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Abstract

Validating evaluation metrics for NLG typically
relies on expensive and time-consuming hu-
man annotations, which predominantly exist
only for English datasets. We propose LLM
as a Meta-Judge, a scalable framework that
utilizes LLMs to generate synthetic evaluation
datasets via controlled semantic degradation
of real data, replacing human judgment. We
validate our approach using meta-correlation,
measuring the alignment between metric rank-
ings derived from synthetic data and those from
standard human benchmarks. Experiments
across Machine Translation, Question Answer-
ing, and Summarization demonstrate that syn-
thetic validation serves as a reliable proxy for
human judgment, achieving meta-correlations
exceeding 0.9 in multilingual QA, and is a vi-
able alternative when human judgments are
unavailable or too expensive to obtain. Our
code and data are publicly available at https:
//github.com/eiglerl/meta-judge.

1 Introduction

Evaluating natural language generation (NLG) is
challenging because semantically equivalent con-
tent may have many valid surface realizations. The
standard approach to validating evaluation met-
rics requires collecting human judgments on sys-
tem outputs and computing correlation with metric
scores (Graham et al., 2013). This creates a bottle-
neck as human-annotated datasets are expensive,
predominantly English-only, and require renewal
as systems evolve.

Few public datasets with human judgment ex-
ist:. WMT for translation (Callison-Burch et al.,
2008), RoSE for summarization (Liu et al., 2023b),
and MOCHA for question answering (Chen et al.,
2020). These remain largely English-centric, and
metrics validated on one task or language do not
necessarily transfer to other tasks or languages.

We propose replacing human judgment with
LLM-generated outputs of controlled quality. Our

libovicky@ufal.mff.cuni.cz

david.hurych@gmail.com
Dataset w/ references
91ref = {wz}l]il

s N )

Generated outputs

9 = {xi’ 57\1}1111

LLM generates
damaged references

with different levels of L
. J
severity v
' Y
Dogn = {zivﬁjyn7li}fi1 Human judgmNents
hg = {hi}izl

L—/\ J

Metrics .4

m; (x, w)
\ 4 Y
[Correlate metrics and

LLM as a Meta Judge

uonepljeA JLJBW plepuels

damage level human judgments

[Correlate metrics and

/
Scored metrics ] [

p

———
Meta correlation to evaluate
LLM as a meta judge

Figure 1: LLM as a Meta-Judge contrasted with stan-
dard metric validation with human judgment: LLMs
generate damaged reference sentences, and we validate
the NLG metrics by correlation of the damage level
with metric values. =~ We validate our protocol via
meta-correlation, i.e., correlation with the standard met-
ric validation.

approach prompts an LLM to produce semantically
degraded versions of reference texts at specified
severity levels, creating synthetic data where qual-
ity ordering is known by construction (Figure 1).

We make the following contributions: (1) Meta-
Judge, a protocol for validating NLG metrics with-
out human judgment, using LLM-generated text
with controlled degradation of real reference text as
a proxy for system outputs. (2) meta-correlation:
correlation between metric rankings on synthetic
data and on human-annotated benchmarks, mea-
suring proxy reliability. (3) Empirical validation
across machine translation, question answering,
and summarization in multiple languages, includ-
ing low-resource languages.
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2 Evaluation Metric Validation

Evaluation metrics assess generated text quality.
We define a metric as a function m(z, &) comput-
ing a real number for reference x and generated
string . NLG metrics fall into several paradigms.

String overlap metrics, such as BLEU (Papineni
et al., 2002) and ROUGE (Lin, 2004), compute
string-level overlap with interpretability and effi-
ciency, but limited semantic sensitivity.

Embedding-based metrics leverage contextual
representations: BERTScore (Zhang et al., 2020)
computes token-wise similarity via BERT embed-
dings, while YiSi (Lo, 2019) extends this with se-
mantic role labeling.

Learned metrics trained on human judgments
achieve the best correlations: COMET (Rei et al.,
2020) employs cross-lingual encoders, BLEURT
(Sellam et al., 2020) leverages BERT pre-training
with synthetic degradation. Recent approaches use
LLMs as zero-shot evaluators (Zheng et al., 2023;
Liu et al., 2023a), though this introduces circularity
when evaluating LLM-generated text (Shen et al.,
2023).

Since NLG tasks lack formal specifications, hu-
man judgment remains the gold standard. Let
M = (my,...,my) be evaluation metrics, D =
{;,2;}Y | a dataset with references and candi-
dates, and hp human judgments. For metric m;,
we define scores as a vector sp,’ = [m;(z,Z) :
(z,2) € DJ]. Metric quality is measured as correla-
tion with human judgment:

Thum = P(Sp’, hp) (1)

where p is Spearman rank correlation.

WMT has systematically evaluated translation
metrics since 2008 (Callison-Burch et al., 2008),
evolving from pairwise comparisons to direct
assessment (Graham et al., 2013) and Multidi-
mensional Quality Metrics (Freitag et al., 2021).
Datasets exist for summarization (RoSE, 22k anno-
tations; Liu et al., 2023b) and QA (MOCHA, 40k
judgments; Chen et al., 2020), though English-only.
CUS-QA (Libovicky et al., 2025) is a rare multi-
lingual exception. Correlations vary from r ~ 0.4
for lexical metrics on summarization to r > 0.9
for learned metrics on high-resource translation
(Freitag et al., 2022).

3 LLM as a Meta-Judge

We propose a framework for validating evaluation
metrics using an LLM, which we call Meta-Judge.

Unlike LLM-as-a-Judge, where an LLM scores
outputs as an evaluation metric, the LLM in the
Meta-Judge framework is solely used for data gen-
eration to validate evaluation metrics. The protocol
is defined as a function D x M — S, where we
use only reference texts z from dataset D in this
case, M is a set of evaluation metrics, and S are
metric validation scores.

The protocol consists of three steps: (1) We
prompt the LLM to semantically degrade refer-
ences at known severity levels (damage levels), cre-
ating a synthetic dataset with references, damaged
references, and pseudo-labels describing the dam-
age. (2) Metrics compute scores for each damaged
reference. (3) Correlation between metric scores
and pseudo-labels provides metric validation.

Standard metric validation, by contrast, requires
candidate outputs and human judgments: D X H x
M — S, where D contains references and candi-
dates, H are human judgments, and validation is
obtained by correlating metric scores with human
judgments.

3.1 Metric Validation Using Meta-Judge

The primary application of our approach is to as-
sess metric quality without human judgments. We
generate a synthetic dataset Dsy,, using an LLM and
an existing dataset. The LLM receives a reference
text (and optional context) x, along with a speci-
fication of damage types through the prompt. We
instruct the LLM to generate synthetic text %" cor-
responding to a damage level [ € {0, ..., Lyax}.
These levels serve as pseudo-labels, representing
monotonic quality degradation from paraphrasing
(I = 0) to severe hallucinations (I = Lyax).

The synthetic dataset is Dgy = {;, 27" li}ij\il,
where x; denotes input, optional context, and refer-
ence, 2" is the damaged text, and /; is the damage
level. Thus :f::yn acts as generated output and [; as
pseudo-label replacing human judgment. Collected
pseudo-labels are pp, = [l : (2, 27", 1) € Dyyn].

To validate metric m; on Dsy,, we compute
segment-level scores s%l:'y _ for all damaged texts.
Since metrics measure quality (higher is better)
while damage levels measure error (higher is
worse), we negate the pseudo-labels:

ron =PSB, —Pp,,) )

3.2 Meta-Correlation Analysis

For the synthetic dataset to serve as a useful proxy
for human judgments, the synthetic correlations
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Tsyn Must accurately estimate the metric’s perfor-
mance. We call this second-order correlation meta-
correlation.

The validation proceeds in three steps:

(1) Human correlations rp,,. We compute met-
ric scores S"D“ for each metric m; € M on dataset
D with human judgments hp, then compute Spear-
man correlation using Equation 1.

(2) Synthetic correlations 7y,. We compute met-
ric scores sgjyn on the synthetic dataset and corre-
late with negative pseudo-labels pp,, using Equa-
tion 2.

