession and Opposition: Bien que,
Encore que, Loin que, Méme si, Quand
bien méme que, Quoique, Qui que, Si ce
n’est que, Ou que, Mis a part le fait que,
Sauf que

A.3 Spanish Conjunctions

We list below the Spanish coordinating and subordi-
nating conjunctions used by the CONJ perturbation,
grouped by discourse function. Substitutions are
sampled uniformly at random within each group.

* Coordinating Conjunctions: Coordinating
conjunctions in Spanish link elements of equal
syntactic status, such as words, phrases, or
clauses. They express relationships like ad-
dition, contrast, or consequence. Common
coordinating conjunctions include: y (and), o
(or), pero (but), ni (neither/nor), pues (so), sin
embargo (however), sino (but rather), aunque
(although).

* Subordinating Conjunctions: Subordinat-
ing conjunctions introduce subordinate clauses
and express logical relations such as cause,
purpose, condition, time, and contrast. In
Spanish, common subordinating conjunctions
include:

— Cause and Consequence: Hasta tal
punto que, A tal punto que, A lo que, Al
punto que, Como para que, De tal man-
era que, De tal forma que, De manera
que, De modo que, De forma que, De
suerte que, Tan bien que, Tanto que

— Purpose: Con el tinico fin de que, A fin
de que, Para que, Por miedo a que, Por
temor a que

— Condition: A condicion de que, A menos
que, En tanto que, En caso de que, En la
medida en que, Desde que, En caso que,
Con tal de que, Siempre que

— Comparison and Manner: Segiin, Con-
forme, A medida que, Asi como, A la vez
que, Tan bien como, Como si, Igual que,
Sin que

— Time: Después de que, Tan pronto como,
Antes de que, Desde entonces que, En
cuanto, De aqui a que, Durante que,
Mientras tanto que, Apenas que, Mien-
tras, Una vez que, Cuando

— Cause and Justification: Como, Cuanto
mds que, Cuanto que, Debido a que,
Dado que, Porque, Ya que, Visto que

— Concession and Opposition: Aungue,
Aun cuando, Lejos de que, Incluso si, A
pesar de que, Quienquiera que, Salvo
que, Dondequiera que, Aparte del hecho
de que, Excepto que, Hasta que

A4 German Conjunctions

We list below the German coordinating and subordi-
nating conjunctions used by the CONJ perturbation,
grouped by discourse function. Substitutions are
sampled uniformly at random within each group.

* Coordinating Conjunctions: Coordinating
conjunctions in German link clauses or ele-
ments of equal rank, and are not followed by
a change in word order. Common examples
include: und (and), oder (or), aber (but), denn
(because/for), sondern (but rather), doch (how-
ever), jedoch (yet/still).



* Subordinating Conjunctions: These intro-
duce dependent clauses and affect the word
order of the clause (verb to the end). They
express relationships such as cause, purpose,
condition, time, or contrast. Examples in-
clude:

— Cause and Consequence: Sodass, So
sehr, dass, In dem Mafse, dass, Insofern,
Derart, dass, Infolgedessen, Da, Weil,
Denn, Zumal, Angesichts der Tatsache,
dass

— Purpose: Damit, Um zu, Zu dem Zweck,
dass, Mit dem Ziel, dass, Mit der Absicht,
dass, Aus Angst, dass, Aus Furcht, dass

— Condition: Unter der Bedingung, dass,
Es sei denn, dass, Soviel, Falls, Insoweit,
Fiir den Fall, dass, Vorausgesetzt, dass,
Sofern, Je nachdem, ob

— Comparison and Manner: Wdhrend,
Gleichzeitig wie, Ebenso wie, Als ob, In
einer Weise, dass, Auf eine Weise, dass,
Ohne dass

— Time: Nachdem, Sobald, Bevor,
Wiihrend, Solange, Kaum dass, Wenn,
Als, Immer wenn, Seitdem, Bis

— Cause and Justification: Da, Weil,
Denn, Zumal, Angesichts der Tatsache,
dass

— Concession and Opposition: Obwohl,
Auch wenn, Weit davon entfernt, dass,
Selbst wenn, Obgleich, Wer auch immer,
Auper dass, Wo auch immer, Abgesehen
davon, dass, Es sei denn, Bis, Wohinge-
gen

A.5 Results

Each figure shows results for one system and one
language pair, with GEMINI and AYA23 shown sep-
arately. The commentary below highlights patterns
that are specific to each condition and complement
the aggregated analysis in Section 6.

