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Abstract001

Machine-translated benchmarks are widely002
used to assess the multilingual capabilities of003
large language models (LLMs), yet translation004
errors in these benchmarks remain underex-005
plored, raising concerns about the reliability006
and comparability of multilingual evaluation.007
We address two practical gaps: (i) how well008
LLM-produced MQM-style error spans match009
expert human span annotations on real bench-010
mark translations, and (ii) how strongly trans-011
lation errors (as opposed to source-side issues012
in the English original) explain accuracy drops013
on translated benchmarks. We find that span014
agreement is non-trivial on naturally occur-015
ring benchmark translations, and that target-016
side translation errors are consistently associ-017
ated with measurable, percentage-point drops018
in translated accuracy even after controlling for019
English correctness and source-side anomalies.020

1 Introduction021

In multilingual evaluation, machine-translated022

datasets are widely used as reference data, yet023

translation quality is often overlooked, undermin-024

ing reliability and comparability (Choenni et al.,025

2024; Artetxe et al., 2020; Plaza et al., 2024). Hu-026

man protocols such as MQM (Lommel et al., 2013,027

2024) and Error Span Annotation (ESA) (Kocmi028

et al., 2024) provide increasingly diagnostic assess-029

ments (Freitag et al., 2021).030

More recently, researchers have treated LLMs031

themselves as translation judges (“LLM-as-a-032

judge”; Kocmi and Federmann, 2023), using zero-033

or few-shot prompting to tag MQM-style error034

spans. This trend is exemplified by GEMBA and035

GEMBA-ESA (Freitag et al., 2024), and by GPT-036

based evaluators such as AutoMQM (Huang et al.,037

2024) for inline span detection, or MQM-APE (Lu038

et al., 2025), which uses automatic post-editing to039

refine translations.040

Prior work investigating the effects of transla-041

tion artifacts on model performance relies either042

Figure 1: LLM-based TQE pipeline: (1) automatic span-
level MQM error annotation, (2) model evaluation, (3)
estimating the accuracy impact of translation errors.

on manual inspection of small samples (Artetxe 043

et al., 2020; Plaza et al., 2024), which provides 044

qualitative insights but does not scale, or on heuris- 045

tics (Park et al., 2024; Choenni et al., 2024) such as 046

sentence length ratios or learned quality estimation 047

scores (e.g., COMET-QE (Rei et al., 2020)), both 048

of which lack precision in identifying the type and 049

location of translation errors. In addition, most of 050

these studies are limited to single benchmarks or 051

languages (e.g. Spanish MMLU (Plaza et al., 2024) 052

or XNLI (Artetxe et al., 2020)). 053

Two practical questions remain under-addressed: 054

(i) how well do LLM-produced MQM-style spans 055

match expert human spans on real benchmark trans- 056

lations, and (ii) how strongly do translation errors 057

(vs. source-side issues) explain accuracy drops on 058

translated benchmarks? 059

We study these questions on EU20 (Thellmann 060

et al., 2024) and annotate target-side translation 061

errors with four LLM annotators using an MQM- 062

inspired prompt (§3). 063
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We make three contributions:064

1. Human reference and LLM span agreement065

on EU20 (§3). We release a professional span-066

level MQM reference for an EU20 subset (225067

items, nine target languages) and benchmark four068

LLM annotators with strict character-offset span069

matching; GPT-5.2 achieves the highest agree-070

ment with humans (mean span-level F1 0.55 under071

position-overlap matching).072

2. Meta-evaluation with Span-ACESRef (§4).073

We evaluate span localization on Span-ACESRef074

(1,407 items), a cleaned projection of SPAN-075

ACES (Moghe et al., 2025), and validate the trans-076

formation on 178 records where manual review077

and GPT-5.2 agree on 165/178 (0.93), enabling078

controlled classic vs. tolerant span metrics.079

3. Performance impact with source controls (§5).080

Using the pipeline in Figure 1, we estimate the im-081

pact of target-side translation errors (T ) and source-082

side issues (S) on translated accuracy via logistic083

regression (fixed effects; English controls; boot-084

strap CIs): across annotators, T is associated with085

drops of about 6–8 pp (full model) and 6–11 pp086

among English-solvable items.087

The annotated datasets, Span-ACESRef re-088

sources, and our prompts are included in the sup-089

plementary material.1090

2 Related Work091

Translation artifacts and their effects. Sev-092

eral studies have shown that translation artifacts093

can undermine the reliability of model evaluation:094

Choenni et al. (2024) found that MT-generated095

test sets may overestimate model capabilities, es-096

pecially in low-resource languages; Artetxe et al.097

(2020) demonstrated that subtle “translationese”098

can bias cross-lingual benchmarks like XNLI;099

Plaza et al. (2024) reported that mistranslations100

in Spanish MMLU data cause 6–13% accuracy101

loss for GPT-4, with up to 60% of failures directly102

linked to translation errors; and Park et al. (2024)103

observed similar effects for VQA models. While104

these findings underscore the need for rigorous105

quality control, prior work remains limited in scale106

and granularity.107

Multilingual benchmarks. Recent multilingual108

benchmarks range from carefully curated, manu-109

ally translated datasets (e.g., SuperGLEBer (Pfis-110

1Code will be released upon publication.

