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Abstract
Over the years, scalar MT metrics have ad-001
vanced rapidly on benchmarks. Yet they re-002
main black boxes, offering little insight into003
their decisions and sometimes degrading un-004
der out-of-distribution inputs. We introduce005
Remedy-R, a reasoning-driven generative MT006
metric trained with reinforcement learning007
from pairwise translation preferences, with-008
out requiring error-span annotations or distil-009
lation from closed LLMs. Unlike scalar MT010
metrics that only outputs translation quality011
scores, Remedy-R produces step-by-step anal-012
yses of accuracy, fluency, and completeness,013
enabling more interpretable assessments. With014
only 60K pairwise training samples across two015
language pairs, Remedy-R remains competitive016
with top scalar metrics and GPT-4-based judges017
on WMT22–24 metric benchmarks, generalizes018
to other languages, and shows strong robust-019
ness on OOD stress tests. Moreover, Remedy-020
R generates self-reflective feedback that can021
be reused for translation refinement. We val-022
idate the faithfulness of such feedback with023
GPT-4 and show that a simple evaluate–revise024
pipeline leveraging Remedy-R’s analyses con-025
sistently improves translation quality across di-026
verse models without any task-specific tuning.1027

1 Introduction028

Recent neural machine translation (MT) evaluation029

metrics like xCOMET (Guerreiro et al., 2024), Met-030

ricX (Juraska et al., 2024), and Remedy (Tan and031

Monz, 2025) achieve strong correlations with hu-032

man preferences, and in some settings even report033

agreement that exceeds expert annotators (Proietti034

et al., 2025). Yet, they remain black boxes, produc-035

ing a single scalar score with little insight into why036

a translation is good or bad.037

This opacity matters because translation quality038

is multi-dimensional, involving criteria like accu-039

racy, fluency, and completeness. A single number040

1https://anonymous.4open.science/r/
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does not reveal which dimension drives the judg- 041

ment, and it also complicates robustness: without 042

explicit decision-making process, metrics may ex- 043

ploit spurious cues learned during training and de- 044

grade under out-of-distribution (OOD) inputs such 045

as source copy and input perturbations (Lo et al., 046

2023; Knowles et al., 2024; Moghe et al., 2025). 047

As a result, existing MT metrics are powerful but 048

hard to interpret and diagnose. 049

Recent work has attempted to enhance inter- 050

pretability through translation error-span predic- 051

tion, highlighting words or phrases that contribute 052

to errors (Guerreiro et al., 2024; Treviso et al., 053

2024). Despite low overlap with human-annotated 054

spans, such predictions are inherently local. In par- 055

ticular, span-based feedback struggles with omis- 056

sions, discourse-level issues, and sentence-level 057

phenomena not well captured by span annotations 058

(e.g., translations in wrong or mixed languages): a 059

translation may have few or no highlighted spans 060

yet still be inadequate overall. 061

Another direction uses LLMs-as-judges to 062

perform multi-dimensional assessment like 063

MQM (Freitag et al., 2021). However, many 064

LLMs-as-judges approaches still reduce the 065

analysis to a final quality score (Kocmi and 066

Federmann, 2023b; Fernandes et al., 2023; Qian 067

et al., 2024), and existing works often rely on 068

closed commercial LLMs (Lu et al., 2024; Kocmi 069

and Federmann, 2023a; Zhang et al., 2025; Feng 070

et al., 2025b), while open models struggle to match 071

them (Lu et al., 2025). This raises a key question: 072

how can we train an open, reasoning-based MT 073

metric that produces informative analyses and 074

aligns with human preferences, without expensive 075

error annotations? 076

We introduce Remedy-R, a generative MT metric 077

that produces step-by-step analyses along three di- 078

mensions (accuracy, fluency, completeness) and 079

a final score. Inspired by recent pairwise pref- 080

erence framework in Remedy (Tan and Monz, 081
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Remedy-R ref-free Evaluation Example

Source: Even if I’m not in the income level that would pay more taxes, I can still buy fewer things that are more expensive
so that they can be made by people making a living wage and I can be willing to wait a few days to get it so that some gig
worker doesn’t have to be worked to the bone...

Translation: Sogar wenn ich nicht in der Einkommensklasse bin, in der mehr Steuern gezahlt werden, kann ich immer
noch weniger teure Dinge kaufen, sodass sie von Menschen hergestellt werden können, die maßgeblich dazu beitragen,
und ich bin bereit, ein paar Tage zu warten, bevor der Arbeitslohn abläuft. . .

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step:

• Accuracy
– "sodass sie von Menschen hergestellt werden können, die maßgeblich dazu beitragen" is not clear and does not

accurately reflect the original meaning. The original text states that the products should be made by people who are
paid a living wage, but the translation does not convey this clearly.

– "bevor der Arbeitslohn abläuft" is incorrect and does not make sense in this context. The original text states "so
that some gig worker doesn’t have to be worked to the bone" which means the gig worker is not overworked. The
translation should reflect this meaning.

• Fluency
– The sentence structure is somewhat complex and could be clearer.
– There are some awkward phrasings, such as "in der Einkommensklasse bin, in der mehr Steuern gezahlt werden,"

which could be simplified.
– The use of "maßgeblich dazu beitragen" is not clear and does not fit the context.

• Completeness
– The original text also states that the speaker is willing to wait a few days to get the product so that a gig worker

doesn’t have to be overworked. This part is also not clearly conveyed in the translation.

#### Score: 65.

2025), Remedy-R is trained with Reinforcement082

Learning via Verifiable Rewards (RLVR) from083

pairwise human preferences. Specifically, we de-084

fine a deterministic reward that checks whether085

the model-implied preference (from parsed final086

scores) matches the human preference label, and087

optimize Remedy-R with PPO (Schulman et al.,088

2017) to maximize verifiable rewards. Unlike089

xTower, which depends on GPT-4 distillation and090

supervised learning with error spans (Treviso et al.,091

2024), Remedy-R trains directly with RLVR on092

MT preference data, without requiring error-span093

annotations, distillation, or SFT cold-start.094

We assess whether Remedy-R’s analyses are095

faithful and practically useful in two complemen-096

tary ways. First, we validate explanation faith-097

fulness with GPT-4o-mini (§5.1). Second, we in-098

troduce Remedy-R Agent, a simple training-free099

evaluate–revise loop that reuses Remedy-R’s anal-100

yses as feedback to refine translations (§5). De-101

spite never being trained for refinement, the agent102

consistently improves translation quality across di-103

verse models (Qwen2.5 (Yang et al., 2024), ALMA-104

R (Xu et al., 2024b), GPT-4o-mini (Achiam et al.,105

2023), and Gemini-2.0-Flash) and generalizes to106

11 language pairs beyond its two training language107

pairs. Our contributions are: 108

• We propose Remedy-R, a generative MT evalu- 109

ator that produces step-by-step analyses and a 110

final score, trained directly via RLVR without 111

error span annotation or distillation. 112

• Remedy-R achieves competitive performance 113

on WMT22–24 meta-evaluation with only 114

60K training pairs from two language pairs, 115

and exhibits strong OOD behavior. 116

• Remedy-R Agent, as a training-free frame- 117

work, improves translations across diverse 118

model families, and maintains cross-lingual 119

generalization beyond its training languages. 120

2 Method 121

2.1 Task Formulation 122

We revisit MT evaluation as follows. Given a 123

source sentence src, a translation mt , and an op- 124

tional reference ref ∗ (with ref ∗ = ∅ in reference- 125

free settings), a metric M outputs a scalar qual- 126

ity score. Conventional learned metrics directly 127

map (src,mt , ref ∗) to a single number, which lim- 128

its interpretability and reusability for downstream 129

refinement. In Remedy-R, we formulate MT eval- 130

uation as conditional text generation guided by 131

2



an instruction that specifies the task and criteria,132

namely accuracy, fluency, and completeness. The133

model follows a reason then score protocol: it first134

writes a short analysis and then outputs a numeric135

score that we can parse for evaluation. Here, let the136

input be:137

x = ⟨inst , src, mt , ref ∗⟩.138

where the instruction inst specifies the evaluation139

task and criteria (e.g., accuracy, fluency, complete-140

ness). The model produces an output sequence y in141

a reason-then-score format: a step-by-step reason-142

ing analysis and a final numeric score in [0, 100].143

We parameterize a conditional policy πθ(y | x)144

and generate autoregressively:145

πθ(y | x) =
T∏
t=1

πθ
(
yt | x, y<t

)
. (1)146

Here T denotes the output length. The final score147

in the output is directly parsed for evaluation and148

will support the verifiable rewards used in §2.2.149

2.2 Remedy-R Reward Design150

We optimize Remedy-R with reinforcement learn-151

ing using a simple, fully verifiable reward aligned152

with human judgments. The reward combines (i)153

a sparse pairwise ranking signal that matches the154

model-implied preference to the human preference155

label, and (ii) a reward shaping term that encour-156

ages predicted scores to be close to human scores,157

turning the sparse signal into a richer, continuous158

one. We maximize the expected reward with PPO;159

training details are in §2.3 (and Appendix A.1).160

2.2.1 Pairwise ranking reward.161

For each source sentence, we have two translations162

mtA,mtB with human scores gA, gB ∈ [0, 100].163

We define the human preference label by compar-164

ing gA and gB and exclude ties (gA = gB). We165

instruct the model to produce a reasoning COTs166

path and two final quality scores sA, sB ∈ [0, 100]167

in a fixed format (see the training template below).168

Instead of predicting a ranking label directly, we169

ask the model to evaluate A and B independently170

and to assign scores to each; this enables single seg-171

ment evaluation at inference time without quadratic172

pairwise comparisons. We randomize the order of173

A/B during training to reduce position bias (Sproat174

et al., 2025).175

The pairwise ranking reward then checks176

whether the model’s predicted ranking matches the177

human ranking: 178

rrank =

{
1, if model and human rankings agree,
0, otherwise.