A.5.1 English-French

English-French analysis. For tense consistency,
the COMET/COMETKIWI mirror pattern is most
pronounced in en—fr. COMETKIWI starts at 30%
for AYA23 (Figure 2) and at 20% for GEMINI (Fig-
ure 3) at w=1, then climbs to 60% and 52% respec-
tively at w=9. This is the sharpest COMETKIWI
ascent across all language pairs, consistent with

French offering a rich tense system (passé com-
posé, imparfait, passé simple) that creates more
detectable inconsistencies when mixed. GEMBA -
MQM shows its most severe collapse on conjunc-
tion substitution for en—fr: it drops from 38%
(AYA23) and 36% (GEMINI) at w=1 to 40% and
35% at w=9, remaining consistently below chance.
On sentence repetition (Figure 2), METRICX-24-
QE exhibits the sharpest reversal for AYA23: from
40% at w=1 to 81% at w=3, confirming that this
metric initially prefers duplicated content when
seen in isolation. The sentence splitting false-
positive effect is visible for both systems: COMET
increases from 73%/85% at w=1 to 91%/100% at
w=9, increasingly penalizing quality-preserving
splits.

A.5.2 English—Spanish

English—Spanish analysis. A notable difference
from the aggregated results is the behavior of
METRICX-24 on tense consistency for AYA23
(Figure 4): it achieves 86% at w=1 and remains
above 82% across all window sizes. This is sub-
stantially higher than for en—fr or en—de, suggest-
ing that the reference-based signal is particularly
strong for Spanish tense perturbations in AYA23
outputs. This contrasts with GEMINI (Figure 5),
where METRICX-24 starts at 70% and shows mod-
erate context sensitivity (65-72%). COMETKIWI
on tense consistency follows the expected climb-
ing pattern but with a weaker signal than en—fr:
from 40% to 54% for AYA23, and from 31% to
only 40% for GEMINI. On lexical consistency (Fig-
ure 4), AYA23 shows systematically higher CHRF
accuracy (99%-96%) than the other language pairs,
indicating stronger surface overlap between orig-
inal AYA23 outputs and the reference for en—es.
GEMBA-MQM on conjunction substitution col-
lapses similarly to en—fr, reaching 41% for AYA23
and 42% for GEMINI at w=9.

A.5.3 English—-German

English—-German analysis. English—-German
reveals the strongest context sensitivity for
METRICX-24 and METRICX-24-QE on tense
consistency. For AYA23 (Figure 6), METRICX-24
rises from 52% at w=1 to 73% at w=9; for
GEMINI (Figure 7), from 49% to 71%. METRICX-
24-QE  follows a parallel trajectory (from
38%/37% to 72%/62%). These are the largest
context-driven gains observed across all conditions,
suggesting that German tense perturbations pro-
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with w € {1, 3,6, 9} for the AYA23 system and the en—fr language pair.

duce a stronger signal for these metrics, possibly
because the German tense system (Prdteritum vs.
Perfekt) interacts with word order in ways that
accumulate more detectable patterns across sen-
tences. On conjunction substitution, COMETKIWI
shows weaker sensitivity for en—de than for the
Romance languages: it starts at 46%/44% at w=1
and barely reaches 50%/49% at w=9, suggesting
that conjunction perturbations are harder to detect
in German, where conjunctions can affect clause
structure (verb-final order in subordinate clauses).
On lexical consistency (Figure 7), COMET shows
the sharpest decline for en—de: from 56% (AYA23)
and 67% (GEMINI) at w=1 down to 50% and
47% at w=9, illustrating how reference access
becomes increasingly uninformative with context
for this language pair. METRICX-24-QE on
sentence repetition (Figure 6) starts lower for
en—de (57%/59% at w=1) compared to other pairs,
and the recovery at w=3 is less sharp (82%/86%),
indicating that the initial preference for duplicated
content is weaker for German.

A.5.4 Metric Behaviour on Unperturbed

Outputs Across Window Sizes

In addition to the per-pair perturbation analyses
above, we examine the average scores of unper-
turbed MT outputs under different sliding-window
settings. Table 3 shows that mean scores for AYA23
shift noticeably as w grows, even though the trans-
lations are identical.

Metric A 13 A3—6 A6—9
BLEU 3.19 3.31 0.53
CHRF 3.07 2.69 1.05
BERTSCORE -1.23 0.00 0.00
METRICX-24 60.09 33.78 15.63
METRICX-24-QE 56.80 28.57 12.70
GEMBA-MQM -17.92 22.07 6.15
COMET -4.76 -1.22 0.00
COMETKIWI -1.20 -1.22 -2.47
Table 3: Variation (%) in system-level scores of the

original AYA-23 system for the English-French (en—fr)
pair, when moving across successive context windows:
from SLIDE(1,1) to SLIDE(3,1) (A 1—3), then
from SLIDE(3,1) to SLIDE(6,1) (A 3—6), and from
SLIDE(6,1) to SLIDE(9, 1) (A 6—9).