ter and Hotho, 2024), ScandEval (Nielsen, 2023), 111

IberoBench (Baucells et al., 2025), French- 112

Bench (Faysse et al., 2025), BenCzechMark (Fa- 113

jcik et al., 2025)) to large-scale resources gener- 114

ated via machine translation. While manually con- 115

structed benchmarks offer high quality, they are 116

costly and difficult to scale, prompting the use 117

of machine translation for broader coverage (e.g., 118

Global MMLU (Singh et al., 2025), XNLI (Con- 119

neau et al., 2018), OKAPI (Lai et al., 2023), and 120

LAMBADA (Paperno et al., 2016)). However, 121

many such resources lack transparent quality con- 122

trol. Our work advances the field by combining 123

automated span-level error annotation with statis- 124

tical analysis to assess translation error impact on 125

model performance. 126

3 Human and LLM MQM Annotation 127

In this section, we present our MQM-based annota- 128

tion setup for capturing translation errors and assess 129

the span-level annotation accuracy of LLM-based 130

annotators. We compare LLM-generated MQM 131

annotations against a professionally produced hu- 132

man reference on an EU20 subset and additionally 133

evaluate LLM annotators on Span-ACESRef. 134

3.1 Methodology 135

Human Annotation. Using EU20 (Thell- 136

mann et al., 2024) (DeepL translations2 of 137

MMLU (Hendrycks et al., 2021), ARC (Clark 138

et al., 2018), HellaSwag (Zellers et al., 2019), 139

GSM8K (Cobbe et al., 2021), and TruthfulQA (Lin 140

et al., 2022) into 20 official EU languages), we 141

create a span-level human reference for translation 142

error analysis by manually annotating nine target 143

languages spanning Germanic (DE, DA), Romance 144

(FR, IT, RO), Uralic (ET, HU), Slavic (SL), 145

and Baltic (LT), covering a range of high- to 146

low-resource settings. 147

For each language, we randomly selected 25 seg- 148

ments (225 total) using a fixed per-dataset quota to 149

balance task types (HellaSwag: 9, ARC: 4, Truth- 150

fulQA: 4, GSM8K: 2, MMLU: 6 per language). 151

To avoid trivially short instances, we applied a 152

minimum-length filter during sampling. Dataset 153

statistics for the sampled EU20 subset are shown 154

in Table 1. 155

Annotation was carried out by professional 156

translators/linguists with one annotator per lan- 157

guage using an MQM-inspired, span-based pro- 158

2developers.deepl.com/docs
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Dataset k/lang Ex. Tok. Tok. min–max Sent.

ARC 4 36 56.6 31–98 5.0
GSM8K 2 18 129.5 93–191 8.3
HellaSwag 9 81 166.2 112–253 12.3
MMLU 6 54 153.5 62–402 8.7
TruthfulQA 4 36 99.3 66–201 10.5

Table 1: Aggregated statistics for the manually anno-
tated EU20 subset across nine languages. k/lang is
the sampling quota per language, yielding Ex. total
instances per dataset across all languages. Tok. and
Sent. report the mean number of tokens and sentences
per instance, respectively. Tok. min–max gives the
observed token-length range within each dataset.

tocol implemented in a custom Argilla interface159

(Appendix A.1). For segments with errors, annota-160

tors marked erroneous spans and assigned an MQM161

label and severity (Major/Minor), distinguishing162

Accuracy errors (faithfulness/meaning transfer; Ta-163

ble 8) from Fluency/Style errors (grammaticality164

and naturalness; Table 9). They highlighted target-165

side error spans and, where applicable, the corre-166

sponding source spans (Figure 2), and then submit-167

ted a minimally post-edited corrected translation168

and optional clarification comment (Figure 3).169

After collection, we performed systematic con-170

sistency checks (e.g., presence of error labels/sever-171

ity, and source–target span alignment where ap-172

plicable) and investigated irregular cases such as173

source–target span mismatches by consulting anno-174

tator comments and the original segment context.175

Where necessary, we corrected format inconsisten-176

cies and obvious annotation-entry issues to obtain a177

clean, machine-readable reference. In addition, we178

conducted a targeted manual cross-check by com-179

paring human-annotated spans with LLM-proposed180

annotations as a complementary sanity check.181

LLM-based Annotation. To generate auto-182

matic, span-level MQM annotations, we use four183

instruction-tuned LLMs: GPT-5.23, GPT-4o-mini4,184

Llama-45, and Mistral6. We adopt a variant of185

the GEMBA-ESA prompting approach7 and ex-186

tend it with curated multilingual few-shot exam-187

ples, covering a broad range of error types and both188

structured content (e.g., multiple-choice questions)189

and general-purpose text. To ensure comparability190

with the reference, the prompt restricts labels to the191

3platform.openai.com/docs/models/gpt-5.2
4platform.openai.com/docs/models/gpt-4o-mini
5HF: meta-llama/Llama-4-Scout-17B-16E-Instruct
6HF: mistralai/Mistral-Large-Instruct-2411
7github.com/MicrosoftTranslator/GEMBA

same MQM inventory (Accuracy vs. Fluency/Style, 192

see Table 8 and 9 from Appendix A.1). Each 193

model is prompted to produce a JSON-structured 194

response containing a list of annotated error spans 195

with MQM label and severity. 196

In addition, we annotate source-side anomalies 197

on the same EU20 subset using GPT-5.2 to ac- 198

count for cases where the source has irregularities 199

that may affect downstream TQE. These annota- 200

tions follow an MQM-inspired, span-based pro- 201

tocol for fluency/coherence anomalies and distin- 202

guish surface issues (e.g., typo, grammar, punctua- 203

tion, awkward) from semantic oddness (e.g., con- 204

tradiction, broken_coreference, implausible_logic), 205

with severity (major/minor) indicating potential im- 206

pact on interpretability or answerability. 207

Metrics for span-level Agreement. We compare 208

span-level MQM annotations from humans and 209

four LLM-based annotators by converting all out- 210

puts into a unified span representation and assign- 211

ing character offsets whenever they can be unam- 212

biguously determined from the raw target text. We 213

report span-level Recall and F1 computed with 214

greedy one-to-one matching under fixed thresh- 215

olds and micro-aggregation over items (TP/FP/FN 216

summed per language). For the position-based 217

overlap coefficient (OC), a candidate pair is match- 218

able if OC ≥ 0.8, where OC is the overlap length 219

divided by the minimum span length. For the string- 220

based metric (SIM), we use raw character 3-gram 221

Dice similarity (no normalization) with threshold 222

SIM ≥ 0.6. SIM is computed on spans dedu- 223

plicated by exact target-span text (on both sides), 224

whereas OC operates on the full span lists and re- 225

quires valid target offsets. Spans with missing off- 226

sets cannot be matched under OC and therefore 227

contribute to FP/FN in the OC-based Span-F1 com- 228

putation. The SIM-based results are provided in 229

Appendix A.2 (Table 10). 230

Source-overlap. To quantify the tendency to an- 231

notate source-driven oddness as target-side errors, 232

we compute the fraction of an annotator’s target 233

spans (with valid offsets) that overlap target re- 234

gions linked to GPT-5.2 source-anomaly anno- 235

tations (OC threshold 0.8, each annotator span 236

counted at most once). 237

3.2 Results and Discussion 238

Span-level Agreement. Table 2 shows that GPT- 239

5.2 yields the highest agreement with the human 240

reference (mean OC F1 = 0.55, range 0.34–0.78 241
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Comparison OC Recall OC F1