(2) 179

This ranking reward is sparse and binary, but fully 180

verifiable because it depends only on parsed rank- 181

ings and human labels. If the score block cannot be 182

parsed or falls outside the valid range, the reward 183

is zero, and ties are treated as zero reward as well. 184

2.2.2 Reward shaping. 185

The pairwise ranking reward encourages correct 186

relative preferences, but it does not calibrate score 187

magnitudes: many score pairs can yield the same 188

ranking and thus the same rrank. For instance, if 189

the model outputs (sA, sB) = (100, 99) and the 190

human scores are (gA, gB) = (100, 0), both cases 191

receive rrank = 1. This is undesirable because we 192

ultimately want Remedy-R’s numeric scores to be 193

meaningful and comparable across translations and 194

systems, rather than only producing correct order- 195

ings. To provide a denser learning signal while 196

remaining robust to noisy human scores, we add 197

a calibration term that penalizes the deviation be- 198

tween predicted scores and human scores. 199

Specifically, let eA = sA−gA and eB = sB−gB . 200

We adopt a Huber-style penalty: 201

ρc(e) =

{
1
2
e2

c , |e| ≤ c,

|e| − 1
2c, |e| > c,

(3) 202

where c defines a tolerance region (we set c=5 for 203

all experiments). The Huber form penalizes small 204

errors smoothly while being less sensitive to large 205

outliers, which is helpful given annotator noise and 206

near-tie cases (Freitag et al., 2021; Tan and Monz, 207

2025). We normalize and average the penalties to 208

obtain 209

ψ =
1

2

(
ρc(eA)

c
+
ρc(eB)

c

)
. (4) 210

The final shaped reward is 211

r = rrank ·
(
1− β ψ

)
, (5) 212

where β controls shaping strength. We apply shap- 213

ing only when the ranking is correct (through mul- 214

tiplication by rrank), preserving strict verifiability 215

while improving score calibration. Appendix A.2 216

presents an ablation study on reward shaping. We 217

also tested an auxiliary explanation-quality penalty 218

using genRM, which provided only marginal gains. 219

Accordingly, we adopt the ranking reward with 220

Huber shaping for all main results. 221
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2.3 RLVR Training with PPO222

We train Remedy-R with RLVR using the verifi-223

able reward defined in §2.2. Given an input trans-224

lation pair, the model generates analyses and final225

scores in a fixed format; we parse the score block226

and compute a terminal scalar reward based on (i)227

agreement with the human pairwise preference and228

(ii) Huber-based score calibration.229

We optimize the policy with Proximal Policy Op-230

timization (PPO) (Schulman et al., 2017), using a231

KL penalty to a frozen reference model to stabilize232

updates and avoid reward over-optimization. Since233

rewards are terminal, we estimate token-level ad-234

vantages with Generalized Advantage Estimation235

(GAE) and set λ = 1 following recent practice (Hu236

et al., 2025). Full objectives and training details237

are provided in Appendix A.1.238

3 Experimental Setup239

This section describes our training data, evaluation240

benchmarks, baselines, and implementation details.241

3.1 Training Data242

We train Remedy-R on WMT20 MQM (Mathur243

et al., 2020), constructing pairwise preferences244

from scalar scores without error-span annotations.245

MQM is expert-annotated and typically more246

reliable than crowd-sourced Direct Assessment247

(DA) (Freitag et al., 2021). In a preliminary exper-248

iment, we augmented training with an additional249

120K DA preference pairs but observed no clear250

gains, suggesting that preference quality matters251

more than quantity. After constructing pairwise252

preferences from human scores, we obtain around253

60K training pairs covering English–German and254

Chinese–English.255

3.2 Meta Evaluation Benchmarks256

We evaluate Remedy-R on (i) official WMT22–257

24 MQM metric benchmarks (Freitag et al., 2022,258

2023, 2024) and (ii) the MSLC-24 robustness259

suite (Knowles et al., 2024). WMT22–24 pro-260

vides standardized MQM-based meta-evaluation261

covering a large number of MT systems across262

multiple language pairs. MSLC-24 contains con-263

trolled OOD and adversarial conditions, including264

empty inputs, source copy, wrong or mixed lan-265

guage outputs, unrelated translations, and perturba-266

tions, testing whether metrics penalize degenerate267

or inconsistent outputs.268

3.3 Baselines 269

We compare Remedy-R against two main classes 270

of strong baselines that represent common systems 271

in MT evaluation: (i) LLM-as-judge evaluators that 272

use prompting to produce direct scores or MQM er- 273

ror spans, and (ii) scalar metrics trained to regress 274

human scores or optimize preferences. 275

LLM-as-judge. We include GEMBA (Kocmi 276

and Federmann, 2023b,a) as a widely used GPT- 277

4-based family covering direct assessment scor- 278

ing and MQM error spans, and PaLM-based judg- 279

ing (Fernandes et al., 2023; Chowdhery et al., 2023) 280

as an alternative closed LLM evaluator. For open 281

models, we compare to EAPrompt (Lu et al., 2024), 282

which combines chain-of-thought reasoning with 283

span-based feedback, and MQM-APE (Lu et al., 284

2025), which augments MQM error analysis with 285

an filtering stage to reduce non-impactful errors. 286

Scalar MT metrics. We compare against 287

COMET-22 (Rei et al., 2022), a widely adopted 288

XLM-R-based regression metric, and MetricX- 289

XXL (Juraska et al., 2023, 2024), a state-of-the-art 290

mT5-XXL-based regression metric with strong per- 291

formance on WMT22–24. We also include PaLM- 292

2 BISON fine-tuning (Fernandes et al., 2023) 293

as a large-model regression baseline and Rem- 294

edy (Tan and Monz, 2025) as a recent preference- 295

optimization approach. 296

3.4 Implementation and Meta-Evaluation 297

We train Remedy-R on Qwen2.5 instruct models 298

(7B, 14B, 32B) using VeRL (Sheng et al., 2024) 299

with PPO and vLLM (Kwon et al., 2023) for roll- 300

outs. We use max sequence length 2048, Adam 301

with learning rate 5×10−6, and effective batch 302

size 2048. We also experimented with Qwen2.5- 303

base checkpoints and observed comparable perfor- 304

mance, while instruct versions converged faster. 305

we train for 2 epochs since gains plateau afterward 306

(Figure 2), taking 10–27 hours on 4–8 H100/H200 307

For meta-evaluation, we use the official WMT 308

toolkit (MTME)2 and report system-level pairwise 309

accuracy (Acc) (Kocmi et al., 2021) and segment- 310

level tie-calibrated accuracy (acc∗eq ) (Deutsch 311

et al., 2023), with Perm-Both significance test- 312

ing (Deutsch et al., 2021). For WMT24, we report 313

Soft Pairwise Accuracy (SPA) (Thompson et al., 314

2024; Freitag et al., 2024). 315

2https://github.com/google-research/
mt-metrics-eval
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Type Methods θ
System-Level Segment-Level acc∗

eq Avg

Acc (3 LPs) Avg En-De En-Ru Zh-En Corr

Scalar
Metrics

COMET-22-DA 0.5B 82.8 54.5 58.2 49.5 55.7 68.7
COMET-22 (ensemble) 5x0.5B 83.9 57.3 60.2 54.1 57.7 70.6
MetricX-XXL 13B 85.0 58.8 61.1 54.6 60.6 71.9
PaLM-2 BISON FT >100B 88.0 57.3 61.0 51.5 59.5 72.7
ReMedy 9B 91.2 58.9 61.0 60.4 55.4 75.1