Raw scores are not directly comparable across
window sizes. In theory, a metric should give the
same score to the same output regardless of segmen-
tation. In practice, score drift occurs with longer
windows, confirming that absolute values across w
cannot be compared directly. The effect is partic-
ularly pronounced for METRICX-24, METRICX-
24-QE and GEMBA-MQM, while it is almost
absent for BERTSCORE.

A natural concern is whether metrics become in-
herently less reliable as the sliding window grows,
independently of any perturbation effect. If increas-
ing context size degrades metric quality on clean
translations, then the apparent drop in perturbation-
detection accuracy at larger window sizes (Figure 8)
could simply reflect this loss of reliability rather
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than a genuine evaluation signal.

To test this, we score the same unperturbed
translated documents with different window sizes
(w € {1, 3,6,9}) and examine how scores and their
distributions shift. Table 4 reports the mean metric
scores per window size, aggregated over all systems
and language pairs.

Figure 8 shows the full score distributions. Most
metrics exhibit only a mild, systematic shift: the
distributions move as a block without becoming

wider or more dispersed, preserving the relative
ordering of documents. BERTSCORE is nearly
invariant, while COMET and COMETKIWI drift
only slightly downward.

The notable exception is METRICX-24 and
METRICX-24-QE , which show a markedly
stronger upward drift. This is consistent with their
training objective: both models are fine-tuned to
regress on MQM error counts, meaning they learn
to accumulate error signals over the input span. As
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the sliding window grows, the input presented to  der different segmentation strategies, as the score

the model becomes longer, and the probability of
matching error-like patterns increases mechanically,
even when the underlying translation quality is un-
changed. In other words, these metrics conflate
input length with error severity. While this property
may be desirable in a setting where longer spans
genuinely expose more errors (e.g., document-level
evaluation with a fixed segmentation), it becomes
problematic when comparing the same output un-

difference reflects context size rather than quality.

These results indicate that, for most metrics,
larger windows introduce a consistent offset rather
than random noise, and system rankings on unper-
turbed outputs remain stable. The accuracy drop ob-
served in perturbation detection at larger w is there-
fore not attributable to metrics becoming unreliable,
but rather to the perturbation signal being diluted
by the additional unperturbed context included in
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with w € {1, 3,6, 9} for the GEMINI system and the en—de language pair.

Metric w=1l w=3 w=6 |w=9
BLEU 36.40 37.80 3879 39.03
CHRF 62.08 63.64 6505 65.61
BERTSCORE 0.83 0.82 0.82 0.82
METRICX-24 1.86 3.03 4.17 4.85
METRICX-24-QE 2.05 3.30 4.47 5.10
GEMBA-MQM 566 450 -5.00 -542
COMET 0.85 0.82 0.81 0.82
COMETKIWI 0.82 0.81 0.80 0.78

Table 4: Mean metric scores per window size, aggregated over
all systems and language pairs.

each window. For METRICX-24 and METRICX-
24-QE , however, the length-dependent drift adds
an additional confound that should be accounted
for when interpreting cross-window comparisons.

A.6 Manual Evaluation of LLM-based
Perturbations

We manually evaluate the four LLM-based per-
turbation types (tense consistency, lexical con-
sistency, conjunction substitution, and gender of
anaphoric pronouns (PRO)) to verify that they pre-
serve sentence-level acceptability and that the re-
ported metric behaviors reflect genuine document-
level effects rather than sentence-level artifacts.
Structural perturbations are deterministic and veri-
fiable by construction, so they are not part of this
manual evaluation. The PRO perturbation is re-
ported here for completeness even though it is ex-
cluded from the main evaluation due to insufficient

instances. For each perturbation type, an annotator
was shown the English source (SRC) and two anony-
mous candidate translations, the original MT out-
put (SYS) and its LLM-perturbed version (PERT),
presented in random order, and judged which can-
didates were acceptable translations of the source.

Tense consistency. The tense consistency pertur-
bation modifies past-tense verb forms in the tar-
get language by switching between available past
tenses (passé composé, imparfait, and passé simple
in French), while leaving all other words unchanged
(see Section 3.2). By design, each perturbed sen-
tence remains grammatical in isolation; the incoher-
ence only emerges at the discourse level through
the random alternation of tense forms across the
document.

We conducted the manual evaluation on a ran-
dom sample of 31 perturbed sentences (en—fr; 13
AYA23 and 18 GEMINI). Both translations are
judged valid in 77% of cases overall, with a marked
system asymmetry (94% for GEMINI versus 54%
for AYA23), suggesting that for AYA23 the pertur-
bation may conflate sentence-level and discourse-
level effects. The full breakdown is reported in
Table 5.