Human vs GPT-5.2 .44 .55 (.34–.78)
Human vs Mistral .17 .23 (.19–.32)
Human vs GPT-4o .09 .15 (.08–.25)
Human vs LLaMA-4 .08 .13 (.03–.23)
GPT-5.2 vs Mistral .24 .25 (.18–.36)
GPT-5.2 vs GPT-4o .15 .21 (.09–.30)
GPT-5.2 vs LLaMA-4 .12 .17 (.05–.26)

Table 2: Span-level agreement based on position over-
lap (OC) averaged over nine languages (25 items each).
We report mean Span-Recall and Span-F1 across lan-
guages. Parentheses denote the min–max Span-F1 over
languages. OC uses greedy one-to-one matching on
target character offsets with threshold 0.8.

Annotator Mean overlap rate Range

Human .08 .04–.13
Mistral .14 .09–.20
GPT-5.2 .06 .00–.13
GPT-4o .10 .00–.25
LLaMA-4 .13 .06–.29

Table 3: Source-overlap: fraction of an annotator’s
target spans with valid offsets that overlap target re-
gions linked to GPT-5.2 source-anomaly annotations
(OC threshold 0.8). Each annotator span is counted at
most once via its best overlap. Higher values indicate
a stronger tendency to mark source-driven oddness as
target-side errors.

across languages), outperforming the other three242

LLM-based annotators. Besides GPT-5.2, Mistral243

generally achieves higher agreement scores than244

GPT-4o-mini and LLaMA-4, with LLaMA-4 typi-245

cally lowest. Further details of the matching proce-246

dure are provided in Appendix A.2: it reports the247

SIM-based agreement (Table 10) and per-language248

Span-F1 for OC and SIM (Table 11), illustrating249

that relative model rankings are stable but abso-250

lute agreement can differ markedly across language251

batches. The low agreement between the LLM an-252

notators and the human reference indicates that253

span boundaries are often chosen differently and254

that annotators may disagree on what should count255

as a translation error in the target text.256

Source-overlap (source-bias) indicator. As257

shown in Table 3, Mistral and LLaMA-4 exhibit the258

highest source-overlap rates, while GPT-5.2 is low-259

est, consistent with a stricter target-only annotation260

tendency. Human annotations are non-zero, reflect-261

ing that some source issues are preserved in the262

translation. Per-language source-overlap rates are263

reported in Appendix A.2 (Table 12), which helps264

contextualize language-dependent differences in265

span agreement. The source-overlap analysis helps 266

explain part of this gap: annotators that frequently 267

mark regions tied to source-side irregularities can 268

disagree with systems that focus more strictly on 269

target-only errors. 270

Qualitative inspection. To contextualize the 271

agreement scores, we performed a manual spot- 272

check of a small number of items across 273

DE/DA/IT/RO. While not exhaustive, the inspec- 274

tion revealed recurring divergence patterns that 275

align with the quantitative results. First, GPT- 276

4o-mini, LLaMA-4 and Mistral sometimes label 277

issues in answer options as Mistranslation even 278

when the translation itself is plausible, especially 279

in multiple-choice settings. Such cases are less 280

frequent in the human reference and GPT-5.2. Sec- 281

ond, both human and LLM annotators occasionally 282

mark source-side ill-formedness (e.g., ungrammati- 283

cal or unintelligible source segments) as target-side 284

translation errors, which is consistent with non- 285

zero source-overlap rates (Appendix A.2, Table 12). 286

Third, we observed occasional data irregularities 287

(e.g., source–target mismatches) that can depress 288

span agreement independently of annotation qual- 289

ity. Finally, we found model-specific tendencies: 290

GPT-5.2 sometimes reverts acceptable human post- 291

edits and may miss subtle meaning nuances (e.g., 292

false friends), whereas GPT-4o-mini can produce 293

comparatively broad spans, making the exact error 294

locus less clear. Overall, these observations suggest 295

that disagreement is driven not only by span bound- 296

ary variation but also by differing judgments about 297

what should count as a target-side translation er- 298

ror, especially in the presence of source anomalies. 299

These findings motivate treating source anomalies 300

as a confounder and reporting agreement both with 301

and without source-linked regions in future work. 302

4 SpanACES-Ref 303

To complement the EU20 study with an exter- 304

nal benchmark that provides gold target-side er- 305

ror spans, we evaluate the same LLM annotators 306

on Span-ACESRef, a cleaned projection of Span- 307

ACES. 308

4.1 Methodology 309

Span-ACESRef construction. A key limitation 310

of SPAN-ACES is that it annotates only the intro- 311

duced error span per item: any additional errors 312

present in the translation remains unlabeled. As 313

a result, span-based annotators that correctly flag 314
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such extra errors are penalized as false positives,315