LLM
Judges

EAPrompt (Llama2) 70B 85.4 52.3 55.2 51.4 50.2 68.9
EAPrompt (Mistral) 8x7B 84.0 50.9 53.8 50.6 48.2 67.5
EAPrompt (GPT3.5-Turbo) >100B 91.2 53.3 56.7 53.3 50.0 72.3
GEMBA-MQM (Qwen) 72B 84.7 53.8 56.0 54.7 50.6 69.3
MQM-APE (Qwen) 72B 85.8 54.5 56.4 55.7 51.4 70.2
MQM-APE (Mistral) 8x22B 88.3 54.2 56.9 55.1 50.6 71.3
GEMBA-DA (GPT4) >100B 89.8 55.6 58.2 55.0 53.4 72.7
PaLM 540B 90.1 50.8 55.4 48.6 48.5 70.5

Remedy-R 7B 89.1 54.8 58.0 56.0 50.4 71.9
Remedy-R 14B 88.7 56.0 58.0 55.8 54.2 72.4
Remedy-R 32B 91.6 55.2 57.8 55.7 52.2 73.4

Table 1: Evaluation on WMT22 MQM set. Following official WMT22 settings, we report system-level Pairwise
Accuracy (Acc) and segment-level pairwise accuracy with tie calibration (acc∗eq ), using Perm-Both statistical
significance test (Deutsch et al., 2021). orange and blue indicate the best performing scalar and LLM judge
metrics. Our Remedy-R 7B outperforms all LLM judges with 70B parameters, and Remedy-R 32B surpasses
GEMBA-DA (GPT4).

4 Automatic Translation Evaluation316

Results and Analyses317

In this section, we evaluate Remedy-R on auto-318

matic translation evaluation tasks and address three319

questions: (a) how Remedy-R compares with top320

scalar MT metrics and LLM-as-judge (§4.1); (b)321

how performance changes under test-time-scaling322

with multiple evaluation passes (§4.2); and (c)323

whether the model behaves robustly on out-of-324

domain stress tests (§4.3).325

4.1 Meta Evaluation on WMT benchmarks326

As shown in Table 1, Remedy-R achieves lead-327

ing performance on the WMT22 metric bench-328

mark compared to both commercial LLM judges329

and open metrics. Specifically, Remedy-R 7B330

surpasses all open LLM-as-judge baselines with331

70B parameters (e.g., EAPrompt and MQM-APE),332

while Remedy-R 32B exceeds GEMBA-DA (GPT-333

4). Among scalar metrics, Remedy-R also outper-334

forms the regression-based PaLM-2 BISON and335

MetricX-XXL, showing that our model aligns with336

human ratings on human translation quality judg-337

ments.338

In addition, we also provide additional results339

on WMT23 and WMT24 metric benchmarks in340

Table 12 and Table 6. The results highlight that 341

Remedy-R achieves on-par or superior perfor- 342

mance to the current SOTA metrics. For example, 343

on wmt23, Remedy-R-7B outperforms EAPrompt 344

that is based on GPT4o-mini, and Remedy-R 14B 345

and 32B performs on par with KIWI-XXL and 346

MetricX-23. On wmt24, Remedy-R outperforms 347

GEMBA-ESA (GPT4), MetricX-24-Hybrid, and 348

XCOMET-XXL (see details in Table 6). 349

4.2 Test Time Scaling with multiple 350

Evaluation Passes 351

Remedy-R’s generative reasoning nature enables 352

the application of Test-Time Scaling (TTS), where 353

multiple evaluation passes are performed with dif- 354

ferent reasoning trajectories and their quality scores 355

are aggregated. In this setting, we adopt a simple 356

implementation that averages the quality scores 357

from multiple independent evaluations. 358

We found performing more evaluation trajecto- 359

ries at test time consistently enhances performance 360

across all model sizes (see Figure 3 in Appendix). 361

Notably, Remedy-R-14B reaches an average cor- 362

relation of 74.9, matching the strongest GEMBA- 363

MQM performance. The steady improvement from 364

7B to 32B suggests that iterative reasoning stabi- 365
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ref? empty empty src wrong mix unrelated
mt src+ref copy lang lang mt

COMET-22 ✓ 57.00% 58.81% 69.85% 67.84% 65.56% 45.23%
KIWI ✗ 54.87% 67.72% 52.15% 82.64% 78.75% 41.95%
XCOMET ✓ 73.79% 64.12% 82.04% 85.65% 71.77% 20.31%
MetricX-24-XXL ✓ -9.59 -5.85 -12.59 -3.06 -10.08 -24.15
MetricX-24-XXL ✗ -7.34 -5.85 -11.36 -2.51 -7.78 -24.25
GEMBA-ESA ✗ 14.00% 13.5% 11.12% 14.32% 18.08% 1.27%

ReMedy-R-7B ✓ 1.00% 7.07% 76.92% 43.69% 60.6% 1.5%
ReMedy-R-14B ✓ 0.00% 0.00% 11.35% 14.6% 37.6% 0.6%
ReMedy-R-32B ✓ 0.00% 0.00% 2.76% 8.30% 46.0% 1.3%

Table 2: Averaged quality scores of different metric models on MSLC24 OOD set. For all classes except mix-lang,
a robust metric should output low scores; for mix-lang, the translation preserves the source meaning but contains
code-switching, so its quality scores should be moderately high rather than near zero. MetricX scores are ranged
from -25 to 0 (higher is better). We provide additional reference-free Remedy-R results in Table 7.

lizes evaluation outcomes and reduces stochastic366

variance, yielding more robust and reliable quality367

assessments.368

Interestingly, we observe that TTS primarily im-369

proves segment-level acc∗eq rather than system-level370

correlation (see Table 12). We hypothesize that this371

phenomenon is mostly due to the limitations of372

current meta-evaluation metrics. As noted by Per-373

rella et al. (2024), tie-calibrated pairwise accuracy374

(acc∗eq ) tends to favor metrics that output continu-375

ous rather than discrete scores. Averaging multi-376

ple predictions effectively smooths discrete outputs377

into continuous scores, improving agreement with378

tie-calibrated accuracy, which favors metrics with379

finer score granularity.380

4.3 Analyses on Challenge sets381

We evaluate Remedy-R under out-of-distribution382

(OOD) and adversarial conditions on MSLC24, and383

additionally construct an unrelated translation cat-384

egory by sampling 50 target-language sentences385

from Flores-200 (Costa-Jussà et al., 2022). For386

most perturbations (empty outputs, source copies,387

wrong-language, unrelated MT), a reliable met-388

ric should assign near-zero scores, while mixed-389

language outputs with correct meaning but code-390

switching should receive moderate scores.391

Table 2 shows that scalar metrics (e.g., COMET-392

22, MetricX-24) can behave inconsistently under393

OOD inputs, sometimes assigning high scores to394

degenerate cases; for example, XCOMET scores395

73.8%, 64.1%, and 82.0% on empty translation,396

empty source/reference, and source copy, respec-397

tively. In contrast, Remedy-R is robust and well-398

calibrated: it outputs near-zero scores for empty399

translations, sharply penalizes source-copy and 400

wrong-language cases, and assigns moderate scores 401

to mixed-language inputs. 402

Unlike MetricX-24 and XCOMET, which use 403

synthetic augmentation that includes empty or hal- 404

lucinated translations, Remedy-R is trained without 405

such data yet still exhibits coherent behavior across 406

perturbations, indicating stronger generalization 407

beyond standard WMT conditions. 408

5 ReMedy-R Agent 409

So far, our analyses have focused on evaluation at 410

the final score level, i.e., how well Remedy-R’s 411

predicted quality scores align with human ratings. 412

However, such correlations do not necessarily im- 413

ply that the generated analyses are faithful or prac- 414

tically useful. 415

We therefore evaluate Remedy-R’s analyses in 416

two complementary ways: (i) we prompt GPT-4o- 417

mini to score explanation faithfulness given only 418

the source and the translation (§5.1); and (ii) we 419

reuse the analyses as feedback in a simple training- 420

free evaluate–revise loop (Remedy-R Agent) and 421

measure translation improvements (§5.2.1–§5.2.2). 422

5.1 How faithful are Remedy-R’s evaluation 423

explanations? 424

We first assess explanation faithfulness by prompt- 425

ing GPT-4o-mini to score how well Remedy-R’s 426

reasoning is supported by the source sentence and 427

the translation hypothesis only. We conduct this 428

analysis on the WMT22 metric evaluation test set 429

and sample 300 examples for each MQM language 430

pair (en-de, en-ru, zh-en), resulting in 900 exam- 431
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Mfeedback Mrefinement cs-uk en-cs en-de en-es en-hi en-is en-ja en-ru en-uk en-zh ja-zh Avg