Lexical consistency. The lexical consistency per-
turbation replaces repeated content words in the
target language by random synonyms aligned with
the corresponding source tokens (Section 3.2). Be-
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Figure 8: Score distributions across sliding window sizes (w € {1, 3,6, 9}) for the same unperturbed translated documents,
aggregated over all systems and language pairs. Distributions shift systematically but preserve their shape, indicating that larger
windows introduce a consistent offset rather than increased unreliability.

cause each substitution is a single near-synonym
replacement, the edit surface is much narrower than
for tense, and the perturbation is expected to leave
each sentence grammatical and locally adequate.

We conducted the same manual evaluation pro-
tocol as for tense on a random sample of 26 per-
turbed sentences (en—fr; 9 AYA23 and 17 GEM-
INI). Both translations are judged valid in 73% of
cases overall, with SYS alone preferred in 19%
of cases, comparable to tense consistency. The ef-
fect is slightly more pronounced for GEMINI (24%
Only SYS valid) than for AYA23 (11%). The full
breakdown is reported in Table 6.

Conjunction substitution. The conjunction sub-
stitution perturbation replaces conjunctions by near-
synonyms within the same broad discourse class.
The edit again touches a single token per substitu-
tion, and the perturbation is designed so that each

sentence remains grammatical in isolation while
the inter-sentence discourse relations are weakened
or distorted across the document.

We conducted the same manual evaluation proto-
col as for tense on a random sample of 19 perturbed
sentences (en—fr; 11 AYA23 and 8 GEMINI). Both
translations are judged valid in 95% of cases, with
a single AYA23 output for which only SYS was
judged acceptable, confirming that the perturbation
rarely affects sentence-level acceptability. The full
breakdown is reported in Table 7.

Gender of anaphoric pronouns. The PRO per-
turbation flips singular (PRO-SG, e.g. il/elle) and
plural (PRO-PL, ils/elles) anaphoric pronouns in
the target translation, producing a sentence that re-
mains grammatical in isolation but disagrees with
the source antecedent across the discourse. Because
the perturbation depends on the target morphology,



Outcome Aya23 Gemini Overall Outcome Aya23 Gemini Overall
n % n % n % n % n % n %
Both valid 7 54% 17 94% 24 T1% Both valid 10 91% 8 100% 18 95%
Only PERT valid 0 0% 1 6% 1 3% Only PERTvalid 0 0% 0 0% 0 0%
Only SYS valid 6 46% O 0% 6 19% Only SYS valid 1 9% 0 0% 1 5%
Neither valid 0 0% 0 0% 0 0% Neither valid 0 0% 0 0% 0 0%
Total 13 100% 18 100% 31 100% Total 11 100% & 100% 19 100%

Table 5: Manual evaluation of LLM tense perturbations
(en—fr). Given an English source segment (SRC), an an-
notator judged whether the original MT output (SYS) and its
LLM-perturbed version (PERT) were each acceptable trans-
lations, presented as two anonymous candidates in random
order. Both valid: both translations are acceptable (perturba-
tion preserved quality). Only PERT valid: only the perturbed
version is acceptable. Only SYS valid: perturbation degraded
the translation.

Table 7: Manual evaluation of LLM conjunction perturba-
tions (en—{r). Given an English source segment (SRC), an
annotator judged whether the original MT output (SYS) and its
LLM-perturbed version (PERT) were each acceptable trans-
lations, presented as two anonymous candidates in random
order. Both valid: both translations are acceptable (perturba-
tion preserved quality). Only PERT valid: only the perturbed
version is acceptable. Only SYS valid: perturbation degraded
the translation.

Outcome Aya23 Gemini Overall Outcome Aya23 Gemini Overall
n % n % n % n % n % n %
Both valid 7 T8% 12 T1% 19 73% Both valid 24 96% 15 100% 39 98%
Only PERT valid 1 11% 0 0% 1 4% Only PERT valid 0 0% 0 0% 0 0%
Only SYS valid 1 11% 4 24% 5 19% Only SYS valid 0 0% 0 0% 0 0%
Neither valid 0 0% 1 6% 1 4% Neither valid 1 4% 0 0% 1 2%
Total 9 100% 17 100% 26 100% Total 25 100% 15 100% 40 100%

Table 6: Manual evaluation of LLM lexical-consistency per-
turbations (en—1fr). Given an English source segment (SRC),
an annotator judged whether the original MT output (SYS) and
its LLM-perturbed version (PERT) were each acceptable trans-
lations, presented as two anonymous candidates in random
order. Both valid: both translations are acceptable (perturba-
tion preserved quality). Only PERT valid: only the perturbed
version is acceptable. Only SYS valid: perturbation degraded
the translation.

it is essentially confined to en—{r in our data, with
too few instances in en—de and en—es to support
a reliable analysis (the reason it is excluded from
the main evaluation).

We conducted the same manual evaluation pro-
tocol as for tense on the 40 perturbed sentences
available for en—{r (25 AYA23 and 15 GEMINI).
Both translations are judged valid in 98% of cases,
with no instance where one candidate was clearly
preferred over the other and a single AYA23 output
rated as invalid in both versions. As expected from
a perturbation editing a single closed-class token,
sentence-level acceptability is essentially preserved.
The full breakdown is reported in Table 8.