biasing span-level precision (and thus Span-F1)316

downward. Each item contains a human reference,317

a good translation, and an incorrect translation318

that introduces exactly one targeted phenomenon.319

We construct Span-ACESRef by taking the single320

contentful diff between good and incorrect (case-321

sensitive token diff), projecting it into the human322

reference, and discarding items with multiple diffs323

or ambiguous matches. This projection reduces324

unlabeled noise and yields more reliable span-level325

precision/Span-F1.326

Mapping to MQM categories. For consistency327

with our EU20 annotation setup, we map Span-328

ACES phenomena to MQM types using the ACES329

authors’ released mapping8 and collapse the result-330

ing MQM types into two coarse categories: Accu-331

racy and Fluency/Style. In total, Span-ACESRef332

contains 1,155 Accuracy instances spanning the 20333

EU20 target languages, plus 252 Fluency/Style in-334

stances (German-only). Dataset composition and335

the mapping breakdown are reported in Table 13.336

Dataset validation (human vs. GPT-5.2). To337

sanity-check the transformation pipeline and catch338

projection errors, we manually reviewed a subset339

of 178 Span-ACESRef records obtained by strati-340

fied sampling using a fixed checklist: (i) does the341

projected edit match the original good→incorrect342

change, (ii) is it still the intended error type in the343

reference context, and (iii) does it avoid introduc-344

ing new issues elsewhere? We applied the same345

checklist with GPT-5.2 and compared final ver-346

dicts (pass/fail). The two assessments agree on347

165/178 items (0.93 agreement rate), indicating that348

most cases are straightforward under these criteria349

and that GPT-5.2 can serve as a useful auxiliary sig-350

nal for scalable dataset validation. The remaining351

13 disagreements are mostly borderline cases (e.g.,352

type drift after projection or subtle side effects).353

Span metrics (classic vs. tolerant). We report354

classic span metrics (Span-F1 F1 and Span-Recall355

R) and a tolerant variant (F1t, Rt) that accounts for356

common boundary near-misses (a few extra tokens)357

without using overlap thresholds. Classic matching358

require exact equality between a predicted span and359

the gold span. Tolerant matching is gold-centered:360

a prediction is counted correct if it contains the361

gold span and (optionally) up to k tokens on ei-362

ther side (left/right) of the gold span. We first av-363

8github.com/EdinburghNLP/ACES

erage metrics within each phenomenon and then 364

aggregate per MQM category by two weighting 365

schemes: (i) mean (N) weights each phenomenon 366

by its sample count, and (ii) mean (cap) caps each 367

phenomenon’s weight at C=25 to avoid domina- 368

tion by a few large phenomena. 369

Baseline vs. our prompt. We evaluate two 370

prompting setups on Span-ACESRef: (i) the ini- 371

tial GEMBA-ESA baseline prompt, and (ii) our 372

updated MQM-style prompting (Section 3.1, para- 373

graph “LLM-based Annotation”). Unless stated 374

otherwise, tables report each metric as Base- 375

line/Ours. 376

4.2 Results and Discussion 377

Accuracy. Table 4 reports span localization per- 378

formance on the Accuracy subset. Mistral is 379

strongest overall, and tolerant matching yields large 380

gains for all models, indicating frequent boundary 381

near-misses even when the correct error region is 382

detected. Under mean (N), our updated prompt 383

improves classic F1 for GPT-4o-mini (.10→.21) 384

and Mistral (.24→.34), while LLaMA-4 drops 385

slightly (.13→.10). The classic-to-tolerant gap is 386

particularly large for GPT-4o-mini and LLaMA- 387

4 (e.g., GPT-4o-mini F1t: .33→.48), consistent 388

with spans that are wider or shifted relative to gold 389

boundaries. We interpret the LLaMA-4 drop as a 390

plausible prompt–model sensitivity effect (rather 391

than a causal claim), given that it occurs under both 392

classic and tolerant matching. 393

Fluency/Style. Table 5 shows results on Flu- 394

ency/Style. The absolute scores are higher than 395

for Accuracy, but this subset is German-only and 396

limited to a small set of phenomena. We there- 397

fore interpret it primarily as a controlled diagnostic 398

rather than a cross-lingual benchmark result. Com- 399

pared to the baseline, our prompt yields a large 400

improvement for GPT-4o-mini on this controlled 401

Fluency/Style set (classic F1 .05→.32, mean (N)), 402

while Mistral (.45→.46) and LLaMA-4 (.15→.16) 403

improve only slightly. This pattern mirrors the 404

Accuracy results: prompt refinements help some 405

models substantially, but do not transfer uniformly 406

across architectures. 407

Takeaways. Across models and categories, tol- 408

erant scores (F1t, Rt) are consistently higher than 409

classic scores, indicating frequent boundary near- 410

misses rather than complete detection failures. This 411

matches a common pattern in LLM annotations: 412
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GPT-4o-mini LLaMA-4 Mistral

Aggregation F1 R F1t Rt F1 R F1t Rt F1 R F1t Rt

mean (N) .10/.21 .17/.23 .33/.48 .57/.55 .13/.10 .17/.12 .34/.31 .43/.36 .24/.34 .36/.42 .47/.60 .70/.71
mean (cap) .17/.28 .25/.31 .31/.46 .49/.51 .21/.20 .26/.22 .34/.35 .43/.40 .28/.39 .39/.45 .41/.57 .59/.65

Table 4: Span-ACESRef span localization on the Accuracy subset. Classic matching (Span-F1 F1, Span-Recall R)
requires exact span equality; tolerant matching (F1t, Rt) allows gold-centered boundary slack up to k=3 tokens
per side. Each cell reports Baseline/Ours (initial GEMBA-ESA vs. our updated prompt).

GPT-4o-mini LLaMA-4 Mistral

Aggregation F1 R F1t Rt F1 R F1t Rt F1 R F1t Rt

mean (N) .05/.32 .09/.37 .41/.57 .68/.67 .15/.16 .19/.17 .42/.41 .59/.47 .45/.46 .62/.54 .55/.56 .82/.67
mean (cap) .04/.32 .08/.36 .47/.61 .74/.71 .12/.14 .16/.15 .40/.41 .58/.49 .47/.48 .62/.56 .58/.59 .83/.70

Table 5: Span-ACESRef span localization on the Fluency/Style subset (German-only). Matching and aggregation
follow Table 4. Each cell reports Baseline/Ours.

different systems often point to the same error re-413

gion but choose slightly different span boundaries414

(e.g., broader or shifted spans)415

5 Performance Impact Analysis416

Following the TQE pipeline in Figure 1, we link417

span-level error annotations to whether models418

answer translated instances correctly and analyze419

these associations with logistic regression to assess420

how translation quality relates to downstream LLM421

performance.422

5.1 Methodology423

Data and annotations. For our performance424

analysis, we use MMLU, ARC, and GSM8K from425

the EU20 benchmark suite and annotate target-side426

translation errors with an MQM-inspired prompt-427

ing scheme (Section 3) using four LLM-based an-428

notators: GPT-5.2, GPT-4o-mini, Llama-4, and429

Mistral. To control for issues already present in430

the original English items (e.g., inconsistencies or431

ambiguities that may affect model accuracy inde-432

pendent of translation), we additionally annotate433

the English source for a paired subset of 651 trans-434

lated instances (item–language pairs) using GPT-435

5.2. Together with the corresponding target-side436

annotations, this paired subset enables a direct com-437

parison of source-side issues (S) versus translation-438

induced errors (T ). For the performance-impact re-439

gressions, we exclude HellaSwag and TruthfulQA:440

in HellaSwag, many “odd” endings are intention-441

ally constructed distractors (task design rather than442

source noise), which would blur the interpretation443

of S, and for TruthfulQA we could not reliably444

derive binary correctness labels from the released445

Statistic MMLU GSM8K ARC Total

Npair 237 215 199 651
Nobs 1896 1505 1592 4993

y=1 1127 847 966 2940
y=0 769 658 626 2053
yEN=1 1373 1017 1255 3645
yEN=0 523 488 337 1348