Mbase = Qwen2.5-it-14B | Remedy-R = 14B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - 69.4 63.6 88.4 83.7 47.6 32.6 74.8 75.7 58.6 83.9 72.5 68.2
- Base 71.0 ↑ 0.6 67.2 ↑ 3.6 89.4 ↑ 1.0 85.0 ↑ 1.3 51.5 ↑ 3.9 34.4 ↑ 1.9 77.9 ↑ 3.1 77.9 ↑ 2.2 63.2 ↑ 4.6 84.5 ↑ 0.6 72.7 ↑ 0.2 70.4 ↑ 2.2

x-Tower x-Tower 77.1 ↑ 7.7 62.5 ↓ 1.1 91.4 ↑ 3.0 86.5 ↑ 2.8 45.0 ↓ 2.6 34.1 ↑ 1.6 65.6 ↓ 9.2 80.2 ↑ 4.5 70.4 ↑ 11.8 82.8 ↓ 1.1 68.3 ↓ 4.2 69.4 ↑ 1.2

Remedy-RRemedy-R74.1 ↑ 4.7 68.3 ↑ 4.7 89.8 ↑ 1.4 84.9 ↑ 1.2 52.6 ↑ 5.0 35.8 ↑ 3.2 77.8 ↑ 2.9 77.4 ↑ 1.7 64.3 ↑ 5.7 83.8 ↓ 0.1 72.4 ↓ 0.1 71.0 ↑ 2.8

x-Tower Base 73.0 ↑ 3.6 68.5 ↑ 4.9 90.2 ↑ 1.8 85.3 ↑ 1.7 51.3 ↑ 3.7 34.6 ↑ 2.0 78.6 ↑ 3.8 78.5 ↑ 2.8 65.1 ↑ 6.5 84.3 ↑ 0.4 71.9 ↓ 0.6 71.0 ↑ 2.8

Remedy-RBase 74.8 ↑ 5.4 68.2 ↑ 4.6 90.3 ↑ 1.9 85.6 ↑ 1.9 53.1 ↑ 5.5 36.3 ↑ 3.7 79.3 ↑ 4.5 79.2 ↑ 3.5 64.5 ↑ 5.9 84.1 ↑ 0.2 72.4 ↓ 0.1 71.6 ↑ 3.4

Table 3: Agent MT experiments on WMT24 using Qwen2.5-14B models as the initial Mbase translator (gray
background). We report XCOMET-XXL in this table and provide results of more model variants in Appendix A.7

ples in total. Table 4 reports the average faith-432

fulness scores. Overall, Remedy-R explanations433

receive consistently high faithfulness scores, and434

faithfulness improves with model scale.435

Remedy-R en-de en-ru zh-en Avg

7B 79.10 76.57 74.95 76.87
14B 80.02 76.75 78.05 78.27
32B 81.18 79.05 78.38 79.54

Table 4: GPT-4o-mini faithfulness scores for Remedy-
R explanations on WMT22 MQM test samples (300
per language pair). GPT-4o-mini is given the source,
translation, and explanation. Higher score means more
faithful explanations.

5.2 Reusing Remedy-R Analyses for436

Training-Free Refinement437

In the evaluate–revise setting, three models are438

involved:439

• Mbase: a translator that produces an initial440

translation for a source sentence;441

• Mfeedback: an evaluator that inspects the trans-442

lation and generates an analysis as feedback;443

• Mrefinement: a refiner that revises the transla-444

tion conditioned on (src, mt, feedback).445

Instantiating these roles yields a training-free446

loop (Remedy-R Agent) that reuses Remedy-R’s447

analyses for translation refinement. We evaluate448

the loop under controlled configurations and on449

strong open (Table 3 and 10) and closed (Figure 1)450

MT systems .451

5.2.1 Controlled agent experiments with452

Qwen translators453

We first test whether Remedy-R’s analyses pro-454

vide useful guidance beyond self-refinement by455

fixing Mrefinement =Mbase and comparing: (1) self- 456

refinement (Mfeedback = −), where the translator re- 457

vises its own output without external feedback; and 458

(2) feedback-refinement (Mfeedback = Remedy-R), 459

where the translator revises using Remedy-R’s anal- 460

ysis as additional context. Across model scales, 461

feedback-refinement yields consistent improve- 462

ments (e.g., +3.4 xCOMET score for 14B Qwen). 463

We further compare Remedy-R feedback to x- 464

Tower (Treviso et al., 2024), a GPT-4–distilled eval- 465

uator that relies on external span supervision from 466

xCOMET-XL (Guerreiro et al., 2024). At similar 467

scales, Remedy-R achieves larger and more stable 468

gains (14B Qwen: +3.4 with Remedy-R feedback 469

vs. +1.2 for x-Tower as refiner in Table 3). 470

Finally, we test a unified setting where 471

Mfeedback =Mrefinement = Remedy-R, i.e., Remedy- 472

R generates an analysis and then refines based on 473

its own feedback. This unified setting performs 474

comparably to using Remedy-R for feedback and 475

the base translator for refinement (Table 3), indi- 476

cating that Remedy-R’s analyses can be effectively 477

reused for refinement even without any post-editing 478

training. 479

5.2.2 Applying Remedy-R Agent to strong 480

closed LLMs 481

Finally, we test whether Remedy-R Agent re- 482

mains effective when applied to strong closed LLM 483

translators. Following prior work on multi-pass 484

translation refinement (Briakou et al., 2024; Wu 485

et al., 2025), we evaluate on the WMT24++ bench- 486

mark (Kocmi et al., 2024) and set Mbase to GPT- 487

4o-mini and Gemini-2.0-Flash. We use Remedy-R- 488

32B as Mfeedback and apply iterative training-free 489

evaluate–revise steps. For comparison, we include 490

each model’s internal self-refinement baselines, in- 491

cluding step-by-step (Briakou et al., 2024) and 492

translate-again (Wu et al., 2025). 493

As shown in Figure 1, Remedy-R Agent con- 494

sistently improves translation quality on both 495
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Figure 1: Refinement performance comparison on the initial translations from GPT-4o-mini and Gemini-2.0-Flash
using paragraph-level WMT24++ benchmark. We use ref-based XCOMET-XXL to measure the translation quality.
Here Translate-again and Step-by-Step utilizes self-refinement (using GPT-4o-mini and gemini-2.0-flash themselves
for refinement), while we use the 32B version for Remedy-R. More detailed results are in Appendix (Table 11).

closed LLMs. On GPT-4o-mini, Remedy-R Agent496

achieves gains comparable to step-by-step refine-497

ment, while on Gemini-2.0-Flash it attains a sub-498

stantial fraction of the gains from self-refinement.499

Notably, Remedy-R Agent uses only a 32B open500

model for feedback, yet remains effective on trans-501

lations produced by significantly larger closed502

LLMs, highlighting the generality of Remedy-R’s503

feedback across model families.504

In addition, we observe consistent improvements505

when applying Remedy-R Agent to ALMA-R (Xu506

et al., 2024a), see Appendix A.7.507

6 Related Work508

6.1 Automatic Translation Evaluation509

Early MT metrics such as BLEU (Papineni et al.,510

2002) and ChrF (Popović, 2015) rely on surface511

matching and correlate weakly with human judg-512

ments (Freitag et al., 2022). Learned scalar met-513

rics (Rei et al., 2020; Juraska et al., 2023; Tan and514

Monz, 2025) achieve higher correlations with hu-515

man, but remain opaque and can degrade under516

OOD conditions (Lo et al., 2023; Knowles et al.,517

2024). For interpretability, xCOMET (Guerreiro518

et al., 2024) predicts MQM-based error spans, and519

xTower (Treviso et al., 2024) distills GPT-4 expla-520

nations conditioned on such spans.521

6.2 Reasoning for Machine Translation522

Reasoning has been explored for both MT evalua-523

tion and generation. For evaluation, recent LLM-524

as-judge systems use multi-stage or multi-agent de-525

signs to structure assessments (Feng et al., 2025b;526

Zhang et al., 2025). For generation, RL-based ap- 527

proaches optimize translation quality using learned 528

rewards, e.g., MT-R1-Zero (Feng et al., 2025a) and 529

Hunyuan-MT (Zheng et al., 2025). 530

6.3 Translation Agents 531

Agentic translation methods iteratively improve 532

translations via self-refinement or decomposed sub- 533

tasks, e.g., translate-again (Wu et al., 2025) and 534

step-by-step (Briakou et al., 2024). Closest to our 535

setting, xTower (Treviso et al., 2024) can be used 536

to support post-editing via span-based explana- 537

tions. Our goal is not to propose a new translation 538

pipeline; we use a simple evaluate–revise loop as a 539

lightweight diagnostic to test whether Remedy-R’s 540

feedback can guide refinement. 541

7 Conclusions 542

A longstanding challenge in MT evaluation is lim- 543

ited explainability, which undermines metric relia- 544

bility and robustness. We introduce Remedy-R, a 545

generative reasoning-based MT metric trained with 546

RLVR from pairwise human preferences using a 547

verifiable reward, without error-span annotations. 548

Remedy-R produces multi-dimensional analyses 549

(accuracy, fluency, completeness) followed by a 550

final score, achieves competitive performance on 551

WMT22–24 benchmarks, and remains robust on 552

OOD tests. Beyond score-level correlation, we 553

validate the faithfulness and practical value of its 554

quality analyses via Remedy-R Agent: a training- 555

free evaluate–revise loop that consistently improves 556

translations across models and language pairs, in- 557

cluding strong open and commercial systems. 558
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Limitations559