Summary. Across the four LLM-based pertur-
bation types, the manual evaluation indicates that
PRO (98% Both valid) and conjunction substitu-
tion (95%) preserve sentence-level acceptability
almost universally. Tense consistency (77%) and

Table 8: Manual evaluation of LLM perturbations of the gen-
der of anaphoric pronouns (PRO, en—1{r). Given an English
source segment (SRC), an annotator judged whether the origi-
nal MT output (SYS) and its LLM-perturbed version (PERT)
were each acceptable translations, presented as two anonymous
candidates in random order. Both valid: both translations are
acceptable (perturbation preserved quality). Only PERT valid:
only the perturbed version is acceptable. Only SYS valid: per-
turbation degraded the translation.

lexical consistency (73%) show somewhat more
sentence-level degradation, the lowest validity be-
ing observed for AYA23 tense outputs (54%). To ex-
amine whether sentence-level artifacts could drive
our results, we inspect the per-system breakdown of
the metric analysis in Appendix A.5. On the en—fr
subset where the manual evaluation was conducted,
GEMINT’s sentence-level validity is uniformly high
(71-100% across all four perturbations), and we
observe the same patterns and conclusions as in the
aggregated analysis (Section 6).

A.7 Perturbation Generation Prompts

We list below the prompts used to generate each
LLM-based perturbation. Each block specifies the
system message and the user instruction passed to
gpt-4o0-mini for one (perturbation, language) com-
bination. Prompts were crafted to produce minimal
edits while preserving sentence-level grammatical-
ity, and to instruct the model to return None when



no valid edit was possible (this is part of the quality-
control pipeline described in Section 3.3).

A.8 Computational Resources and Cost
Considerations

A.8.1 ChatGPT API Usage and Cost

In this study, we utilized the ChatGPT API for
the perturbation tasks and the GEMBA-MQM in-
ference. The total cost to run these API-based pro-
cesses was approximately $50.

A.8.2 Neural Metric Inference on GPU

For the inference of neural metrics we used a
NVIDIA A40 Tensor Core GPU. This GPU was es-
sential for efficiently processing large-scale evalua-
tions, particularly for document-level segmentation,
where longer input sequences require substantial
computational resources.



[Anaphoric pronoun gender swap Instruction -- French:]
Voici un segment en anglais (ANG) et sa traduction en francais (FR) :

ANG : {source_segment}
FR : {target_segment}

Objectif

Creer une version contrastive de la traduction francaise en inversant le genre
d’un pronom sujet << il >> ou << elle >> **xuniquement si ce pronom traduit le
pronom anaphorique << it >>x* du segment anglais.

La phrase modifiee doit rester :

- grammaticale ;

- naturelle lorsqu’elle est lue isolement ;
- une traduction fidele du segment anglais.

Regles
1. Repere dans FR le **pronom sujet << il >> ou << elle >> qui correspond au
<< it >> anaphorique** d’ANG
- *xNe considere pas** les pronoms qui traduisent << she >>, << he >>, << they >>
ou tout autre pronom.

2. Ignore toute occurrence de << il >> utilisee dans une tournure impersonnelle
ou figee :
- << il faut >>, << il y a >>, << il s’agit de >>, << il convient de >>, etc.
- verbes impersonnels : << il pleut >>, << il semble >>, etc.
- schema << il est + ADJ + de/que >>.
-> Dans tous ces cas, reponds exactement : ‘None‘

3. Ne modifie pas si le pronom possede un antecedent explicite
- dans la meme phrase **ou**
- dans la phrase immediatement precedente.
-> Reponds ‘None‘.

4. Sinon, inverse le genre du pronom (<< il >> <-> << elle >>) **xuniquement si*x
la phrase reste fluide, correcte et fidele.

5. Si 1’inversion introduit une erreur, une phrase etrange ou un contresens,
reponds exactement : ‘None‘.

Sortie attendue
- la phrase francaise modifiee avec le pronom inverse, *xoux*
- ‘None‘

Listing 1: Prompt template for the swapping of anaphoric pronouns genders in French.




[Anaphoric pronoun gender swap Instruction -- German:]
Hier ist ein englischer Satz (ENG) und seine deutsche Ubersetzung (DE):

ENG: {source_segment}
DE : {target_segment}

Ziel
Erstelle eine kontrastive Version der deutschen Ubersetzung, indem du das Genus
des Subjektpronomens << er >> bzw. << sie >> *xaustauschst -- jedoch nur, wenn

dieses Pronomen das anaphorische << it >>*x des englischen Satzes wiedergibt.