SET=∅ 814 673 722 2209
SET6=∅ 134 187 74 395
TET=∅ 472 347 478 1297
TET6=∅ 476 513 318 1307

Table 6: Dataset statistics for the regression dataset
(HellaSwag and TruthfulQA excluded). Npair counts
unique (sample, target-language) pairs and Nobs trans-
lated instances across evaluation models. y and yEN are
translated vs. English correctness (counts over Nobs).
SET/TET indicate empty vs. non-empty annotated er-
ror lists. These counts are over (pair, annotator) records
(i.e., 4×Npair).

evaluation logs. Dataset statistics are provided in 446

Table 6. 447

Model evaluation. We evaluate eight instruction- 448

tuned multilingual LLMs (Appendix C.1, Table 14) 449

using a modified version of EleutherAI’s LM Eval- 450

uation Harness9 and record a binary outcome (cor- 451

rect/incorrect) for each item in English and in each 452

translated variant. 453

Analysis dataset. We merge per-instance correct- 454

ness with the corresponding span-level error anno- 455

tations to construct an analysis dataset that links (i) 456

the presence of source-side issues and/or transla- 457

tion errors to (ii) each evaluated LLM’s correctness 458

9github.com/EleutherAI/lm-evaluation-harness
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on the English original and its translated variants.459

We analyze this dataset with logistic regression, fo-460

cusing on the paired-annotation subset when com-461

paring translation errors against source-side issues.462

Regression setup. We use logistic regression to463

estimate how the presence of translation errors (T )464

and source-side issues (S) predicts correctness on465

translated items, while controlling for whether the466

model solves the English original and for system-467

atic differences across languages, datasets, and468

evaluation models. A key property of our data is469

that for each underlying item and evaluation model470

we observe both (i) performance on the English471

original and (ii) performance on its EU20 transla-472

tions, enabling a clean separation between English-473

level ability and translation-associated failures.474

Instances and variables. Our unit of analysis is475

a translated instance: we record whether evalua-476

tion model m answers an item in target language477

` correctly (y ∈ {0, 1}; English excluded). For478

the same item and model, we record whether the479

English original is answered correctly, denoted480

yEN ∈ {0, 1}. From the span-level annotations,481

we derive two binary indicators: T = 1 if the trans-482

lation contains at least one annotated target-side483

error (annotator-specific), and S = 1 if at least one484

issue was annotated in the English source. Since S485

refers to the English original, it is shared across all486

translations of the same item.487

Specifications. We fit logistic regressions with488

fixed effects for target language, dataset, and evalu-489

ation model, denoted by C.490

(A) Full model with English control. This spec-491

ification asks: How strongly are translation errors492

associated with lower accuracy after controlling493

for whether the model solves the English original?494

Pr(y = 1) = σ
(
βTT+βSS+βENyEN+C

)
. (1)495

(B) Only items solved in English. Estimated496

on the subset with yEN = 1, this specification497

asks: Among items the model answers correctly in498

English, how are translation errors (T ) and source499

issues (S) associated with accuracy in translation?500

Pr(y = 1) = σ
(
βTT + βSS + C

)
. (2)501

Ablations (omit S). To assess sensitivity to502

omitted-variable bias, we refit (A) and (B) without503

S. If translation errors correlate with source-side504

issues that also depress accuracy, omitting S can505

make the estimated translation-error association506

more negative.507

Spec. AME(T ) AME(S)

GPT-4o A -6.74 [-10.44, -3.17] -3.50 [-7.46, 0.61]
A¬S -6.99 [-10.62, -3.22] –
B -9.64 [-14.05, -5.49] -4.34 [-8.75, 0.19]
B¬S -10.01 [-14.52, -5.86] –

GPT-5.2 A -6.76 [-10.61, -3.11] -3.54 [-7.47, 0.57]
A¬S -7.01 [-10.80, -3.26] –
B -8.98 [-13.35, -4.93] -4.64 [-9.19, -0.10]
B¬S -9.26 [-13.46, -5.03] –

LLaMA-4 A -7.51 [-12.47, -2.70] -3.47 [-7.56, 0.62]
A¬S -7.83 [-12.50, -3.33] –
B -10.71 [-16.56, -4.91] -4.15 [-8.66, 0.42]
B¬S -11.23 [-17.10, -5.57] –

Mistral A -5.59 [-9.50, -1.69] -3.69 [-7.66, 0.44]
A¬S -5.82 [-9.47, -2.04] –
B -6.12 [-10.30, -1.86] -4.74 [-9.29, -0.20]
B¬S -6.48 [-10.74, -2.18] –

Table 7: Average marginal effects (AMEs; probability
points) of target-side translation errors T and source-
side issues S on correctness in translation. Spec. A: full
model with English correctness control yEN . Spec. B:
subset with yEN=1. A¬S and B¬S omit S. All models
include fixed effects for target language, dataset, and
evaluation model. 95% CIs from block bootstrap over
items (A: 4993 translated instances / 626 items; B: 3645
/ 598).