In this paper, we do not conduct human evalua-560

tion to measure the faithfulness of Remedy-R’s561

evaluation explanations due to limited budgets.562

However, we conduct this experiments with GPT-563

4O-mini with 900 random samples in the official564

WMT22 metric test set. As a generative evaluator,565

Remedy-R produces natural-language reasoning566

explanations that may not always perfectly reflect567

the underlying scoring process. We therefore in-568

clude faithfulness checks and qualitative analyses;569

nonetheless, fully guaranteeing reasoning faithful-570

ness remains an open challenge for all reasoning571

LLMs.572

Broader Impact573

We acknowledge there might be several ethical con-574

siderations in MT evaluation research such as gen-575

der bias. We prioritize high-quality open-sourced576

data and model in this research. We acknoledge577

that automatic metrics can reflect societal biases578

that is in training data, such as human biases.579
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A Appendix 863

A.1 RLVR Training Details 864

We train Remedy-R using reinforcement learning 865

with the verifiable reward in §2.2. The model acts 866

as a policy that, given an input, generates reasoning 867

steps and final scores, and then receives a scalar re- 868

ward that reflects alignment with human judgments. 869

This objective is to update the model so that high- 870

reward behaviors become more likely over time. 871

Formally, the model defines a conditional policy 872

πθ(y | x) over output sequences. After generating 873

a response, we compute a scalar reward and maxi- 874

mize the expected return with gradients estimated 875

via the policy gradient theorem: 876

J (θ) = Ex,y∼πθ

[
r(y,x)

]
,

∇θJ (θ) = E
[ T∑
t=1

∇θ log πθ
(
yt | y<t,x

)
At

]
.

(6) 877

where At denotes the token-level advantage. 878

This estimator increases the likelihood of high- 879

reward generations and decreases that of low- 880

reward ones, aligning the model’s behavior with 881
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Remedy-R Training Prompt Template

You are an expert machine translation evaluator. You need to assess the quality of two translations of the same source text.
Your task is to evaluate the translation quality and provide scores from 0–100, where higher scores indicate better quality.
You are also given a reference (not always perfect) to help you assess the quality.
Evaluation Criteria:
• Accuracy: Whether the meaning expressed in the translation is correct and faithful to the source. Penalize mistranslation,

unsupported additions/hallucinations, terminology errors, and untranslated text.
• Fluency: How natural and grammatically correct the translation reads in the target language. Consider grammar,

agreement, word order, punctuation, spelling, register.
• Completeness: Is all information from the source conveyed without omissions?
Instructions: Think step by step about the quality of each translation and write your analysis first, then provide your final
scores. Evaluate each translation independently rather than by comparison.
Output Format: Thinking through your evaluation first, then output the scores in exactly this format (do not give scores
first):
#### A: [score] B: [score]
Now evaluate this $SRC_LANG–$TGT_LANG translation:
—–
Source: $SOURCE
Reference: $REFERENCE
Translation A: $TRANSLATION_A
Translation B: $TRANSLATION_B

the reward signal. We optimize this objective using882

Proximal Policy Optimization (PPO) (Schulman883

et al., 2017), which stabilizes updates by clipping884

the ratio between the new and the old policy, while885

regularizing against a frozen reference model πθref886

to prevent reward over-optimization. During train-887

ing, each rollout prompts the model with a transla-888

tion pair, generates an evaluation output, parses the889

scores, computes the reward, estimates token level890

advantages, and finally applies PPO updates. We891

then optimize the following PPO objective:892

LPPO(θ) = Et[ℓt(θ)]− βKL KL(πθ ∥πref) ,

ℓt(θ) = min
(
rt(θ)At, clipϵ

(
rt(θ)

)
At

)
.

(7)893

Here, rt(θ) = πθ(yt|y<t,x)
πθold (yt|y<t,x)

is the likelihood894

ratio, ϵ is the clipping threshold, and βKL controls895

the strength of the KL penalty that regularizes the896

updated policy toward a frozen reference policy897

πθref (the corresponding pretrained base model of898

the same size). Rewards are terminal and defined899

on the final parsed score. For advantage estimation,900

we use Generalized Advantage Estimation (GAE)901

with λ = 1, which trades off bias and variance by902

exponentially weighting multi step returns:903

At =
∞∑
l=0

(γλ)lδt+l,

δt = rt + γVϕ(st+1)− Vϕ(st).

(8)904

where Vϕ is the value function, and γ ∈ (0, 1]905

and λ ∈ [0, 1] are standard discounting hyperpa- 906

rameters. Following recent work (Hu et al., 2025), 907

we set λ = 1, which simplifies the estimator to a 908

discounted Monte Carlo return and improves sta- 909

bility in practice. 910

A.2 Ablation study on WMT22 Metric 911

Benchmark 912

We conduct an ablation study on the WMT22 met- 913

ric benchmark to isolate the effect of our reward 914

design during RLVR training. Unless otherwise 915

specified, all ablations in this subsection are per- 916

formed with Remedy-R 7B. We compare two re- 917

ward settings: (1) a pure pairwise ranking reward 918

that only verifies whether the model-implied pref- 919

erence matches the human preference label; and (2) 920

adding Huber reward shaping to encourage better 921

calibration and reduce overly discrete score behav- 922

iors. 923

As shown in Table 5, adding Huber reward shap- 924

ing consistently improves accuracy at both the sys- 925

tem and segment levels. In particular, Huber shap- 926

ing improves system-level accuracy from 87.6% to 927

89.1% and segment-level accuracy from 52.7% to 928

54.8%, yielding a +1.7% absolute gain in average 929

accuracy. These results suggest that Huber shap- 930

ing provides a more informative learning signal 931

beyond binary preference verification and leads to 932

better-aligned quality judgments. 933

We further explore incorporating an explanation 934

quality penalty into the reward. Instead of training 935

a separate reward model, we reuse the same base 936
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Model Reward Setting Sys Seg Avg

7B
Pairwise Ranking Reward 87.6% 52.7% 70.2%
+ Huber Reward Shaping 89.1% 54.8% 71.9%

14B
Pairwise + Huber 88.7% 56.0% 72.4%
Pairwise + Huber + genRM penalty 89.8% 56.3% 73.1%

Table 5: Ablation study on WMT22 comparing reward
designs. We report accuracy at the system and segment
levels, and their average.