(3) Meta-correlation MC. We compute Spear-
man correlation between the vector of human cor-
relations r,, = [ri = : m; € M)] and synthetic
correlations ry = [riy, : m; € M]:

MC = p(rp,rs) 3)

A high positive meta-correlation indicates that the
synthetic dataset is a reliable proxy for human judg-
ment.

4 [Experiments

4.1 Tasks

We evaluate our method across three tasks and mul-
tiple languages, including low-resource settings.
All selected tasks have datasets with human judg-
ments necessary for computing meta-correlation.

Question Answering. CUS-QA (Libovicky
et al., 2025) covers region-specific knowledge
in Czech, Slovak, Ukrainian, and their English
translations. MOCHA (Chen et al., 2020) tests
various reasoning forms compiled from multiple
sources, with judgments collected on a 1-5 scale
and averaged across annotators.

Summarization. RoSE (Liu et al., 2023b) pro-
vides human judgments on news article summariza-
tion via Atomic Content Unit matching, aggregated
over three annotators per summary.

Machine Translation. We use language pairs
from WMT 2021 (Akhbardeh et al., 2021) (English
(en) to Hausa (ha), Xhosa (xh) to Zulu (zu)), which
uses Direct Assessment with z-normalized scores,
and WMT 2024 (Kocmi et al., 2024) (Czech (cs)
to Ukrainian (uk), English (en) to Czech (cs), En-
glish (en) to Icelandic (is)), which uses Error Span
Annotation, covering both high-resource and low-
resource settings.

4.2 Automatic Metrics

We use a diverse set of seven evaluation met-
rics spanning multiple paradigms: string over-
lap metrics (BLEU, ROUGE, chrF, METEOR),
embedding-based metrics (BERTScore), and
model-based approaches (COMET, BLEURT). To
get a sufficient number of data points for robust
correlation estimation, we evaluate each metric un-
der multiple parameter configurations. Details of
metric parameters are provided in Appendix A.

4.3 Synthetic Data Generation

To generate synthetic datasets containing seman-
tically damaged texts, we use three open-source
LLMs with varying parameter counts and architec-
tures. We prompt the LLMs to produce semanti-
cally damaged outputs based on the given input
and discrete damage level, utilizing greedy decod-
ing to ensure deterministic generation. We use six
damage levels (Lyax = 5, levels 0-5) as a design
choice. While any range can be used, the prompt
needs to describe every level of damage, and defin-
ing many distinct levels is difficult due to potential
overlap and nuance. We compare three Meta-Judge
models: Liama 4 Scout (Meta Al, 2025), Llama 3.3
70B (Team, 2024), and Qwen 3 30B (Yang et al.,
2025).

To investigate the impact of in-context learning
on the consistency of these pseudo-labels, we em-
ploy two prompting strategies: (1) Zero-Shot: The
model relies solely on the instruction and damage
definitions, and (2) Few-Shot: The model is pro-
vided with domain-specific examples of damage
levels to better steer the degradation process. The
complete prompts for all tasks under both prompt-
ing conditions are provided in Appendix B. The
few-shot examples were manually prepared accord-
ing to the damage level specifications.

4.4 Results

Table 1 reports meta-correlation results across all
datasets and tasks using Spearman rank correlation
(Kendall correlation in Table 3; detailed per-metric
correlations in Tables 4—7 in the Appendix).

The strongest and most consistent results
are observed in CUS-QA (question answering).
The Meta-Judge protocol achieves high meta-
correlation across all tested languages (Czech, Slo-
vak, Ukrainian) and their English translations, with
values exceeding 0.9 in several configurations. Per-
formance is generally higher for original languages
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Model Shot CUS-QA (en) CUS-QA (orig.) MOCHA RoSE WMT 21 WMT 24
cs sk uk cs sk uk en-ha xh-zu cs-uk en-cs en-is
Llama 4 Scout Few 859 .829 731 .895 913 .716 473 543 523 945
W Zero 793 774 669 827 875 717 453 473 920 472 413
Llama 3.3 70B Few .808 .788 .751 917 922 .759 678 490 454 854 410 419
’ Zero .621 .652 583 777 774 .605 .486 327 432 447 794 491 513
Qwen 3 30B Few 796 .792 .651 .871 .885 .684 726 833 334 918 325 370
¢ Zero 917 776 754 956 955 821 872 .675 .937

Table 1: Meta-correlation between LLM as Meta-Judge and standard metric validation with human judgment
measured by Spearman correlation. The values are black if they are significant at the 0.01 confidence, dark gray if

they are only significant at 0.05 confidence, and

Model Shot Spearman Kendall
Llama 4 Scout FEW  -905+.010 756+ .020
Zero 884 +.056 .710 % .087
Few .9144.019 .750 +.024
Llama3.370B 70 862+ .051 .733+.046
Few  .890 +.029 .731 4 .049
Qwen330B o0 958+ .022 827+ 035

Table 2: Mean + standard deviation of the meta cor-
relation for the Czech subset of CUS-QA with several
prompts.

than translations. Results on MOCHA are similarly
strong, with Qwen 3 reaching 0.87 in zero-shot
mode, though Llama 4 Scout below other models.

Note that few-shot results are not always bet-
ter than zero-shot. This was revealed by multi-
ple benchmarks on the internet, but, as far as we
know, no scientific work studied this problem thor-
oughly for our tasks. Similar behavior of Qwen
and Llama models was observed for the chain-of-
thought prompting by Cheng et al. (2025).

Meta-correlation results for RoSE (summariza-
tion) and WMT (machine translation) are more
variable. WMT 2024 Czech—Ukrainian achieves
high meta-correlation across all models, but this is
partially an artifact: the default ROUGE tokenizer
discards Cyrillic characters, causing ROUGE to
fail on Ukrainian text and produce clearly poor
metrics that make the overall ranking easier. For
other language pairs, we attribute variability to dif-
ferences in system output variance: English—Czech
is a long-standing WMT task where systems con-
sistently achieve high performance, making rank-
ing difficult, while lower-resource pairs (Icelandic,
Zulu, Hausa) exhibit greater output variance that fa-
cilitates metric discrimination. Compared to Llama
models, Qwen performs notably worse on low-
resource WMT 2021 languages.

if they are not significantly different from zero.

Per-metric analysis (Tables 4—7) reveals consis-
tent patterns: BLEU shows low or negative corre-
lations with both human judgments and synthetic
damage levels, with the correlation getting lower
as the n-gram order increases. In contrast, chrF
performs reliably across all configurations, often
matching or exceeding learned metrics, suggesting
character-level overlap captures semantic degrada-
tion more robustly than word-level n-grams.

Language-specific analysis shows substantially
lower correlations for Ukrainian text in CUS-QA,
partially due to tokenization issues. ROUGE-4
produces undefined values for Cyrillic entirely. En-
glish translations exhibit lower correlations with
human judgment than the original languages, yet
synthetic correlations remain stable, indicating ro-
bustness to translation-induced noise.

4.5 Prompt Robustness

To assess sensitivity to the precise wording of dam-
age instructions, we tested five prompt variants per
model on the Czech (original) CUS-QA dataset
split. Table 2 reports mean and standard devia-
tion of the meta-correlation. Standard deviations
remain below 0.06 in all cases with Spearman corre-
lation. This indicates that the Meta-Judge protocol
is robust to the exact formulation of the damage
descriptions.

5 Related Work

Synthetic data for NLG evaluation has been ex-
plored with different objectives. Sellam et al.
(2020) used random perturbations (mask-filling,
backtranslation, word dropout) to generate train-
ing data for BLEURT, focusing on metric train-
ing rather than validation. More closely related,
Deviyani and Diaz (2025) introduced local metric
accuracy using rule-based and LLM-based pertur-
bations to analyze how metric performance varies
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across evaluation contexts. Our Meta-Judge frame-
work differs by validating whether synthetic degra-
dation can serve as a universal proxy for human
evaluation across tasks and languages.

The meta-correlation concept has been applied
by Shen et al. (2023), who examined how LLM-
metric agreement with human judgment degrades
for higher-quality outputs. While they assess
single-evaluator reliability across quality levels, our
meta-correlation validates whether synthetic data
preserves the relative ranking of multiple metrics,
enabling metric validation without human labels.