Effect reporting and uncertainty. For each tar- 508

get annotator and specification, we report average 509

marginal effects (AMEs) of T and S in probability 510

points (more interpretable than log-odds). We com- 511

pute confidence intervals using a block bootstrap 512

over underlying items: we resample items with 513

replacement, include all associated rows (across 514

target languages and evaluation models) for each 515

resampled item, refit the model, and take percentile 516

intervals from the bootstrap distribution. 517

5.2 Results and Discussion 518

Table 7 answers our main questions about how 519

translation quality relates to downstream accuracy. 520

Across all four annotators, target-side translation 521

errors (T ) are consistently associated with lower 522

correctness in translation, even when controlling 523

for source-side issues (S), English correctness, and 524

fixed effects. In the full model with an English con- 525

trol (Spec. A), AME(T ) ranges from -5.59 to -7.51 526

pp and all 95% bootstrap CIs lie entirely below zero. 527

Conditioning on items solved in English (Spec. B; 528

yEN=1) yields larger drops, with AME(T ) be- 529

tween -6.12 and -10.71 pp, again with CIs fully 530

below zero. Together, A and B provide complemen- 531

tary evidence that translation errors are associated 532

with accuracy losses and that these losses persist 533
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even when the underlying item is solvable in En-534

glish.535

Source-side issues (S) are directionally negative536

but weaker and less stable. In Spec. A, AME(S)537

is around -3.5 pp, yet CIs generally overlap zero,538

consistent with yEN absorbing much of the item539

difficulty signal. In Spec. B, AME(S) is larger (-540

4.1 to -4.7 pp) and becomes significant for some541

annotators (e.g., GPT-5.2, Mistral), suggesting that542

source anomalies can additionally depress trans-543

lated performance once we restrict to “English-544

solvable” items. Omitting S changes AME(T )545

only marginally (typically about -0.2 to -0.5 pp,546

e.g., GPT-5.2: -6.76 to -7.01 in A, -8.98 to -9.26547

in B). Thus, T is not simply acting as a proxy for548

S. Logit coefficients and odds ratios mirror these549

patterns (Appendix Tables 16 and 15), with OR(T )550

consistently below 1 (roughly .65–.72 in A and551

.54–.69 in B).552

Practical impact. Table 7 reports effects in prob-553

ability points (pp), which are directly interpretable554

as accuracy drops. Across annotators, a transla-555

tion with at least one annotated error (T=1) is less556

likely to be answered correctly by about 6-8 pp in557

the full model (Spec. A) and by about 6-11 pp when558

we restrict to items solved in English (Spec. B;559

yEN=1). That is, translation errors are associated560

with a noticeable loss in measured accuracy, even561

when the underlying item is solvable in English.562

To translate these per-item drops into an over-563

all impact, we can scale by how often T=1 oc-564

curs. A simple approximation is: overall loss565

≈ Pr(T=1) × |AME(T )|. With GPT-5.2 anno-566

tations, T=1 occurs in 63% of cases. Combined567

with AME(T )=-6.76 pp (Spec. A), this implies568

roughly 4.3 pp lower overall accuracy attributable569

to translation errors. With LLaMA-4 annotations,570

T=1 occurs in 24% of cases. With AME(T )=-571

7.51 pp (Spec. A), the implied loss is about 1.8 pp.572

In the English-correct subset (Spec. B), the same573

calculation yields larger impacts (e.g., GPT-5.2:574

62%×8.98 pp ≈ 5.6 pp).575

For intuition, every additional 10% of items that576

contain a translation error corresponds to about577

|AME(T )|/10 points of accuracy loss. In our578

results, this is roughly 0.6–0.8 pp per 10% in579

Spec. A and 0.6–1.1 pp per 10% in Spec. B. These580

calculations are meant as a readable approximation.581

They ignore overlap between T and source-side582

issues S, beyond what is already accounted for by583

the regression controls.584

6 Conclusion 585

We analyze how translation noise in machine- 586

translated benchmarks affects multilingual LLM 587

evaluation by combining span-level MQM-style er- 588

ror annotation with performance modeling. On an 589

EU20 subset with a professional human reference 590

(225 items, nine target languages), GPT-5.2 shows 591

the highest agreement with humans (mean span- 592

level F1 = 0.55 under position-overlap matching), 593

but disagreement remains common due to span- 594

boundary variation and differing views of what 595

counts as a target-side error. We further evaluate 596

span localization on Span-ACESRef (1,407 items), 597

which provides gold target-side error spans for 598

controlled comparisons: tolerant span metrics are 599

much higher than classic ones, suggesting many 600

residual errors are boundary near-misses. Finally, 601

in regressions with English controls and explicit 602

source-side issue indicators, target-side translation 603

errors are robustly associated with lower translated 604

accuracy (about 6–8 pp in the full model and 6–11 605

pp when restricting to items solved in English), 606

while source-side issues have smaller and less sta- 607

ble effects. Overall, translation-aware audits and 608

source controls are needed to make multilingual 609

benchmark scores more interpretable and compara- 610

ble. 611

7 Future Work 612

We see several directions for future work. First, 613

expanding beyond coarse MQM groupings to finer- 614

grained error types and multi-span phenomena 615

could improve diagnostic power and support more 616

targeted benchmark cleanup. Second, developing 617

and standardizing boundary-robust span evalua- 618

tion (and prompting strategies that encourage mini- 619

mal, well-aligned spans) may reduce apparent dis- 620

agreement that is driven mainly by span placement. 621

Third, scaling dataset quality control by combining 622

human checks with reliable LLM-assisted valida- 623

tion, and extending source-side anomaly annotation 624

beyond small subsets, would enable translation- 625

aware benchmark releases with clearer guarantees 626

about both source and target quality. 627

Limitations 628

First, high-quality span-annotated references re- 629

main scarce, particularly for lower-resource lan- 630

guages and for fine-grained MQM error inventories; 631

our EU20 human reference covers nine target lan- 632

guages and a limited sample size (225 items), and 633
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Span-ACESRef covers controlled phenomena rather634

than naturally occurring error distributions. Sec-635

ond, span-level MQM annotation has no widely ac-636

cepted cross-lingual gold standard, and expert anno-637

tation is costly; while we validate parts of our setup638

(human reference checks and a Span-ACESRef val-639

idation subset), residual subjectivity in span bound-640

aries and in what counts as a target-side error is641

unavoidable. Third, our performance-impact anal-642

ysis is correlational: although we control for En-643

glish correctness, fixed effects, and source-side is-644

sues, unobserved confounders and model/specifica-645

tion choices can still affect effect sizes, and some646

signals (especially source-side issues) are sparse647

and therefore estimated with greater uncertainty.648

Fourth, automatic annotation quality depends on649

the chosen LLMs and prompts; we mitigate this650

by comparing multiple LLM annotators and report-651

ing agreement/robustness analyses, but conclusions652

about “best” annotators may not transfer to other653

models, prompting styles, or annotation interfaces.654

Finally, our results reflect a specific selection of655

benchmarks (EU20 tasks), MT system, target lan-656

guages, and evaluated LLMs; translation artifacts657

and their downstream impact may differ in other658

domains, genres, or translation pipelines.659
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A Appendix: MQM Annotation868