instruct model (the RL initialization) as a gener-937

ative rationale judge (genRM). Given the source,938

translation, and the model-generated explanation,939

genRM produces a scalar score intended to reflect940

the rationale’s faithfulness and relevance. We sub-941

tract this score (scaled by a fixed coefficient) from942

the RL reward, penalizing low-quality explanations943

while keeping the pairwise preference verification944

term unchanged.945

We provide the reward dynamics during train-946

ing in Figure 2. As shown in Table 5, adding this947

penalty results in only a marginal change in accu-948

racy in our Remedy-R 14B setting. Overall, this949

suggests that the main gains come from the pair-950

wise reward with Huber shaping, while explanation-951

based regularization provides at most a small addi-952

tional benefit under our current design.953

A.3 Test Time Scaling with multiple954

Evaluation Passes955

Remedy-R’s generative reasoning nature enables956

the application of Test-Time Scaling (TTS), where957

multiple evaluation passes are performed with dif-958

ferent reasoning trajectories and their quality scores959

are aggregated. In this setting, we adopt a simple960

implementation that averages the quality scores961

from multiple independent evaluations.962

As shown in Figure 3, performing more eval-963

uation trajectories at test time consistently en-964

hances performance across all model sizes. No-965

tably, Remedy-R-14B reaches an average corre-966

lation of 74.9, matching the strongest GEMBA-967

MQM performance. The steady improvement from968

7B to 32B suggests that iterative reasoning stabi-969

lizes evaluation outcomes and reduces stochastic970

variance, yielding more robust and reliable quality971

assessments.972

Interestingly, we observe that TTS primarily im-973

proves segment-level acc∗eq rather than system-level974

correlation (see Table 12). We hypothesize that this975

phenomenon is mostly due to the limitations of976

current meta-evaluation metrics. As noted by Per-977

rella et al. (2024), tie-calibrated pairwise accuracy 978

(acc∗eq ) tends to favor metrics that output continu- 979

ous rather than discrete scores. Averaging multi- 980

ple predictions effectively smooths discrete outputs 981

into continuous scores, improving agreement with 982

tie-calibrated accuracy, which favors metrics with 983

finer score granularity. 984

A.4 WMT23 Metric Benchmark 985

We report results on the WMT23 MQM metric 986

shared task in Table 12. We compare Remedy-R 987

against established reference-based metrics (e.g., 988

XCOMET-XXL, MetricX-23), QE variants, and 989

recent LLM-based judges. For Remedy-R, we 990

additionally evaluate test-time scaling (TTS) 991

by sampling multiple reasoning outputs and 992

aggregating their predicted scores (TTS=k). We 993

report both system-level accuracy (Acc) and 994

segment-level acc∗
eq , together with the average of 995

the two. 996

997

As shown in Table 12, increasing TTS gener- 998

ally improves acc∗
eq more consistently than Acc, 999

leading to steady gains in the overall average. This 1000

trend is most pronounced for smaller models (7B), 1001

where TTS closes a substantial portion of the gap 1002

to stronger baselines, and remains beneficial for 1003

14B and 32B as well. These results support our 1004

claim that sampling-based aggregation helps miti- 1005

gate discrete score behaviors and yields more stable 1006

segment-level judgments. 1007

A.5 WMT24 Metric Benchmark 1008

Methods Rank Avg Sys Seg
corr SPA acc∗

eq

ReMedy9B-24 1 72.9 85.9 60.0
Remedy-R-14B 2 72.6 87.9 57.2

MetricX-24-Hybrid 3 72.1 85.6 58.5
XCOMET-XXL 4 71.9 86.1 57.6
MetricX-24-Hybrid-QE 5 71.4 84.9 58.0
GEMBA-ESA (GPT4) 6 71.1 84.6 57.6
Remedy-R-32B 7 70.6 85.3 56.2
Remedy-R-7B 8 70.6 85.8 55.4
XCOMET-XXL-QE 9 69.5 83.3 55.7
Skywork-RM 10 69.0 83.2 54.7

Table 6: Evaluation on WMT24 MQM set. We report
the official accuracy percentage (SPA and acc∗eq ).

Table 6 reports results on the WMT24 MQM 1009

metric benchmark. Following the official shared 1010
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Figure 2: Reward curves during training for Pairwise + Huber (dark-blue) and Pairwise + Huber + genRM penalty
(light-blue) settings.

Figure 3: Average correlation across WMT23 MQM benchmarks under different numbers of Test-Time Scaling
(TTS) evaluation passes. Each configuration aggregates multiple independent evaluations by averaging their final
quality scores. TTS consistently improves correlation as the number of evaluation passes increases. Full results are
shown in Table 12 in Appendix.

task protocol, we report system-level accuracy1011

(SPA) and segment-level acc∗
eq , as well as their1012

average correlation score (Avg corr) and the corre-1013

sponding rank.1014

Remedy-R achieves competitive performance1015

on WMT24 across model scales. In particu-1016

lar, Remedy-R-14B ranks second overall and1017

attains the best system-level accuracy (SPA).1018

While Remedy-R-32B and Remedy-R-7B show1019

slightly lower segment-level acc∗
eq than top base-1020

lines, their overall average remains comparable to1021

strong reference-based metrics such as MetricX-1022

24-Hybrid and XCOMET-XXL. 1023

A.6 GPT-4o-mini Faithfulness Prompt 1024

We use the following prompt to assess the faithful- 1025

ness of Remedy-R’s evaluation explanations. GPT- 1026

4 is given the source sentence, the translation hy- 1027

pothesis, and the explanation only (no reference 1028

translation), and returns a JSON object containing 1029

a faithfulness_score and a brief reason. 1030

System:

14



ref? empty empty src wrong mix unrelated
mt src+ref copy lang lang mt

COMET-22 ✓ 57.00% 58.81% 69.85% 67.84% 65.56% 45.23%
KIWI ✗ 54.87% 67.72% 52.15% 82.64% 78.75% 41.95%
XCOMET ✓ 73.79% 64.12% 82.04% 85.65% 71.77% 20.31%
MetricX-24-XXL ✓ -9.59 -5.85 -12.59 -3.06 -10.08 -24.15
MetricX-24-XXL ✗ -7.34 -5.85 -11.36 -2.51 -7.78 -24.25
GEMBA-ESA ✗ 14.00% 13.5% 11.12% 14.32% 18.08% 1.27%

ReMedy-R-7B ✓ 1.00% 7.07% 76.92% 43.69% 60.6% 1.5%
ReMedy-R-7B ✗ 0.83% 5.40% 90.38% 33.15% 65.4% 2.0%
ReMedy-R-14B ✓ 0.00% 0.00% 11.35% 14.6% 37.6% 0.6%
ReMedy-R-14B ✗ 0.00% 0.00% 28.07% 12.1% 35.5% 1.0%
ReMedy-R-32B ✓ 0.00% 0.00% 2.76% 8.30% 46.0% 1.3%
ReMedy-R-32B ✗ 0.00% 0.00% 1.30% 8.0% 43.8% 3.5%

Table 7: Averaged quality scores of different metric models on MSLC24 OOD set. For all classes except mix-lang,
a robust metric should output low scores; for mix-lang, the translation preserves the source meaning but contains
code-switching, so its quality scores should be moderately high rather than near zero. MetricX scores are ranged
from -25 to 0.

You are a strict verifier. Your job is to score
the FAITHFULNESS of an evaluation explanation.
You must return ONLY a single valid JSON object
and nothing else.

User:
You are given: 1) src_sent: the source sentence;
2) target_sent: the translation hypothesis; 3)
explanation: an evaluation text that comments on
the translation quality

Task: Provide a score (0-100) indicating how
FAITHFUL the explanation is to src_sent and
target_sent.

Definition of faithfulness:
- Every key claim in the explanation must be
supported by what is actually present in src_sent
and/or target_sent.
- If the explanation invents content, mentions
errors that are not evidenced, misquotes words,
or contradicts src/target, score lower.

CRITICAL:
- You are NOT evaluating translation quality.
- A translation can be very bad, but an
explanation can still be highly faithful if it
correctly describes that badness.

Return ONLY JSON with:
{"faithfulness_score": int, // 0-100

"brief_reason": string // <= 40 words,
cite the biggest supported or unsupported
claim}

Input:
src_lang: <src_lang>; tgt_lang: <tgt_lang>;
src_sent: <src>; target_sent: <tgt>; explanation:
<explanation>

A.7 Remedy-R Agent experiments1031

Table 10 reports additional Remedy-R Agent re-1032

sults on WMT24 using strong open-source ALMA-1033

R translators as Mbase. We evaluate two base 1034

settings: ALMA-R-7B with Remedy-R-7B, and 1035

ALMA-R-13B with Remedy-R-14B. For each lan- 1036

guage direction, we report multiple automatic 1037

metrics, including SacreBLEU, XCOMET-XXL, 1038

MetricX-24-XXL, and Remedy-R’s own scores. 1039

We include both the initial translations (row “- / -”) 1040

and the refined outputs produced by the Remedy- 1041

R Agent (row “Remedy-R / Remedy-R”), where 1042

Remedy-R generates the explanation and performs 1043

the refinement based on its own feedback. 1044

Overall, Remedy-R Agent consistently improves 1045

translation quality across language pairs, with par- 1046

ticularly large gains on en-zh. These results com- 1047

plement the main agent experiments and further 1048

demonstrate that Remedy-R’s reasoning can be 1049

reused to drive refinement even when the initial 1050

translations come from a strong external MT sys- 1051

tem. 1052

A.8 Remedy-R examples 1053

We further provide several examples of the 1054

Remedy-R-14B model, including Chinese- 1055

English, English-Japanese, English-German, 1056

English-Czech, English-Spanish. 1057

15



Mfeedback Mrefinement cs-uk en-cs en-de en-es en-hi en-is en-ja en-ru en-uk en-zh ja-zh Avg

Mbase = Qwen2.5-it-7B | Remedy-R = 7B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - 62.9 53.1 86.0 81.9 37.9 29.8 69.7 71.2 51.5 82.8 69.9 63.4
- Base 64.3 ↑ 1.4 55.0 ↑ 1.9 86.4 ↑ 0.4 82.1 ↑ 0.2 39.1 ↑ 1.2 30.7 ↑ 0.9 69.6 ↓ 0.1 72.1 ↑ 0.9 53.8 ↑ 2.3 82.7 ↓ 0.1 70.4 ↑ 0.5 64.2 ↑ 0.8

x-Tower x-Tower 75.6 ↑ 12.6 57.0 ↑ 3.9 90.7 ↑ 4.7 85.8 ↑ 3.9 40.3 ↑ 2.4 33.6 ↑ 3.7 62.3 ↓ 7.4 79.3 ↑ 8.0 69.2 ↑ 17.7 82.2 ↓ 0.6 66.5 ↓ 3.4 67.5 ↑ 4.2