6 Conclusions

We introduced LLM as a Meta-Judge, a proto-
col for validating NLG evaluation metrics using
LLM-generated synthetic data with controlled se-
mantic degradation, eliminating the need for ex-
pensive human annotation. Our meta-correlation
analysis demonstrates that synthetic evaluation can
serve as a reliable proxy for human judgment, par-
ticularly for question-answering tasks, where we
achieve meta-correlations exceeding 0.9. The ap-
proach proves most effective in high-resource lan-
guages and shows promise for low-resource set-
tings where human-annotated evaluation data is
scarce or unavailable. The results vary across tasks,
with stronger performance on QA compared to
summarization and machine translation. The proto-
col provides a scalable alternative for metric vali-
dation when human evaluation is impractical.

Limitations

The reliability of synthetic data generation depends
on the LLM’s proficiency in the target language.
For low-resource languages, the quality of semantic
degradations may be inconsistent, as reflected in
our lower meta-correlations for Hausa, Zulu, and
Xhosa.

Our method requires specifying what types of
errors the metrics should detect. The damage defini-
tions in our prompts are task-specific, and applying
the framework to new generation tasks requires de-
signing appropriate degradation strategies based on
domain knowledge.

A further concern is circularity, where the model
used for data generation and the evaluation met-
ric(s) share architecture and/or training data. We
consider circularity to be a critical issue primarily
when the LLM used in LLM-as-a-Judge matches
the generator LLM, which is not the case in our

setup.

Finally, validating the Meta-Judge approach re-
quires datasets with human judgments to compute
meta-correlation. For new tasks or languages with-
out existing human-annotated evaluation data, lim-
ited pilot annotations may still be necessary to ver-
ify the method’s reliability.
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A Metric Parameters

We use four string overlap metrics: BLEU with
smoothing and n-gram orders 1-4, chrF with char-
acter order ¢ € {4,6} and word order w € {0, 2},
ROUGE-1, -2, -4, and -L, and METEOR with
a € {0.2,0.9} and v € {0,0.5}.

For embedding-based metrics, we compute
BERTScore using Czech and English models with
limited (5 layers) and full depth.

For model-based  metrics, we  use
four COMET models (Unbabel/
wmt22-comet-da, eamt22-cometinho-da,

Unbabel/wmt20-comet-da, Unbabel/
wmt20-comet-ge-da) and four BLEURT check-
points (bleurt-tiny-128, bleurt-base-512,
bleurt-large-512, BLEURT-20-D12).

B Prompts for Synthetic Data Generation

Tables 8—15 present the prompts used to generate
synthetic data. We provide zero-shot and few-shot
variants for each task: CUS-QA, MOCHA, RoSE,
and machine translation. All prompts define six
damage levels (0-5) with task-specific degradation
strategies.

C Additional Results

Table 3 reports meta-correlation results using
Kendall rank correlation, complementing the Spear-
man results in Table 1; patterns are consistent
across both measures.

Tables 4—7 present detailed Spearman correla-
tions between metric scores and either human judg-
ments (column Hum) or synthetic damage levels
for each Meta-Judge model under few-shot (F) and
zero-shot (Z) prompting. These tables allow exami-
nation of individual metric behavior across datasets
and languages.

Table 4 covers CUS-QA Czech, Table 5 covers
CUS-QA Slovak and Ukrainian, Table 6 presents
MOCHA, RoSE, and WMT 2021, and Table 7 re-
ports WMT 2024 language pairs.

D Damage Specification Robustness

Tables 1620 show the five damage specification
variants used in the prompt robustness testing in
Section 4.5. Apart from the damage specification,
they are same as in Table 8 and Table 10
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CUS-QA (en) CUS-QA (orig.) WMT 21 WMT 24

Model Shot MOCHA RoSE

cs sk uk cs sk uk en-ha xh-zu cs-uk en-cs en-is
Llama 4 Scout Few 730 .661 492 751 .735 .533 249 365 312 265 .825 233
Zero .656 .624 450 .688 .704 573 .365 318 762 318 302
Llama 3.3 70B Few 619 .598 524 757 730 .584 487 333 323 656 238 .286
’ Zero 524 519 355 672 .656 474 265 280 386 .323  .656 .307 .360
Qwen 3 30B Few .651 .619 429 .693 .709 .516 571 .635 167 249

Zero 725 513 577 804 788 .681 720 513 .810

Table 3: Meta-correlation between LLM as Meta-Judge and standard metric validation with human judgment
measured by Kendall correlation. The values are black if they are significant at the 0.01 confidence, dark gray if

they are only significant at 0.05 confidence, and if they are not significantly different from zero.
CUS-QA cs (en) CUS-QA cs (orig.)
E Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
< F Z F Z F Z F zZ F Z F Z
5 Order 1 512 132 -.035 .049 -.154 .048 .080 = 478 .091 -.061 .099 -.103 .007 .134
@ Order 2 493 112 -.088 .026 -229 .022 .040 451 .073 -.115 .095 -.183 -.006 .109
= Order 3 467 064 -.141 -012 -285 -018 .018 .394 .003 -.193 .052 -255 -.054 .060
Order 4 447 025 -.173 -044 -318 -.048 .009 .343 -052 -238 .015 -295 -.083 .029
c:4,w:0 .617 487 429 420 352 425 363 @ .655 505 .433 452 418 436 .488
Eocd,w:2 626 495 427 409 338 422 351 .667 515 441 453 417 446 498
S 6w 0 .624 510 452 444 372 451 374 665 522 452 467 437 458 502
c:6,w:2 .630 512 445 430 358 445 364 672 527 455 466 432 462 507
ROUGE-1 .615 390 338 328 241 321 258 @ 626 385 .295 334 275 .280 .361
ROUGE-2 476 405 362 336 283 352 232 580 415 .348 339 318 324 .360
ROUGE-4 259 230 204 .173 120 .182 .070 377 267 .241 215 .191 211 .227
ROUGE-L .619 385 334 319 233 319 256  .629 387 .294 330 .270 .281 .36l

a:0.2,v: 0.0 5520 247 179 186 129 196 .233 553 227 .146 .187 .139 .150 .270

: :0.5 564 303 232 237 .168 246 225 576 309 225 255 200 .227 314
a:0.9,v: 0.0 593 462 408 394 329 429 274 621 491 423 411 383 442 464
a:09,v: 0.5 580 459 398 393 325 423 249 616 492 423 418 391 443 453

cs, Not Limited | .590 342 .243 271 .127 270 .273 | .609 .354 236 315 .180 .257 .342
cs, Limited (L5) = .509 .172 .030 .130 -.070 .110 .156 .520 .166 .020 .174 -.028 .081 .191
en, Not Limited | .598 481 422 439 368 425 311 .613 .398 324 360 .289 .319 .384
en, Limited (L5) = .547 338 .298 275 215 .294 226 .532 .264 207 .243 .144 .195 .281

wmt20-da 481 .077 -.005 .026 -.117 .045 .198 | 534 .150 .059 .167 .047 .108 .230
wmt20-qe-da .013 .089 .184 .182 374 .133 .018 .102 .170 275 .148 372 207 .125
wmt22-da 530 115 .035 .087 -.063 .092 .221 537 .195 .129 203 .129 .153 271
cometinho-da 539 138 053 .087 -047 .107 .189 526 .165 .080 .180 .060 .110 .229

20-D12 595 365 272 319 183 287 339 | 626 370 269 356 .270 .310 .387
base-512 474 119 .027 .056 -.062 .053 .081 .358 -.044 -.102 -.045 -.150 -.072 .098
large-512 536 292 180 277 152 214 114 442 057 -.049 .084 -061 .015 .131
tiny-128 .608 436 317 376 205 .350 .251 @ .615 407 .260 .386 .187 .328 .373

BLEURT | COMET | BERTSc. [METEOR | ROUGE

Table 4: Spearman Correlations across different metrics and model variations for CUS-QA cs (en) and CUS-QA cs
(orig.).
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CUS-QA sk (en) CUS-QA sk (orig.)

g Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
§ F Z F Z F Z F Z F Z F Z
5 Order 1 459 123 -.020 .028 -.134 .019 .037 407 .071 -.026 .052 -.151 .004 .126
m Order 2 430 .098 -.083 .010 -208 .004 .026 .378 .053 -.079 .046 -219 -.017 .093
é Order 3 408 .037 -.150 -.036 -269 -.045 .004 331 -.021 -.158 -.004 -287 -.074 .037
Order 4 390 -.009 -.193 -.076 -300 -.077 -.010 .290 -.077 -.207 -.044 -325 -.110 .005
c:4,w: 0 565 476 419 417 355 446 395 575 494 453 415 380 474 .487
Eocid, w2 583 494 430 422 352 449 368 .602 517 472 425 377 491 .505
S c6,w: 0 577 494 438 437 374 468 398 591 510 470 426 391 .491 .500
c:6,w: 2 588 506 .443 438 368 468 .379 .608 .525 483 434 387 .503 514
ROUGE-1 596 402 357 301 220 312 205 540 .372 .330 .288 .207 .315 .360
ROUGE-2 454 414 364 345 284 356 216 502 410 .379 313 268 .350 .353
ROUGE-4 184 178 159 135 112 152 .061 253 213 .203 .150 .124 .191 .197
ROUGE-L 597 399 353 294 211 309 .205 @ 543 372 .330 .286 .200 .315 .357
a:0.2,v: 0.0 536 244 173 .161 .108 .159 .140 ' 468 .210 .157 .153 .053 .143 .253
a:0.2,v: 0.5 546 320 248 240 .162 241 .152 496 319 .265 234 .137 .256 .309
a:0.9,~: 0.0 585 511 466 433 367 488 .239 547 508 469 389 .333 517 .501
a:0.9,7v: 0.5 572 500 448 431 356 468 217 541 502 462 392 335 .500 .466

cs, Not Limited = .548 .322 219 .250 .128 249 .232 | 523 324 .262 273 .126 .284 .332
cs, Limited (L5) 460 .147 .020 .103 -.056 .078 .125 422 .140 .051 .133 -080 .086 .177
en, Not Limited = .582 479 435 450 .398 470 .349 561 .410 .368 .355 .274 .382 .426
en, Limited (L5) .541 .336 305 .291 .238 328 .235 461 .241 .199 .191 .077 .227 .298

BLEURT | COMET | BERTSc. [METEOR | ROUGE

wmt20-da 438 .060 -.038 .027 -.104 .051 .194 432 .132 .092 .159 .018 .124 .208
wmt20-ge-da .040 .087 .197 .198 .331 .138 .047 .100 .172 .238 .182 .365 .213 .137
wmt22-da 486 .096 -.002 .077 -.066 .080 .219 441 .174 .135 .180 .078 .169 .255
cometinho-da 521 116 .033 .083 -.045 .101 .190 444 .153 .116 .159 .038 .124 .219
20-D12 569 335 229 305 .193 271 .329 | 538 .294 240 303 .174 .286 .331
base-512 379 .078 -.036 .036 -.053 .029 .034 250 -.060 -.075 -.082 -.173 -.087 .081
large-512 477 193 094 218 .108 .173 .074 342 .014 -.025 .045 -.085 .006 .122
tiny-128 .601 460 .352 .384 .232 386 .237 .559 .404 329 346 .160 .347 .372
CUS-QA uk (en) CUS-QA uk (orig.)
E Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
S F Z F Z F Z F Z F Z F Z
5 Order 1 426 .093 -.034 .115 -.145 .008 .041 @ 412 .006 -.019 .011 -.134 -.035 .085
m Order 2 433 066 -.086 .110 -.199 -.009 .013 .393 -.044 -.083 -.025 -203 -.072 .041
E Order 3 432 .024 -.133 .084 -238 -.045 -.005 .365 -.105 -.137 -.064 -260 -.124 -.011
Order 4 431 -.006 -.158 .059 -260 -.074 -.014 342 -.145 -.169 -.095 -297 -.162 -.048
c:4,w: 0 S14 425 372 381 295 374 302 591 429 392 364 331 .385 .426
Eocid,w:2 519 427 373 376 281 374 287 601 .444 406 .362 .333 .393 .440
S c6,w: 0 527 448 392 400 313 402 312 .601 .449 407 .376 .345 .403 .443
c:6,w: 2 526 445 388 393 299 396 299 606 .456 415 372 .345 406 .450
ROUGE-1 460 332 283 278 .168 245 .198 .138 .169 .142 .114 .104 .109 .106
ROUGE-2 221 276 251 208 .152 246 .119 .128 .096 .081 .066 .061 .066 .060
ROUGE-4* .057 .100 .086 .039 .003 .084 .030 nan nan nan nan nan nan nan
ROUGE-L 477 323 272 271 159 241 .199 138 .169 .142 .114 .104 .109 .106
a: 0.2,v: 0.0 399 228 185 202 .101 .154 .182 @ 465 .197 .191 .149 .091 .135 .232
a:0.2,v: 0.5 398 264 214 231 .134 200 .159 469 252 .237 .185 .135 .194 .263
a: 0.9,~: 0.0 465 441 389 379 285 408 253 518 415 377 317 292 .396 417
a: 0.9,v: 0.5 435 411 356 357 273 391 204 500 .407 .367 .304 .281 .389 .391

cs, Not Limited = .521 .330 .256 .317 .164 267 .250 | .578 305 .282 270 .181 .232 .300
cs, Limited (L5) 453 .187 .086 .203 .002 .121 .164 486 .085 .073 .109 -.026 .038 .143
en, Not Limited =~ 499 428 371 413 319 385 .252 431 201 .215 .170 .135 .154 .231
en, Limited (L5) 416 279 241 .256 .167 .243 .159 456 .179 .188 .159 .103 .127 .207

BLEURT | COMET | BERTSc. [METEOR | ROUGE

wmt20-da 348 .091 .035 .121 -.048 .070 .179 = 490 .129 .127 .136 .039 .104 .171
wmt20-qe-da .083 .086 .168 .085 .280 .140 .039 -.024 223 210 .189 327 .247 .185
wmt22-da 386 .138 .079 .178 -.007 .104 .197 = 481 .181 .178 .184 .111 .153 .223
cometinho-da 420 167 115 .177 .040 .145 .164 507 .114 .110 .131 .030 .086 .157
20-D12 507 353 295 376 243 318 314 | 584 308 .290 315 226 .261 .307
base-512 332 .062 .022 .122 -.020 .036 .058 217 -.145 -.114 -.142 -218 -.164 -.033
large-512 394 193 147 284 139 190 .093 291 -.121 -.111 -.102 -.190 -.140 -.027
tiny-128 507 384 294 377 220 337 212 347 .053 .035 .051 -.047 .047 .085

Table 5: Spearman Correlations across different metrics and model variations for CUS-QA sk (en) and CUS-QA sk
(orig.) above and CUS-QA uk (en) and CUS-QA uk (orig.) below. The row marked by * contains nan values for the
Ukrainian text because the default ROUGE implementation uses a tokenizer that skips most Cyrillic characters.
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MOCHA Validation RoSE CNNDM Test