A.1 Annotation Guide and Interface869

This subsection summarizes the manual protocol870

used to create our human reference and documents871

the annotation interface. Our guidelines are based872

on the Multidimensional Quality Metrics (MQM)873

framework,10 using a reduced, task-focused typol-874

ogy. Concretely, we group error labels into two875

high-level dimensions—Accuracy (semantic faith-876

fulness) and Fluency/Style (well-formedness and877

naturalness)—and annotate errors as spans. For878

each error, annotators highlight the erroneous span879

in the target translation and, where applicable, the880

corresponding source span to support span-level881

alignment analyses. We treat Addition and Omis-882

sion as asymmetric cases: Addition is annotated883

only on the target side (no source span), whereas884

Omission is annotated only on the source side (no885

target span).886

Label Description

Addition Adds content not supported by source
Omission Drops source content
Mistranslation Meaning is changed or incorrect
Under-translation Meaning is too vague; nuance is lost
Over-translation Adds unwarranted specificity or detail
Reordering Changes attachment or meaning
Untranslated Leaves a source fragment untranslated
Wrong language Uses tokens from unintended language
Do-not-translate Content that should remain unchanged

Table 8: Reduced MQM label set for Accuracy errors
used in manual annotation.

Label Description

Grammar Grammatical error (agreement, tense, case)
Spelling Spelling or character error
Punctuation Punctuation error affecting readability
Inconsistent Inconsistent terminology or naming
Awkward Unnatural or non-idiomatic phrasing
Unintelligible Output is not reliably interpretable

Table 9: Reduced MQM label set for Fluency/Style
errors used in manual annotation.

Annotators assign one of two severity levels to887

each annotated span. Major errors change mean-888

ing, can mislead, or substantially harm understand-889

ing/faithfulness, whereas Minor errors largely pre-890

serve meaning and primarily affect fluency/style891

or constitute a limited local defect. If no label fits892

or annotators are uncertain, they mark the span as893

Other/Unknown (used sparingly).894

10https://themqm.org/the-mqm-full-typology/

Figure 2 and Figure 3 illustrate the Argilla-based 895

interface and the annotation workflow. Concretely, 896

annotators proceeded as follows: 897

1. Decide whether the translation is error-free 898

(Yes/No/Unsure). 899

2. If errors are present, mark erroneous target 900

spans and assign an MQM label and severity. 901

3. Mark corresponding source spans where appli- 902

cable; Addition is annotated only on the target 903

side, whereas Omission is annotated only on 904

the source side. 905

4. Provide a minimally post-edited corrected 906

translation. 907

5. Answer a control question indicating whether 908

all important errors were captured. 909

6. Optionally add comments for clarification. 910

12
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Figure 2: Argilla interface for span-based MQM annotation: target span highlighting, label selection, severity
assignment, and source–target span alignment.

Figure 3: Argilla interface for post-editing and metadata: corrected translation field, completeness control question,
and optional global comments.
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A.2 Metrics and Matching911

We compare span sets using (i) a position-based912

overlap coefficient (OC) computed from target char-913

acter offsets, and (ii) a string-based similarity met-914

ric (SIM) defined as raw character 3-gram Dice915

similarity, without text normalization. Offsets are916

validated against the raw target string. If missing917

or inconsistent, we attempt to recover them via ex-918

act substring search and leave offsets missing in919

ambiguous cases.920

For OC-based matching, a gold span and a pre-921

dicted span are matchable if OC ≥ 0.8, where OC922

is the intersection length divided by the minimum923

span length. OC matching requires valid target924

offsets. Spans without offsets cannot be matched925

and contribute to FP/FN. For SIM-based matching,926

we compute raw 3-gram Dice and apply threshold927

SIM ≥ 0.6 on spans deduplicated by exact target-928

span text on both sides.929

To compute precision/recall/F1, we perform930

greedy one-to-one matching: all matchable span931

pairs are sorted by score (descending) and selected932

if neither span has been matched before. For each933

comparison, we aggregate TP/FP/FN across sam-934

ples to obtain micro-precision, micro-recall, and935

micro-F1.936

Comparison SIM Recall SIM F1

Human vs GPT-5.2 .38 .45 (.30–.78)
Human vs Mistral .14 .17 (.10–.26)
Human vs GPT-4o-mini .11 .15 (.09–.25)
Human vs LLaMA-4 .06 .10 (.02–.19)
GPT-5.2 vs Mistral .16 .17 (.09–.24)
GPT-5.2 vs GPT-4o-mini .15 .21 (.11–.30)
GPT-5.2 vsLLaMA-4 .09 .12 (.03–.19)

Table 10: Span-level agreement based on string sim-
ilarity (SIM) averaged over nine languages (25 items
each). We report mean Span-Recall and Span-F1 across
languages. Parentheses denote the min–max Span-F1
over languages. SIM uses raw character 3-gram Dice
with threshold 0.6 and greedy one-to-one matching on
spans deduplicated by exact target-span text.

Lang Metric GPT-5.2 vs Human vs

G4o L4 Mis G4o L4 Mis GPT-5.2

DA OC .23 .17 .25 .12 .13 .19 .48
DE OC .16 .14 .19 .16 .13 .20 .61
ET OC .20 .20 .24 .14 .14 .20 .57
FR OC .17 .12 .24 .10 .09 .19 .34
HU OC .28 .23 .28 .15 .12 .22 .44
IT OC .21 .18 .36 .16 .14 .29 .53
LT OC .23 .05 .18 .16 .04 .25 .49
RO OC .09 .18 .25 .08 .14 .21 .68
SL OC .30 .26 .31 .25 .23 .32 .78

DA SIM .23 .08 .10 .09 .08 .15 .30
DE SIM .14 .12 .19 .16 .10 .14 .39
ET SIM .20 .13 .13 .19 .09 .15 .44
FR SIM .18 .13 .19 .09 .06 .10 .34
HU SIM .16 .14 .20 .10 .10 .18 .49
IT SIM .20 .12 .24 .18 .10 .25 .51
LT SIM .23 .03 .11 .16 .02 .26 .39
RO SIM .11 .17 .12 .09 .09 .12 .42
SL SIM .30 .19 .24 .25 .19 .22 .78

Table 11: Span-F1 by language for OC and SIM. G4o =
GPT-4o-mini, L4 = LLaMA-4, Mis = Mistral.