Remedy-R Remedy-R 66.0 ↑ 3.1 56.0 ↑ 2.9 87.2 ↑ 1.1 83.2 ↑ 1.3 40.5 ↑ 2.6 30.9 ↑ 1.1 71.8 ↑ 2.1 73.4 ↑ 2.1 54.6 ↑ 3.1 83.2 ↑ 0.5 69.7 ↓ 0.2 65.1 ↑ 1.8

x-Tower Base 66.3 ↑ 3.4 55.8 ↑ 2.6 87.3 ↑ 1.3 83.0 ↑ 1.1 39.4 ↑ 1.5 30.3 ↑ 0.5 70.4 ↑ 0.7 74.2 ↑ 2.9 56.0 ↑ 4.4 83.0 ↑ 0.2 69.7 ↓ 0.2 65.0 ↑ 1.7

Remedy-R Base 65.8 ↑ 2.9 55.9 ↑ 2.8 86.9 ↑ 0.9 82.9 ↑ 1.0 40.4 ↑ 2.5 30.5 ↑ 0.7 71.5 ↑ 1.8 73.3 ↑ 2.1 54.4 ↑ 2.9 83.0 ↑ 0.3 69.3 ↓ 0.6 64.9 ↑ 1.6

Mbase = Qwen2.5-it-14B | Remedy-R = 14B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - 69.4 63.6 88.4 83.7 47.6 32.6 74.8 75.7 58.6 83.9 72.5 68.2
- Base 71.0 ↑ 0.6 67.2 ↑ 3.6 89.4 ↑ 1.0 85.0 ↑ 1.3 51.5 ↑ 3.9 34.4 ↑ 1.9 77.9 ↑ 3.1 77.9 ↑ 2.2 63.2 ↑ 4.6 84.5 ↑ 0.6 72.7 ↑ 0.2 70.4 ↑ 2.2

x-Tower x-Tower 77.1 ↑ 7.7 62.5 ↓ 1.1 91.4 ↑ 3.0 86.5 ↑ 2.8 45.0 ↓ 2.6 34.1 ↑ 1.6 65.6 ↓ 9.2 80.2 ↑ 4.5 70.4 ↑ 11.8 82.8 ↓ 1.1 68.3 ↓ 4.2 69.4 ↑ 1.2

Remedy-R Remedy-R 74.1 ↑ 4.7 68.3 ↑ 4.7 89.8 ↑ 1.4 84.9 ↑ 1.2 52.6 ↑ 5.0 35.8 ↑ 3.2 77.8 ↑ 2.9 77.4 ↑ 1.7 64.3 ↑ 5.7 83.8 ↓ 0.1 72.4 ↓ 0.1 71.0 ↑ 2.8

x-Tower Base 73.0 ↑ 3.6 68.5 ↑ 4.9 90.2 ↑ 1.8 85.3 ↑ 1.7 51.3 ↑ 3.7 34.6 ↑ 2.0 78.6 ↑ 3.8 78.5 ↑ 2.8 65.1 ↑ 6.5 84.3 ↑ 0.4 71.9 ↓ 0.6 71.0 ↑ 2.8

Remedy-R Base 74.8 ↑ 5.4 68.2 ↑ 4.6 90.3 ↑ 1.9 85.6 ↑ 1.9 53.1 ↑ 5.5 36.3 ↑ 3.7 79.3 ↑ 4.5 79.2 ↑ 3.5 64.5 ↑ 5.9 84.1 ↑ 0.2 72.4 ↓ 0.1 71.6 ↑ 3.4

Mbase = Qwen2.5-it-32B | Remedy-R = 32B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - 74.0 68.2 89.6 84.6 53.4 35.1 78.0 76.9 64.0 83.5 72.6 70.9
- Base 75.0 ↑ 1.0 69.5 ↑ 1.3 90.0 ↑ 0.4 85.5 ↑ 0.9 55.4 ↑ 2.0 36.5 ↑ 1.4 78.7 ↑ 0.7 77.2 ↑ 0.3 66.7 ↑ 2.7 83.8 ↑ 0.3 73.6 ↑ 1.0 72.0 ↑ 1.1

x-Tower x-Tower 77.5 ↑ 3.5 63.5 ↓ 4.7 91.7 ↑ 2.1 86.1 ↑ 1.5 45.5 ↓ 7.9 34.2 ↓ 0.9 66.7 ↓ 11.2 80.2 ↑ 3.2 71.6 ↑ 7.6 82.5 ↓ 1.0 68.2 ↓ 4.5 69.8 ↓ 1.1

Remedy-R Remedy-R 76.6 ↑ 2.6 71.5 ↑ 3.3 91.1 ↑ 1.5 85.6 ↑ 1.0 57.1 ↑ 3.7 37.4 ↑ 2.2 80.4 ↑ 2.5 78.5 ↑ 1.6 67.8 ↑ 3.8 84.0 ↑ 0.6 73.3 ↑ 0.7 73.0 ↑ 2.1

x-Tower Base 75.6 ↑ 1.6 70.4 ↑ 2.2 91.2 ↑ 1.6 86.1 ↑ 1.5 56.1 ↑ 2.7 36.5 ↑ 1.4 80.5 ↑ 2.6 80.3 ↑ 3.3 69.1 ↑ 5.1 84.8 ↑ 1.3 72.7 ↑ 0.1 73.0 ↑ 2.1

Remedy-R Base 76.9 ↑ 2.9 71.5 ↑ 3.3 91.0 ↑ 1.4 85.9 ↑ 1.3 56.8 ↑ 3.4 37.2 ↑ 2.1 81.1 ↑ 3.2 79.4 ↑ 2.5 67.8 ↑ 3.8 83.9 ↑ 0.5 73.4 ↑ 0.8 73.2 ↑ 2.3

Table 8: Agent MT experiments on WMT24 benchmark using Qwen2.5 series models as the initial Mbase translators
(gray background). We report XCOMET-XXL (ref-based) in this table.

Mfeedback Mrefinement cs-uk en-cs en-de en-es en-hi en-is en-ja en-ru en-uk en-zh ja-zh Avg

Mbase = Qwen2.5-it-7B | Remedy-R = 7B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - -8.5 -11.1 -3.6 -4.1 -9.5 -21.2 -6.0 -5.8 -10.2 -2.8 -4.0 -7.9
xTower xTower -5.9 ↑ 2.6 -9.6 ↑ 1.4 -2.2 ↑ 1.4 -3.2 ↑ 1.0 -10.3 ↓ 0.8 -19.6 ↑ 1.6 -5.9 ↑ 0.1 -4.2 ↑ 1.7 -6.2 ↑ 3.9 -2.9 ↓ 0.1 -4.6 ↓ 0.6 -6.8 ↑ 1.1

Remedy-RRemedy-R-7.8 ↑ 0.7 -10.1 ↑ 1.0 -3.2 ↑ 0.4 -3.8 ↑ 0.4 -8.8 ↑ 0.7 -21.1 ↑ 0.2 -5.5 ↑ 0.5 -5.2 ↑ 0.6 -9.3 ↑ 0.8 -2.7 ↑ 0.1 -3.9 ↑ 0.1 -7.4 ↑ 0.5

Mbase = Qwen2.5-it-14B | Remedy-R = 14B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - -7.0 -8.3 -2.8 -3.5 -7.1 -20.1 -5.4 -4.6 -8.3 -2.6 -3.7 -6.7
xTower xTower -5.6 ↑ 1.4 -8.5 ↓ 0.2 -2.1 ↑ 0.8 -3.0 ↑ 0.5 -9.1 ↓ 2.0 -19.4 ↑ 0.7 -5.6 ↓ 0.2 -3.9 ↑ 0.7 -5.9 ↑ 2.4 -2.8 ↓ 0.2 -4.4 ↓ 0.8 -6.4 ↑ 0.3

Remedy-RRemedy-R-6.0 ↑ 1.0 -7.3 ↑ 1.0 -2.3 ↑ 0.5 -3.2 ↑ 0.3 -6.3 ↑ 0.8 -19.1 ↑ 1.0 -4.8 ↑ 0.5 -4.3 ↑ 0.3 -7.0 ↑ 1.2 -2.5 ↑ 0.1 -3.6 ↑ 0.1 -6.0 ↑ 0.6

Mbase = Qwen2.5-it-32B | Remedy-R = 32B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - -6.2 -7.3 -2.5 -3.4 -6.1 -19.2 -5.0 -4.6 -7.2 -2.6 -4.0 -6.2
xTower xTower -5.4 ↑ 0.7 -8.3 ↓ 0.9 -2.1 ↑ 0.5 -3.0 ↑ 0.4 -8.6 ↓ 2.5 -18.8 ↑ 0.4 -5.5 ↓ 0.6 -3.9 ↑ 0.7 -5.7 ↑ 1.5 -2.8 ↓ 0.1 -4.5 ↓ 0.5 -6.2 ↓ 0.0

Remedy-RRemedy-R-5.5 ↑ 0.7 -6.6 ↑ 0.7 -2.1 ↑ 0.4 -3.0 ↑ 0.3 -5.6 ↑ 0.5 -18.3 ↑ 0.9 -4.6 ↑ 0.3 -4.0 ↑ 0.6 -6.4 ↑ 0.8 -2.5 ↑ 0.1 -3.7 ↑ 0.4 -5.7 ↑ 0.5

Table 9: Agent MT experiments on WMT24 benchmark using Qwen2.5 series models as the initial Mbase translators
(gray background). We report MetricX24-XXL-Hybrid (ref-based) in this table.