ﬁ Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
é’ F Z F Z F Z F Z F Z F Z
— Order 1 362 319 387 255 333 218 411 472 409 331 257 396 .556 .658
M Order 2 345 338 408 266 .350 .208 .393 534 429 354 237 413 595 .709
z Order3 312 334 402 254 349 195 386 .529 429 358 222 410 .599 .719
Order 4 277 320 389 238 345 .183 381 514 426 .358 209 .404 593 718
c:4,w: 0 527 300 359 246 286 313 402 | .691 511 421 300 .420 .619 .683
Hocid,w2 530 308 366 259 300 .319 408 705 .501 419 280 .426 .628 .710
S c6,w: 0 543 309 367 259 296 324 404 695 516 432 289 433 641 .719
c:6,w:2 541 312 369 267 305 .326 .409 702 .507 428 278 433 640 .727
ROUGE-1 539 293 341 235 279 299 428 | .600 .480 .396 .305 434 613 .698
ROUGE-2 375 194 228 139 .156 .196 247 577 449 388 243 425 .628 .733
ROUGE-4 218 .058 .087 .011 .020 .062 .082 .466 .331 .303 .136 .352 .522 .639
ROUGE-L 540 295 342 238 282 299 429 558 458 .383 273 435 .633 .731
a:0.2,v: 0.0 542 286 337 230 285 267 423 398 437 349 1295 404 562 .652
a:0.2,7: 0.5 527 284 334 231 278 270 398 474 443 349 264 408 .588 .686
a:0.9,v: 0.0 533 317 362 270 294 357 419 | 712 499 435 299 451 .601 .715
a: 0.9, 7: 0.5 516 299 340 256 275 329 375  .689 483 409 263 .438 .617 .729

cs, Not Limited = .528 315 372 .271 .330 .276 .424 | .632 .457 .396 .266 .445 .618 .733
cs, Limited (L5) .440 282 346 .253 .318 .215 .403 .610 .406 .354 .239 .436 .589 .721
en, Not Limited = .538 .338 382 .292 345 295 403 @ .634 .496 .425 .292 452 .628 .739
en, Limited (L5) 423 277 333 245 318 223 392  .626 .516 .425 .393 499 .617 .729

BLEURT | COMET | BERTSc. [METEOR | ROUGE

wmt20-da .620 311 .350 .310 .356 .318 471 475 .438 410 455 .507 .520 .628
wmt20-qe-da 015 -.132 -.129 -.036 -.048 -.048 -229 235 .105 .116 217 211 .065 .025
wmt22-da 595 318 359 333 367 313 455 503 474 444 475 526 519 .643
cometinho-da 570 306 374 292 370 286 .448 459 403 .379 362 459 .529 .653
20-D12 529 313 339 311 346 328 454 .633 .582 467 421 431 .601 .660
base-512 582 310 344 326 372 295 474 423 536 431 501 445 491 572
large-512 .624 393 393 439 449 412 525 548 .633 525 .610 .545 .570 .636
tiny-128 576 375 430 340 424 344 482 419 582 487 410 424 540 .624
WMT 21 en-ha WMT 21 xh-zu
E Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
s F Z F Z F Z F Z F Z F Z
5 Order 1 174 373 285 179 200 285 .078 212 .349 232 .193 220 .349 .152
m Order 2 175 357 275 162 185 289 .081 217 .331 224 187 211 .355 .156
E Order 3 166 345 267 .154 177 288 .080 .215 .314 213 .175 .199 355 .157
Order 4 160 335 259 .148 170 .287 .080 .208 .298 .200 .161 .186 .355 .157
c:4,w: 0 192 392 292 171 181 298 .091 268 .371 .245 200 .216 .365 .163
FEocid,w:2 193 376 280 .158 .173 289 .085 .266 .357 .238 .193 215 .356 .156
S c6,w: 0 196 379 285 163 174 295 .090 276 .363 .244 .198 214 .361 .161
c: 6, w: 2 195 372 280 .157 171 289 .085 273 .356 .240 .195 214 .356 .157
ROUGE-1 173 371 294 184 191 293 .098 201 .356 259 .207 .215 .359 .156
ROUGE-2 159 347 275 161 175 297 .097 .193 .302 .213 .151 .174 355 .158
ROUGE-4 103 286 221 .105 .118 286 .092 .135 .206 .134 .055 .091 .346 .151
ROUGE-L 180 388 .320 210 .249 305 .106 215 .368 277 224 243 366 .172
a:0.2,v: 0.0 153 377 323 228 235 286 .087 .195 .361 275 .233 237 .363 .167
a:0.2,v: 0.5 158 372 316 220 231 281 .089 206 .359 .274 231 240 .359 .165
a: 0.9,~v: 0.0 168 364 264 .148 .156 269 .074 .187 .340 221 .178 .200 .340 .140
a:09,7v: 0.5 169 355 261 .148 .163 267 .078 201 .337 223 .182 .207 .337 .140

cs, Not Limited .191 .384 299 .193 220 .273 .076 .257 370 .250 .212 .224 .355 .160
cs, Limited (L5) .195 374 295 .195 228 273 .074 226 357 .236 .210 .223 .353 .154
en, Not Limited .178 .375 .296 .187 .201 270 .074 251 371 .260 .221 .233 .363 .159
en, Limited (L5) .181 .368 .289 .181 .208 .269 .073 277 367 .251 221 .229 .359 .159

BLEURT | COMET | BERTSc. [METEOR | ROUGE

wmt20-da 254 468 402 346 355 .308 .096 276 408 .302 .284 .296 .370 .182
wmt20-qe-da 228 267 211 463 213 283 .039 276 .280 .293 .342 318 .256 .125
wmt22-da 269 463 394 362 369 304 .101 277 381 .283 278 295 .360 .177
cometinho-da 200 382 300 .224 238 295 .091 237 377 .253 225 226 .363 .162
20-D12 192 384 306 .209 233 284 .082 185 363 .247 214 241 361 .162
base-512 186 393 312 238 266 299 .096 239 368 .252 230 .244 351 .164
large-512 85 392 303 211 245 291 .090 229 358 .228 202 .223 .355 .160
tiny-128 179 390 302 207 213 284 114 215 354 232 .199 206 .324 .145

Table 6: Spearman Correlations across different metrics and model variations for MOCHA Validation and RoSE
CNNDM Test (above) and WMT 21 en-ha and WMT 21 xh-zu (below).

1426



WMT 24 cs-uk WMT 24 en-cs

ﬁ Parameters Hum Llama 4 Llama 3.3 Qwen 3 GT Llama 4 Llama 3.3 Qwen 3
g F Z F Z F Z F Z F Z F Z
— Order 1 273 469 409 316 323 423 277 232 393 339 227 245 295 209
M Order 2 223 434 383 305 311 421 272 246 379 324 205 223 291 .202
z Order3 174 415 362 302 307 419 260 250 367 312 .192 209 .290 .198
Order 4 151 394 342 294 297 416 248 253 354 299 .177 .195 290 .194
c:4,w: 0 323 517 459 333 318 481 341 229 417 357 227 229 333 242
Eocid,w:2 316 494 433 307 304 446 310 232 405 347 214 221 319 .229
S c6,w: 0 318 508 453 323 313 474 333 233 407 350 217 222 327 235
c:6,w:2 315 495 436 307 306 450 313 234 402 345 211 219 320 .228
ROUGE-1 020 .136 .120 .100 .091 .110 .066 222 416 .362 .245 .248 332 251
ROUGE-2 003 .095 .085 .067 .064 .079 .056 211 .376 .323 203 .206 .314 .228
ROUGE-4 -004 .067 .055 .034 .039 .050 .039 .122 319 273 .154 .154 296 212
ROUGE-L 020 .136 .120 .101 .092 .110 .067 235 413 .363 237 264 327 252
a: 0.2, 284 414 369 274 263 380 271 214 399 357 262 270 319 .241
o 236 399 349 266 .261 .353 242 215 .388 .346 .247 258 307 .227

0.2,7: 0.0
0.2,7: 0.5

a:09,v: 00 291 423 349 228 237 360 240 230 407 343 213 225 313 224
09,7:0.5 242 406 .338 238 246 340 222 226 .393 332 203 219 303 212

cs, Not Limited = .330 .547 485 .372 369 .484 349 236 417 .370 .246 .255 .327 .238
cs, Limited (L5) .326 .545 487 387 .402 475 337 260 .405 .359 .239 263 .310 .222
en, Not Limited 311 .514 476 357 .352 477 339 200 415 364 .250 .252 .325 .242
en, Limited (L5) .321 499 464 349 343 472 336 220 .409 .354 232 245 311 .227