Lang G4o L4 Mis GPT-5.2 Human

DA .00 .07 .10 .00 .04
DE .17 .09 .20 .06 .13
ET .09 .09 .18 .04 .05
FR .10 .17 .09 .07 .07
HU .25 .15 .14 .09 .04
IT .15 .22 .18 .13 .13
LT .00 .06 .15 .04 .09
RO .04 .07 .12 .03 .07
SL .14 .29 .09 .12 .11

Table 12: Source-overlap rate by language (Span-Recall-
style micro aggregation): fraction of target error spans
(with valid offsets) that overlap target regions linked
to GPT-5.2 source-anomaly annotations (OC threshold
0.8).
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B Appendix: RefSpanACES937
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Samples Lang. MQM-Error-Type Span-ACES-Phenomena

Category: Accuracy

470 DE mistranslation pleonastic_it:substitution
180 DE mistranslation coreference-based-on-commonsense

55 DE mistranslation overly-literal-vs-ref-word
42 FR mistranslation coreference-based-on-commonsense
32 DE mistranslation overly-literal-vs-explanation
25 RO mistranslation hallucination-date-time
18 DA mistranslation hallucination-date-time
18 ES mistranslation hallucination-date-time
17 DE mistranslation overly-literal-vs-synonym
16 DE mistranslation hallucination-date-time
16 FR mistranslation hallucination-date-time
16 HU mistranslation hallucination-date-time
16 SV mistranslation hallucination-date-time
15 PT mistranslation hallucination-date-time
13 SL mistranslation hallucination-date-time
11 DE mistranslation real-world-knowledge-hypernym-vs-distractor
10 DE mistranslation real-world-knowledge-entailment
10 NL mistranslation hallucination-date-time

9 DE mistranslation real-world-knowledge-synonym-vs-antonym
9 ET mistranslation hallucination-date-time
8 SK mistranslation hallucination-date-time
5 PL mistranslation hallucination-date-time
1 DE mistranslation ordering-mismatch
1 LT mistranslation hallucination-date-time

105 DE untranslated untranslated-vs-ref-word
71 DE no-translate do-not-translate
31 DE untranslated untranslated-vs-synonym

7 CS addition addition
7 FR addition addition
7 NL addition addition
6 DE addition addition
6 PT addition addition
5 SK addition addition
5 SL addition addition
4 BG addition addition
4 DA addition addition
4 RO addition addition
4 SV addition addition
3 LT addition addition
3 LV addition addition
2 EL addition addition
2 ES addition addition
2 HU addition addition
2 IT addition addition
1 ET addition addition
1 FI addition addition

1641 20 4 14

Category: Fluency

123 DE grammar anaphoric_intra_non-subject_it:substitution
103 DE grammar anaphoric_intra_subject_it:substitution

85 DE grammar anaphoric_intra_they:substitution
35 DE grammar anaphoric_group_it-they:substitution

346 1 1 4

Table 13: Span-ACESRef statistics grouped by MQM error categories (Accuracy and Fluency) comprising unfil-
tered 1641 annotated instances. Each row lists per-language sample counts and the corresponding Span-ACES
phenomenon. For each block, Totals report: total samples in the block, number of distinct languages represented,
number of distinct MQM types in the block, and number of distinct Span-ACES phenomena.
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C Appendix: Performance Analysis938

C.1 Models939

Model Name / HF Link #Params

Aya 32.3B
Command-A 111B
Gemma 27.4B
Mistral 24B
Pharia 7.0B
Phi 5.6B
Qwen 32.8B
Salamandra 7.8B

Table 14: Model Overview.

C.2 Regression Analysis940

Annotator Spec. coef(T ) coef(S)

GPT-4o A -.40 [-.62, -.19] -.21 [-.45, .04]
A¬S -.41 [-.64, -.20] –
B -.58 [-.84, -.34] -.27 [-.55, .01]
B¬S -.60 [-.86, -.36] –

GPT-5.2 A -.41 [-.64, -.19] -.21 [-.45, .03]
A¬S -.42 [-.66, -.20] –
B -.56 [-.86, -.31] -.28 [-.57, -.01]
B¬S -.57 [-.86, -.31] –

LLaMA-4 A -.44 [-.72, -.16] -.21 [-.45, .04]
A¬S -.45 [-.73, -.20] –
B -.61 [-.95, -.29] -.25 [-.54, .03]
B¬S -.64 [-.97, -.34] –

Mistral A -.33 [-.58, -.10] -.22 [-.47, .03]
A¬S -.35 [-.58, -.12] –
B -.38 [-.66, -.12] -.29 [-.58, -.01]
B¬S -.40 [-.69, -.13] –

Table 15: Logit coefficients (log-odds) for translation
errors T and source-side issues S with 95% bootstrap
CIs. Spec. A includes English correctness yEN . Spec.
B restricts to yEN=1. A¬S /B¬S omit S. All models
include fixed effects for target language, dataset, and
evaluation model.

Annotator Spec. OR(T ) OR(S)

GPT-4o A .67 [.54, .83] .81 [.64, 1.04]
A¬S .66 [.53, .82] –
B .56 [.43, .71] .77 [.58, 1.01]
B¬S .55 [.42, .70] –

GPT-5.2 A .67 [.53, .83] .81 [.64, 1.03]
A¬S .66 [.52, .82] –
B .57 [.43, .74] .75 [.56, .99]
B¬S .56 [.43, .73] –

LLaMA-4 A .65 [.49, .85] .81 [.63, 1.04]
A¬S .63 [.48, .82] –
B .54 [.39, .75] .78 [.58, 1.03]
B¬S .53 [.38, .71] –

Mistral A .72 [.56, .90] .80 [.63, 1.03]
A¬S .71 [.56, .88] –
B .69 [.52, .89] .75 [.56, .99]
B¬S .67 [.50, .88] –

Table 16: Odds ratios (OR) for translation errors T and
source-side issues S with 95% bootstrap CIs. Spec. A
includes English correctness yEN . Spec. B restricts to
yEN=1. A¬S /B¬S omit S. All models include fixed ef-
fects for target language, dataset, and evaluation model.
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