Der modifizierte Satz muss

- grammatisch korrekt sein,

- isoliert naturlich klingen und

- weiterhin eine getreue Ubersetzung des englischen Ausgangssatzes bleiben.

Regeln

1. Finde in DE das **Subjektpronomen << er >> oder << sie >>, das dem anaphorischen
<< it >>*% in ENG entspricht.
- *xIgnorierex*x Pronomen, die << he >>, << she >>, << they >> o. A. ubersetzen.

2. Ignoriere unpersonliche << es >>-Konstruktionen:
- << es gibt >>, << es ist >>, << es scheint >>, << es handelt sich >>, usw.
-> In all diesen Fallen antworte exakt: ‘None‘

3. Tausche nichts aus, wenn das Pronomen ein explizites Antezedens besitzt
- im selben Satz x*oder**
- im unmittelbar vorhergehenden Satz.
-> Antworte ‘None‘.

4. Vertausche ansonsten das Genus des Pronomens (<< er >> <-> << sie >>) #**xnur
wennxx der Satz dabei flussig, korrekt und semantisch stimmig bleibt.

5. Fuhrt der Tausch zu Fehlern, Unnaturchlichkeit oder Sinnverfvalschung,
antworte exakt: ‘None‘.

Erwartete Ausgabe
- der modifizierte deutsche Satz mit vertauschtem Pronomen, **oderxx
- ‘None‘

Listing 2: Prompt template for the swapping of anaphoric pronoun genders in German.




Aqui tienes un segmento en ingles (ENG) y su traduccion al espanol (ES):

ENG: {source_segment}
ES : {target_segment}

Objetivo

Crear una version contrastiva de la traduccion espanola invirtiendo el genero
del pronombre sujeto << el >> o << ella >> **xsolo si dicho pronombre traduce el
pronombre anaforico << it >>*x del segmento ingles.

La frase modificada debe seguir siendo:

- gramatical,

- natural cuando se lee de forma aislada y
- una traduccion fiel del segmento ingles.

Reglas
1. Localiza en ES el **pronombre sujeto << el >> o << ella >> que corresponde al
<< it >> anaforico*x de ENG.
- **No tengas en cuenta*x los pronombres que traduzcan << he >>, << she >>,
<< they >> u otros.

2. Ignora usos impersonales o formulas fijas sin pronombre explicito
(<< hay >>, << es necesario >>, << es importante >>, etc.).
-> En esos casos responde exactamente: ‘None‘

3. No modifiques si el pronombre tiene un antecedente explicito:
- en la misma oracion, x*o*x*
- en la inmediatamente anterior.
-> Responde ‘None‘.

4. De lo contrario, invierte el genero (<< el >> <-> << ella >>) *xsolo six* la
oracion sigue siendo fluida, correcta y fiel.

5. Si la inversion produce un error, una oracion extrana o un cambio de
sentido, responde exactamente: ‘None‘.

Salida esperada
- la oracion espanola modificada con el pronombre invertido, **oxx*
- ‘None‘

Listing 3: Prompt template for swappping of the gender of anaphoric pronouns in Spanish.




[Few-shot -- French:]

#1

ANG : It was a beautiful morning. It was the first to arrive.

FR : Il faisait tres beau ce matin. Elle a ete la premiere a arriver.
ANS : Il faisait tres beau ce matin. Il a ete le premier a arriver.

#2

ANG : I saw the box, it is beautiful.
FR : J’ai vu la boite, elle est belle.
ANS : None

#3

ANG : It seems that something is going wrong. It eats everything.

FR : Il semble que quelque chose ne se passe pas bien. Il mange tout.
ANS : Il semble que quelque chose ne se passe pas bien. Elle mange tout.

#4
ANG : It should be noted that the results were unexpected.
FR : Il convient de noter que les resultats etaient inattendus.

ANS : None
[Few-shot -- German:]
#1

ENG : It was a beautiful morning. It was the first to arrive.
DE : Es war ein wunderschoner Morgen. Er war der Erste, der ankam.
ANS : Es war ein wunderschoner Morgen. Sie war die Erste, die ankam.

#2

ENG : I saw the box. It is beautiful.

DE : Ich habe die Kiste gesehen. Sie ist schon.
ANS : None

#3

ENG : It seems that something is going wrong. It eats everything.
DE : Es scheint, dass etwas schieflaift. Er frisst alles.

ANS : Es scheint, dass etwas schieflaift. Sie frisst alles.

#4
ENG : It should be noted that the results were unexpected.

DE : Es sei darauf hingewiesen, dass die Ergebnisse unerwartet waren.
ANS : None

[Few-shot -- Spanish:]

#1

ENG : It was a beautiful morning. It should be noted that the results were unexpected.
ES : Era una manana preciosa. Cabe senalar que los resultados fueron inesperados.

ANS : None

#2

ENG : It was the first to arrive.