BLEURT | COMET | BERTSc. [METEOR | ROUGE

wmt20-da 368 .632 596 .536 510 .583 437 350 .570 .536 474 466 479 .397
wmt20-qge-da 263 293 339 295 345 317 177 333 355 379 430 417 .378 .248
wmt22-da 388 619 589 539 518 573 428 392 565 536 .499 498 484 400
cometinho-da 361 .603 .560 .481 .459 555 .401 351 513 476 .387 .389 .412 .329
20-D12 352 597 563 494 455 556 417 375 496 457 364 377 418 .332
base-512 292 498 462 373 346 455 312 250 408 373 281 .287 .324 244
large-512 281 485 451 356 365 446 294 238 406 .367 .258 277 312 .228
tiny-128 221 445 413 327 339 412 216 221 443 404 279 283 .351 .275
WMT 24 en-is

2 Llama 4 Llama 3.3 Qwen 3

é’ Parameters Hum F Z F Z F Z

5 Order 1 337 393 318 237 245 301 .201

m Order 2 368 387 314 220 228 .299 .196

E Order 3 372 378 308 208 214 299 .194

Order 4 373 367 299 192 198 .300 .192

c:4,w: 0 319 419 343 231 222 337 .235

Eocid, w2 335 409 333 221 215 318 .219

S 6w 0 333 413 339 225 218 .331 .229

c:6,w: 2 341 407 333 219 214 320 .220

ROUGE-1 324 415 347 244 242 326 .232

ROUGE-2 291 395 326 224 218 315 .220

ROUGE-4 146 342 279 172 163 299 .203

ROUGE-L 347 420 358 255 273 .328 .236

2,7v:0.0 335 406 .349 268 269 314 221
2,7:0.5 330 398 341 258 261 .309 211
9,7:0.0 331 397 312 204 203 299 .200
a:09,v: 05 329 389 308 .204 207 .296 .193

cs, Not Limited = .359 425 352 .246 .248 325 .229
cs, Limited (L5) 382 413 343 243 258 317 .217
en, Not Limited .308 427 358 .250 .248 .340 .243
en, Limited (L5) 370 423 353 .241 .252 328 .232

wmt20-da 443 544 509 424 416 432 337
wmt20-qe-da 379 389 369 405 .386 .368 .239
wmt22-da 474 535 500 429 421 413 312
cometinho-da 418 482 428 349 346 385 .288

20-D12 416 450 394 307 313 367 .265
base-512 335 422 359 289 291 338 .243
large-512 342 407 337 240 268 325 .221
tiny-128 331 442 380 278 269 353 271

BLEURT | COMET | BERTSc. [METEOR | ROUGE

Table 7: Spearman Correlations across different metrics and model variations for WMT 24 cs-uk and WMT 24
en-cs (above) and WMT 24 en-is (below).
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You are a Semantic Corruption Engine for NLP evaluation.
Your task is to generate a single "synthetic hypothesis” string by modifying the provided '
input_answer' based on the requested 'damage_level'.

### GROUND TRUTH PROTOCOL
1. **Facts:*x Treat the 'input_answer' as the absolute factual truth for this task.
- At Level 0, you must agree with the 'input_answer'.
- At Level 5, you must contradict the 'input_answer'.
2. x*Context:x* Use the provided 'question' to understand the topic, gender, and grammatical context
required for the answer.

### DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'input_answer' using different words or grammar, but strictly
preserve the original meaning.

Level 1 (Surface Noise): Keep the meaning true. You may remove minor adjectives, generalize numbers,
or simplify phrasing.

Level 2 (Omission): Remove a specific detail (like a name, date, or location). Make the answer
vaguely true but less informative.

Level 3 (Minor Semantic Error): Keep the topic, but alter a specific entity to a plausible but
incorrect one (e.g., swap a city for a nearby town, change a date by a few years).

Level 4 (Major Semantic Error): Significantly alter the meaning. Swap the main Subject or Object to
something clearly wrong but related (e.g., change the actor to a different actor).

Level 5 (Hallucination): Produce a fluent, confident answer to the 'question' that is completely
factually wrong compared to the 'input_answer'.

### CONSTRAINTS

1. OUTPUT LANGUAGE: The output must be in the SAME LANGUAGE and script as the 'input_answer' (e.g.,
if input is Czech, output must be Czech).

2. FORMAT: Output ONLY the resulting text string. Do not include labels like "Output:" or
explanations.

Table 8: Prompt for zero-shot synthetic data generation for question answering on the CUS-QA dataset.

You are a Semantic Corruption Engine for Reading Comprehension.
Your task is to generate a single "synthetic text” string by modifying the provided 'input_answer'
based on the requested 'damage_level'.

### GROUND TRUTH PROTOCOL

1. **Source of Truth:*x The 'passage' is the absolute factual truth. Any deviation from the passage
counts as damage.

2. **Relevance:*x The output must still attempt to answer the 'question', even if the facts are
modified (at higher levels).

### DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'input_answer' using different words or syntax. You MUST preserve
the exact meaning supported by the 'passage'.

Level 1 (Surface Noise): Keep the meaning true. You may remove minor adjectives, generalize numbers
slightly, or simplify phrasing.

Level 2 (Loss of Precision): Omit a secondary detail or make the answer slightly less specific than
the 'input_answer'.

Level 3 (Minor Semantic Error): Alter a specific entity or relationship. Swap a name, date, or
location with a plausible but incorrect one not supported by the 'passage’.

Level 4 (Major Semantic Error): Significantly alter the core meaning. Swap the main Subject/Object or
negate the main verb.

Level 5 (Total Hallucination): Produce a fluent, confident answer that is completely unsupported by
the 'passage' or explicitly contradicts it.

### CONSTRAINTS
1. OUTPUT LANGUAGE: English (unless the input is in another language).
2. FORMAT: Output ONLY the resulting text string. Do not include labels, explanations, or quotes.

Table 9: Prompt for zero-shot synthetic data generation for question answering on the MOCHA dataset.
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You are a Semantic Corruption Engine for NLP evaluation.
Your task is to generate a single "synthetic hypothesis” string by modifying the provided '
input_answer' based on the requested 'damage_level'.

### GROUND TRUTH PROTOCOL
1. *xFacts:*x Treat the 'input_answer' as the absolute factual truth for this task.
- At Level @, you must agree with the 'input_answer'.
- At Level 5, you must contradict the 'input_answer'.
2. **Context:** Use the provided 'question' to understand the topic, gender, and grammatical context
required for the answer.

#i#t# DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'input_answer' using different words or grammar, but strictly
preserve the original meaning.

Level 1 (Surface Noise): Keep the meaning true. You may remove minor adjectives, generalize numbers,
or simplify phrasing.

Level 2 (Omission): Remove a specific detail (like a name, date, or location). Make the answer
vaguely true but less informative.

Level 3 (Minor Semantic Error): Keep the topic, but alter a specific entity to a plausible but
incorrect one (e.g., swap a city for a nearby town, change a date by a few years).

Level 4 (Major Semantic Error): Significantly alter the meaning. Swap the main Subject or Object to
something clearly wrong but related (e.g., change the actor to a different actor).

Level 5 (Hallucination): Produce a fluent, confident answer to the 'question' that is completely
factually wrong compared to the 'input_answer'.

### EXAMPLES

User:

question: Who directed the movie 'Titanic'?
input_answer: James Cameron directed it.
damage_level: @

Assistant:
The film was directed by James Cameron.

User:

question: What is the capital of Slovakia?
input_answer: Bratislava.

damage_level: 3

Assistant:
KosSice.

User:
question: Jaké je hlavni mésto Ceské republiky?

input_answer: Hlavnim méstem je Praha.
damage_level: 5

Assistant:

Hlavnim méstem je Ostrava, znama svymi plazemi.

### CONSTRAINTS

1. OUTPUT LANGUAGE: The output must be in the SAME LANGUAGE and script as the 'input_answer'.

2. FORMAT: Output ONLY the resulting text string. Do not include labels like "Output:" or
explanations.

Table 10: Prompt for few-shot synthetic data generation for question answering on the CUS-QA dataset.
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You are a Semantic Corruption Engine for Reading Comprehension.
Your task is to generate a single "synthetic text” string by modifying the provided 'input_answer'
based on the requested 'damage_level'.

### GROUND TRUTH PROTOCOL

1. *xSource of Truth:** The 'passage' is the absolute factual truth. Any deviation from the passage
counts as damage.

2. **Relevance:*x The output must still attempt to answer the 'question', even if the facts are
modified (at higher levels).

#i## DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'input_answer' using different words or syntax. You MUST preserve
the exact meaning supported by the 'passage'.

Level 1 (Surface Noise): Keep the meaning true. You may remove minor adjectives, generalize numbers
slightly, or simplify phrasing.

Level 2 (Loss of Precision): Omit a secondary detail or make the answer slightly less specific than
the 'input_answer'.

Level 3 (Minor Semantic Error): Alter a specific entity or relationship. Swap a name, date, or
location with a plausible but incorrect one not supported by the 'passage’.

Level 4 (Major Semantic Error): Significantly alter the core meaning. Swap the main Subject/Object or
negate the main verb.

Level 5 (Total Hallucination): Produce a fluent, confident answer that is completely unsupported by
the 'passage' or explicitly contradicts it.

#i#t# CONSTRAINTS
1. OUTPUT LANGUAGE: English (unless the input is in another language).
2. FORMAT: Output ONLY the resulting text string. Do not include labels, explanations, or quotes.

#i## EXAMPLES

User:

passage: The Apollo 11 mission landed humans on the Moon in July 1969.
question: When did the landing occur?

input_answer: It happened in 1969.

damage_level: 0

Assistant:
The landing took place in the year 1969.

User:

passage: Photosynthesis takes place inside the chloroplasts, which contain chlorophyll.
question: Where does photosynthesis happen?

input_answer: It occurs in the chloroplasts.

damage_level: 3

Assistant:
It occurs in the mitochondria.

User:

passage: The blue whale is the largest animal known to have ever lived.
question: What is the largest animal?

input_answer: The blue whale.

damage_level: 5

Assistant:
The largest animal is the African Elephant.

Table 11: Prompt for few-shot synthetic data generation for question answering on the MOCHA dataset.
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You are an Atomic Fact Corruption Engine.
Your task is to generate a "synthetic text” by modifying a 'reference_summary' based on a
damage_level', specifically targeting Atomic Content Units (ACUs).

### THE ACU PROTOCOL

Summaries are evaluated by breaking them down into "Atomic Content Units” (fine-grained, independent
facts) and checking their recall.

- x%Goal:** As Damage Level increases, the number of ACUs from the 'reference_summary' preserved in
your output must DECREASE.

- *x*Constraint:**x You must maintain the x*fluency** and xxlengthxx of the original text. Do not
simply delete sentences; replace facts with non-facts or plausible hallucinations.

### DAMAGE SPECIFICATIONS (ACU RECALL)
Level @ (100% ACU Recall): Paraphrase the text but preserve *xevery single atomic factx* (names,
dates, relations, quantities).
Level 1 (80% ACU Recall): Preserve the main story but blur specific details. (e.g., Change "David
Ospina” to "the goalkeeper”, or "16th minute” to "early on").
Level 2 (60% ACU Recall): Remove minor ACUs. Replace specific facts with generic filler text that
sounds relevant but conveys no specific information from the source.
Level 3 (40% ACU Recall): Entity Swap. Keep the sentence structure but swap key entities (Subject/
Object) so the ACUs become factually false (e.g., "Chelsea won” -> "Arsenal won").
Level 4 (20% ACU Recall): Major Contradiction. Rewrite the summary to describe a different outcome or
event involving the same entities, falsifying nearly all original facts.
Level 5 (0% ACU Recall): Total Hallucination. Generate a fluent summary of the same length that
contains **ZERO*x facts from the reference. It can be about the same topic but must be factually
disjoint.

### CONSTRAINTS

1. LENGTH: The output must be within #+10% word count of the 'reference_summary'.
2. FLUENCY: The text must be grammatically perfect.

3. FORMAT: Output ONLY the resulting summary string. No labels.

Table 12: Prompt for zero-shot synthetic data generation for summarization on the RoSE dataset.
You are a Translation Corruption Engine.

Your goal is to take a perfect 'reference_translation' and degrade it according to the specific
damage_level' requested.

[

### GROUND TRUTH PROTOCOL
1. x*xSource of Truth:*x The 'source_sentence' and 'reference_translation' define the correct meaning.
2. *xStrict adherence:** You must NOT improve the text. You must damage it.

#i## DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'reference_translation' using different synonyms or sentence
structures. It MUST remain a valid, high-quality translation of the 'source_sentence' with
perfect grammar.

Level 1 (Surface/Mechanical Noise): Keep the words mostly identical to the 'reference_translation',
but **inject a visible technical errorx*. You MUST include a spelling mistake, a capitalization
error, missing punctuation, or a blatant subject-verb agreement error (e.g., "he go" instead of
"he goes"”). The meaning must remain perfect, but the fluency must be damaged.

Level 2 (Omission/Under-translation): Remove a specific detail or nuance found in the
source_sentence' (e.g., drop an adjective or adverb). The translation is understandable but
clearly incomplete compared to the reference.

Level 3 (Word-Level Semantic Error): Mistranslate a specific content word (noun/verb) to a plausible
but incorrect alternative (e.g., "car” -> "truck”, "walked” -> "ran"). This must be a specific,
local error.

Level 4 (Major Semantic Error): Significantly alter the meaning of the whole sentence. Swap the
Subject and Object, negate the main verb, or change the tense dramatically (past -> future) if
it contradicts the source.

Level 5 (Hallucination/Catastrophic Failure): Produce a fluent sentence in the target language that
has NOTHING to do with the 'source_sentence', or is a translation of a completely different
input.

1

### CONSTRAINTS

1. OUTPUT LANGUAGE: The output must be in the SAME LANGUAGE as the 'reference_translation'.

2. NO EXACT MATCHES: For Damage Level 1 and above, the output **MUST NOTx* be identical to the '
reference_translation'.

3. FORMAT: Output ONLY the resulting translation string. No labels, no explanations.

Table 13: Prompt for zero-shot synthetic data generation for machine translation.
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You are an Atomic Fact Corruption Engine.
Your task is to generate a "synthetic text” by modifying a 'reference_summary' based on a
damage_level', specifically targeting Atomic Content Units (ACUs).

### THE ACU PROTOCOL

Summaries are evaluated by breaking them down into "Atomic Content Units” (fine-grained, independent
facts) and checking their recall.

- **Goal:*x As Damage Level increases, the number of ACUs from the 'reference_summary' preserved in
your output must DECREASE.

- *xConstraint:*x You must maintain the *xfluency** and **lengthx* of the original text. Do not
simply delete sentences; replace facts with non-facts or plausible hallucinations.

#i## DAMAGE SPECIFICATIONS (ACU RECALL)
Level @ (100% ACU Recall): Paraphrase the text but preserve *xevery single atomic factx* (names,
dates, relations, quantities).
Level 1 (80% ACU Recall): Preserve the main story but blur specific details. (e.g., Change "David
Ospina” to "the goalkeeper”, or "16th minute” to "early on").
Level 2 (60% ACU Recall): Remove minor ACUs. Replace specific facts with generic filler text that
sounds relevant but conveys no specific information from the source.
Level 3 (40% ACU Recall): Entity Swap. Keep the sentence structure but swap key entities (Subject/
Object) so the ACUs become factually false (e.g., "Chelsea won” -> "Arsenal won").
Level 4 (20% ACU Recall): Major Contradiction. Rewrite the summary to describe a different outcome or
event involving the same entities, falsifying nearly all original facts.
Level 5 (0% ACU Recall): Total Hallucination. Generate a fluent summary of the same length that
contains **ZERO*x facts from the reference. It can be about the same topic but must be factually
disjoint.

### CONSTRAINTS

1. LENGTH: The output must be within +10% word count of the 'reference_summary'.
2. FLUENCY: The text must be grammatically perfect.

3. FORMAT: Output ONLY the resulting summary string. No labels.

### EXAMPLES

User:

source_text: (Context about the Chelsea vs Arsenal match)

reference_summary: Chelsea weren't awarded a penalty for David Ospina's clash with Oscar. Arsenal
goalkeeper clattered Oscar inside the box.

damage_level: 0

Assistant:
David Ospina collided with Oscar in the box, but Chelsea did not receive a penalty for the incident
involving the Arsenal goalkeeper.