ES : E1 fue el primero en llegar.
ANS : Ella fue la primera en llegar.

#3

ENG : I saw the box. It is beautiful.
ES : Vi la caja. Ella es bonita.

ANS : None

#4
ENG : It seems that something is going wrong. It eats everything.
ES : Parece que algo va mal. E1 se lo come todo.

ANS : Parece que algo va mal. Ella se lo come todo.

Listing 4: Few-shot contrastive examples accompanying instruction templates for the swapping of anaphoric pronoun genders in
French, German and Spanish.




[System Message -- Past-Tense Perturbation:]

You are a professional linguist specializing in English-to-French translation,
with expertise in distinguishing and manipulating past tense forms in French.
You will always respond in French.

[Past-Tense Perturbation Instruction -- French:]

Segment source en anglais :
K(l{src}lll

Traduction francaise existante :
‘(l{tgt}&‘l

Objectif

Creer une variante correcte de la traduction francaise en changeant
uniquement le temps verbal des verbes qui sont deja conjugues au

passe compose, a 1l’imparfait ou au passe simple, en utilisant un autre
temps du passe parmi

- passe compose

- imparfait

- passe simple

La phrase modifiee doit rester :

- grammaticale ;

- naturelle lorsqu’elle est lue isolement ;
- fidele au segment anglais.

Regles

1. Ne change pas le verbe (pas de synonyme, pas de reformulation).

2. Ne change aucun autre mot.

3. Ne modifie pas les verbes qui ne sont pas au passe compose,
imparfait ou passe simple.

4. N’ajoute rien (pas d’adverbe, ni de date, etc.).

5. N’utilise pas le plus-que-parfait.

Sortie attendue
- le segment francais modifie avec un autre temps du passe, **xou*x
- ‘None‘ si aucun verbe au passe compose, imparfait ou passe simple n’est present

Listing 5: System message and prompt template for past-tense perturbations in French.




[System Message -- Tense Perturbation (Spanish):]

You are a professional Spanish linguist specialized in tense alternation.
Output must be in Spanish, grammatically correct, and identical to the given
sentence except for converting preterito perfecto to preterito imperfecto
and preterito indefinido or vice-versa. Do not add, remove, or rephrase any
other word.

[Tense Perturbation Instruction -- Spanish:]

Segmento en ingles (original)
Kll{sr.c}ltt

Traduccion espanola existente
‘(‘{tgt}&‘l

Tarea
Genera **una unica variantex* de la traduccion espanola que :

1. conserve *xtoda la informacionx* del segmento ingles ;

2. sea *xfluida e idiomatic*x en espanol moderno ;

3. x*modifique exclusivamente el tiempo verbalx* de los verbos que esten en
- preterito perfecto
- preterito imperfecto
- preterito indefinido

Conversion permitida
(Elige **una sola** conversion coherente. Si cambiar el tiempo haria la frase incoherente
con adverbios temporales o alteraria su sentido, devuelve exactamente ‘None‘.)

- Preterito perfecto -> preterito imperfecto
- Preterito imperfecto -> preterito perfecto
Preterito imperfecto -> preterito indefinido
Preterito indefinido -> preterito imperfecto

Reglas estrictas

1. Manten el mismo verbo y el mismo lexico siempre que sea posible ;
pequenos ajustes de concordancia o pronombres son aceptables **solo** si mejoran
la naturalidad sin anadir ni quitar informacion.

2. No introduzcas datos nuevos ni omitas informacion presente en el original ingles.

3. No cambies otras palabras salvo lo imprescindible para la concordancia verbal.

4. No emplees presente, futuro ni pluscuamperfecto.

5. Si hay marcadores temporales (p. ej. xhoy, esta semana, ayerx) incompatibles con la
conversion, o si no hay verbo en los tiempos indicados, responde ‘None‘.

6. En segmentos con varias oraciones, aplica la conversion donde proceda y devuelve
el *xsegmento completox* (las frases sin cambio permanecen intactas).

Salida

- **%Si la modificacion es posiblex* : devuelve *xsolo** la traduccion espanola completa modificada,
sin comentarios.
- **%Si nox* : devuelve exactamente ‘None°‘.

Listing 6: System message and prompt template for tense perturbations in Spanish.




[System Message -- Tense Perturbation (German):]

You are a professional German linguist specialized in tense alternation.
Output must be in German, grammatically correct, and identical to the given
sentence except for converting Perfekt to Prateritum or vice-versa.

Do not add, remove, or rephrase any other word.

[Tense Perturbation Instruction -- German:]

Englischer Ausgangssatz:
(A({src}ltt

Vorliegende deutsche Ubersetzung:
‘(({tgt}tti

Aufgabe

Erstelle eine neue, grammatikalisch korrekte Variante der deutschen Ubersetzung.