User:

source_text: (Context about the Chelsea vs Arsenal match)

reference_summary: Chelsea weren't awarded a penalty for David Ospina's clash with Oscar. Arsenal
goalkeeper clattered Oscar inside the box.

damage_level: 3

Assistant:
Arsenal weren't awarded a penalty for Petr Cech's clash with Willian. The Chelsea goalkeeper
clattered Willian outside the box.

User:

source_text: (Context about SpaceX Starship)

reference_summary: SpaceX's Starship rocket exploded four minutes after launch on Thursday, with no
injuries reported.

damage_level: 5

Assistant:
NASA's Falcon 9 booster landed successfully on the drone ship on Friday, marking another milestone
for the agency.

Table 14: Prompt for few-shot synthetic data generation for summarization on the RoSE dataset.
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You are a Translation Corruption Engine.
Your goal is to take a perfect 'reference_translation' and degrade it according to the specific
damage_level' requested.

### GROUND TRUTH PROTOCOL
1. *xSource of Truth:** The 'source_sentence' and 'reference_translation' define the correct meaning.
2. *x*Strict adherence:*x You must NOT improve the text. You must damage it.

#i#t# DAMAGE SPECIFICATIONS

Level @ (Paraphrase): Rewrite the 'reference_translation' using different synonyms or sentence
structures. It MUST remain a valid, high-quality translation of the 'source_sentence' with
perfect grammar.

Level 1 (Surface/Mechanical Noise): Keep the words mostly identical to the 'reference_translation',
but **inject a visible technical error*x. You MUST include a spelling mistake, a capitalization
error, missing punctuation, or a blatant subject-verb agreement error (e.g., "he go" instead of
"he goes"). The meaning must remain perfect, but the fluency must be damaged.

Level 2 (Omission/Under-translation): Remove a specific detail or nuance found in the
source_sentence' (e.g., drop an adjective or adverb). The translation is understandable but
clearly incomplete compared to the reference.

Level 3 (Word-Level Semantic Error): Mistranslate a specific content word (noun/verb) to a plausible
but incorrect alternative (e.g., "car” -> "truck”, "walked” -> "ran"”). This must be a specific,
local error.

Level 4 (Major Semantic Error): Significantly alter the meaning of the whole sentence. Swap the
Subject and Object, negate the main verb, or change the tense dramatically (past -> future) if
it contradicts the source.

Level 5 (Hallucination/Catastrophic Failure): Produce a fluent sentence in the target language that
has NOTHING to do with the 'source_sentence', or is a translation of a completely different
input.

1

### CONSTRAINTS

1. OUTPUT LANGUAGE: The output must be in the SAME LANGUAGE as the 'reference_translation'.

2. NO EXACT MATCHES: For Damage Level 1 and above, the output **MUST NOT** be identical to the '
reference_translation'.

3. FORMAT: Output ONLY the resulting translation string. No labels, no explanations.

### EXAMPLES

User:

source_sentence: The cat sat on the mat.
reference_translation: Le chat s'est assis sur le tapis.
damage_level: 0

Assistant:
Le chat était assis sur le tapis.

User:

source_sentence: She bought a red car yesterday.
reference_translation: Sie hat gestern ein rotes Auto gekauft.
damage_level: 3

Assistant:
Sie hat gestern ein blaues Fahrrad gekauft.

User:

source_sentence: Technology is evolving rapidly.
reference_translation: La technologie évolue rapidement.
damage_level: 5

Assistant:

J'aime manger des pommes au petit déjeuner.

Table 15: Prompt for few-shot synthetic data generation for machine translation.
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### DAMAGE SPECIFICATIONS

Level @ (Semantic Equivalence): Reformulate the input text using novel
vocabulary or syntax while retaining 100% of the original information
and meaning.

Level 1 (Lossy Compression): Maintain factual accuracy but degrade
precision. Approximate numerical values, strip non-essential
modifiers, or use simpler diction.

Level 2 (Information Redaction): Omit key identifiers (such as specific
names, dates, or locations). The statement should remain truthful but
lack specificity.

Level 3 (Low-Level Distortion): Retain the general context but
substitute a single specific entity with a plausible but incorrect
alternative (e.g., shifting a date slightly or swapping a city for
a neighbor).

Level 4 (High-Level Distortion): Fundamentally invalidate the core
meaning. Replace the primary Subject or Object with an entity that
is contextually related but demonstrably incorrect.

Level 5 (Complete Fabrication): Generate a hallucinated response that
answers the question with high confidence and fluency, but is
diametrically opposed to the facts in the input answer.

Table 16: Damage specifications for CUS-QA sensitivity Variant 1. The surrounding system role, ground-truth
protocol, and output constraints are identical to Table 8.

### DAMAGE SPECIFICATIONS

Level @ (Restate): Say exactly the same thing as the input answer,
but say it differently. Do not change the facts.

Level 1 (Simplify): Keep the answer correct, but make it rougher.
Remove specific adjectives or round off numbers to be less precise.
Level 2 (Delete Details): Remove specific proper nouns or data points.

The sentence should still be technically true, just vague.

Level 3 (Tweak Entity): Keep the general topic correct, but swap one
specific detail for a close semantic neighbor
(e.g., Tuesday -> Wednesday, Paris -> Lyon).

Level 4 (Break Relationship): Change the main actor or target of the
sentence. Make the statement clearly wrong by swapping the key
subject/object.

Level 5 (Lie): Ignore the truth. Write a smooth, well-phrased answer
to the question that is completely false compared to the input answer.

Table 17: Damage specifications for CUS-QA sensitivity Variant 2 (colloquial action-label style).

##t# DAMAGE SPECIFICATIONS

Level @ (True - Rephrased): The output must be factually identical to
the input, differing only in style or phrasing.

Level 1 (True - Noisy): The output remains factually compatible with
the input, but loses fine-grained detail or precision.

Level 2 (True - Incomplete): The output is factually compatible but
insufficient; critical specifics like names or dates are missing.

Level 3 (False - Plausible): The output contains a small factual
error. It sounds correct but includes a near-miss entity
substitution.

Level 4 (False - Major): The output contains a significant factual
error regarding the main subject or object, rendering the core
statement false.

Level 5 (False - Total): The output is a complete fabrication. It
presents a confident, fictional reality that contradicts the input
entirely.

Table 18: Damage specifications for CUS-QA sensitivity Variant 3. The surrounding system role, ground-truth
protocol, and output constraints are identical to Table 8.
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### DAMAGE SPECIFICATIONS

Level @ (Synonym Swap): Edit the sentence structure and vocabulary
without altering the underlying logic or facts.

Level 1 (Generalization): Edit the text to be less specific. Convert
exact figures to ranges or estimates; remove descriptive flair.

Level 2 (Redaction): Edit the text to remove proper nouns
(Who/Where/When). Leave the "What"” intact but vague.

Level 3 (Minor Glitch): Edit a single entity. Change a specific detail
to something that looks similar but is factually wrong.

Level 4 (Major Swap): Edit the key players. Change the Subject or
Object to a different entity, breaking the factual link.

Level 5 (Creative Writing): Discard the facts. Write a convincing but
entirely invented answer to the prompt.

Table 19: Damage specifications for CUS-QA sensitivity Variant 4. The surrounding system role, ground-truth
protocol, and output constraints are identical to Table 8.

### DAMAGE SPECIFICATIONS
Level @: Paraphrase. Keep meaning exact.
Level 1: Generalize. Remove adjectives, simplify numbers.
Keep meaning true.
Level 2: Omit. Remove names/dates/locations. Answer becomes vague.
Level 3: Minor Error. Swap one entity for a plausible incorrect one.
Level 4: Major Error. Swap the main Subject or Object.
Meaning is now false.
Level 5: Hallucinate. Generate a confident, fluent, but totally
false answer.

Table 20: Damage specifications for CUS-QA sensitivity Variant 5. The surrounding system role, ground-truth
protocol, and output constraints are identical to Table 8.
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