Du darfst **ausschliesslich** die Zeitform der Verben verandern, xxwenn diese aktuell im Perfekt oder
Prateritum stehenxx.

Andere dabei:
- xxPerfekt -> Prateritumxx oder
- xxPrateritum -> Perfektx*x

Strikte Regeln
1. Verwende denselben Verbstamm -- keine Synonyme, keine Umschreibung.
2. **Andere kein anderes Wort*x (Partikel, Kasus, Satzstellung, Interpunktion, Grob-/Kleinschreibung)

3. **Fuge nichts hinzu*x (keine Adverbien, Datumsangaben, Nebensatze, Partizipialkonstruktionen).

4. xxKein Prasens, kein Futur, kein Plusquamperfektxx!

5. Enthalt der Satz *xkein Verb im Perfekt oder Prateritumxx, gib genau:
‘None ¢

6. Wenn das Segment aus mehreren Satzen besteht, gib in der Ausgabe stets das
**gesamte Segment*x zuruck -- auch die Satze ohne Anderungen.

Ausgabe

- Wenn eine Anderung moglich war: **nur*x die **vollstandige*x modifizierte deutsche Ubersetzung (
ganzer Segmenttext) --

*xkeinerlei Kommentare, Erklarungen oder Begrundungenx.

- Wenn keine Anderung moglich war: genau ‘None‘ (ohne Backticks, ohne Leerzeichen).

Listing 7: System message and prompt template for tense perturbations in German.




[System Message -- Lexical Synonym Substitution (French):]

Tu es un expert en grammaire francaise.

Quand c’est possible tu remplaces les mots demandes par des synonymes SANS changer le sens, la
coherence ni la grammaire du segment.

Ne touche pas aux noms propres ni aux mots qui ne sont pas des noms communs.

Renvoie UNIQUEMENT le segment modifie (sans commentaire) ou, si c’est impossible, ’None’.

[Lexical Synonym Substitution -- French Prompt:]

Segment :
{sentence}

Ta tache :

1. Remplace {’les mots’ if is_plural else ’le mot’} {wf} par {’des synonymes’ if is_plural else ’un
synonyme’}.

2. Le sens, la coherence et la grammaire doivent rester STRICTEMENT inchanges.

. Ne remplace pas un mot s’il s’agit d’un nom propre ou d’un mot qui n’est pas un nom commun.

4. Si tu ne peux pas effectuer la transformation sans alterer le sens/coherence, renvoie exactement :
None

w

Rappel : la sortie **ne doit contenir que le segment final modifiex* (aucune explication).

Listing 8: System message and prompt template for lexical synonym substitution in French.

[System Message -- Lexical Synonym Substitution (Spanish):]

Eres un experto en gramatica espanola.

Sustituye las palabras solicitadas por sinonimos SIN cambiar el sentido, la coherencia ni la
gramatica.

No alteres nombres propios ni palabras que no sean sustantivos comunes. Devuelve SOLO el segmento
modificado o, si no es posible, ’None’.

[Lexical Synonym Substitution -- Spanish Prompt:]

Segmento:
{sentence}

Tarea:

1. Sustituye {’las palabras’ if is_plural else ’la palabra’} {wf} por {’sinonimos’ if is_plural else
’un sinonimo’}.

2. El sentido, la coherencia y la gramatica deben permanecer EXACTAMENTE iguales.

3. No reemplaces una palabra si es un nombre propio o si no es un sustantivo comun.

4. Si no es posible sin alterar el significado o la coherencia, responde exactamente: None

Recuerda: la salida *xdebe contener SOLO el segmento final modificadox* (sin explicaciones).

Listing 9: System message and prompt template for lexical synonym substitution in Spanish.




[System Message -- Lexical Synonym Substitution (German):]

Du bist ein Experte fur deutsche Grammatik.
Ersetze die angeforderten Worter durch Synonyme, OHNE Bedeutung, Koharenz, Grammatik oder Syntax zu

andern.

Andere keine Eigennamen oder Worter, die keine gewohnlichen Substantive sind.
Gib NUR den modifizierten Satz oder, falls unmoglich, ’None’ zuruck.

[Lexical Synonym Substitution -- German Prompt:]

Segment:

{sentence}

Aufgabe:

1. Ersetze {’die Worter’ if is_plural else ’das Wort’} {wf} durch {’Synonyme’ if is_plural else ’ein
Synonym’ }.

2. Bedeutung, Koharenz, Grammatik und Syntax mussen EXAKT erhalten bleiben.

3. Ersetze kein Wort, wenn es ein Eigenname ist oder kein gewohnliches Substantiv.

4. Falls dies nicht moglich ist, gib genau zuruck: None

Wichtig: Die Ausgabe *xdarf NUR den endgultig modifizierten Satz enthaltenx* (keine Erklarungen).

Listing 10: System message and prompt template for lexical synonym substitution in German.