Mfeedback Mrefinement en-cs en-de en-ru en-zh Avg Mfeedback Mrefinement en-cs en-de en-ru en-zh Avg
Base = ALMA-R-7B | Remedy-R = 7B

SacreBLEU XCOMET-XXL
- - 16.6 22.2 14.1 23.9 19.2 - - 71.9 89.5 77.3 75.7 78.6
Remedy-R Remedy-R 17.5 ↑ 0.9 22.2 ↑ 0 15.8 ↑ 1.7 27.4 ↑ 3.5 20.7 ↑ 1.5 Remedy-R Remedy-R 71.4 ↓ 0.5 90.4 ↑ 0.9 78.5 ↑ 1.3 79.9 ↑ 4.2 80.0 ↑ 1.4

MetricX-24-XXL Remedy-R
- - -6.2 -2.5 -4.5 -3.5 -4.2 - - 92.3 93.4 92.5 86.5 91.2
Remedy-R Remedy-R -6.3 ↑ 0.1 -2.4 ↑ 0.2 -4.2 ↑ 0.3 -3.0 ↑ 0.5 -4.0 ↑ 0.2 Remedy-R Remedy-R 94.2 ↑ 1.9 95.4 ↑ 2.0 94.6 ↑ 2.1 92.0 ↑ 5.5 94.1 ↑ 2.9

Base = ALMA-R-13B | Remedy-R = 14B
SacreBLEU XCOMET-XXL

- - 18.2 22.8 15.9 26.2 20.8 - - 76.5 91.0 80.4 79.6 81.9
Remedy-R Remedy-R 20.1 ↑ 1.9 23.2 ↑ 0.4 17.3 ↑ 1.4 34.8 ↑ 8.6 23.8 ↑ 3.1 Remedy-R Remedy-R 77.3 ↑ 0.8 91.4 ↑ 0.3 80.7 ↑ 0.2 84.0 ↑ 4.5 83.3 ↑ 1.4

MetricX-24-XXL Remedy-R
- - -5.2 -2.1 -3.8 -3.1 -3.6 - - 90.5 91.4 90.5 88.7 90.3
Remedy-R Remedy-R -5.3 ↓ 0.1 -2.0 ↑ 0.1 -3.8 ↑ 0.1 -2.5 ↑ 0.5 -3.4 ↑ 0.2 Remedy-R Remedy-R 92.1 ↑ 1.6 93.1 ↑ 1.7 91.9 ↑ 1.4 93.2 ↑ 4.5 92.6 ↑ 2.3

Table 10: Agent MT experiments on WMT24 using ALMA-R models as Mbase. We report initial translations (“- /
-”) and Remedy-R Agent refinements (“Remedy-R / Remedy-R”) under multiple metrics. Left: SacreBLEU. Right:
XCOMET-XXL. We additionally report MetricX-24-XXL and Remedy-R scores in the lower blocks.
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Method Step en-cs en-de en-fr en-ja en-ru en-zh Avg

gpt-4o-mini as base translator model
gpt-4o-mini base 54.5 78.6 61.7 58.7 58.0 57.3 61.5
translate_again 1 61.4 ↑ 6.9 81.9 ↑ 3.4 68.4 ↑ 6.6 64.3 ↑ 5.6 64.6 ↑ 6.6 63.5 ↑ 6.3 67.4 ↑ 5.9

translate_again 2 62.5 ↑ 7.9 82.0 ↑ 3.4 69.8 ↑ 8.1 65.6 ↑ 7.0 65.1 ↑ 7.1 64.6 ↑ 7.3 68.3 ↑ 6.8

translate_again 3 62.9 ↑ 8.4 82.5 ↑ 3.9 69.7 ↑ 7.9 65.5 ↑ 6.8 65.6 ↑ 7.6 64.5 ↑ 7.2 68.4 ↑ 7.0

step_by_step 1 56.6 ↑ 2.0 78.7 ↑ 0.1 64.2 ↑ 2.4 59.1 ↑ 0.5 59.8 ↑ 1.8 58.5 ↑ 1.2 62.8 ↑ 1.3

step_by_step 2 60.7 ↑ 6.2 80.8 ↑ 2.3 67.9 ↑ 6.2 62.5 ↑ 3.8 63.0 ↑ 5.0 62.5 ↑ 5.2 66.2 ↑ 4.8

step_by_step 3 61.2 ↑ 6.7 81.2 ↑ 2.6 68.2 ↑ 6.5 62.5 ↑ 3.8 63.6 ↑ 5.6 62.5 ↑ 5.2 66.5 ↑ 5.1

Remedy-R 1 57.6 ↑ 3.1 80.3 ↑ 1.7 66.3 ↑ 4.6 63.0 ↑ 4.4 63.2 ↑ 5.2 63.4 ↑ 6.2 65.6 ↑ 4.2

Remedy-R 2 58.0 ↑ 3.5 81.3 ↑ 2.7 67.2 ↑ 5.5 64.5 ↑ 5.8 64.1 ↑ 6.1 64.0 ↑ 6.7 66.5 ↑ 5.1

Remedy-R 3 58.4 ↑ 3.8 81.3 ↑ 2.7 67.3 ↑ 5.6 64.2 ↑ 5.5 64.3 ↑ 6.3 64.2 ↑ 7.0 66.6 ↑ 5.2

gemini-2.0-flash as base translator model
gemini-2.0-flash base 63.0 80.3 64.5 67.6 65.0 62.3 67.1
translate_again 1 68.7 ↑ 5.6 84.4 ↑ 4.1 70.8 ↑ 6.4 71.2 ↑ 3.6 71.1 ↑ 6.1 70.0 ↑ 7.7 72.7 ↑ 5.6

translate_again 2 68.5 ↑ 5.5 84.1 ↑ 3.8 69.6 ↑ 5.2 70.9 ↑ 3.3 71.2 ↑ 6.2 70.8 ↑ 8.4 72.5 ↑ 5.4

translate_again 3 68.7 ↑ 5.7 84.1 ↑ 3.8 68.6 ↑ 4.1 70.2 ↑ 2.6 70.7 ↑ 5.7 70.3 ↑ 7.9 72.1 ↑ 5.0

step_by_step 1 64.5 ↑ 1.4 81.0 ↑ 0.7 65.6 ↑ 1.2 66.3 ↓ 1.3 65.6 ↑ 0.6 62.0 ↓ 0.3 67.5 ↑ 0.4

step_by_step 2 68.9 ↑ 5.8 84.2 ↑ 3.8 69.7 ↑ 5.3 70.0 ↑ 2.4 70.8 ↑ 5.8 68.4 ↑ 6.1 72.0 ↑ 4.9

step_by_step 3 69.3 ↑ 6.2 84.5 ↑ 4.1 70.3 ↑ 5.8 70.4 ↑ 2.8 71.0 ↑ 6.0 69.5 ↑ 7.2 72.5 ↑ 5.4

Remedy-R 1 62.5 ↓ 0.5 82.0 ↑ 1.6 67.8 ↑ 3.3 69.6 ↑ 2.0 66.5 ↑ 1.5 65.1 ↑ 2.7 68.9 ↑ 1.8

Remedy-R 2 62.8 ↓ 0.2 82.3 ↑ 2.0 67.6 ↑ 3.1 69.9 ↑ 2.3 66.6 ↑ 1.6 65.9 ↑ 3.5 69.2 ↑ 2.0

Remedy-R 3 62.8 ↓ 0.3 81.9 ↑ 1.5 67.9 ↑ 3.4 69.9 ↑ 2.3 66.7 ↑ 1.6 65.8 ↑ 3.5 69.2 ↑ 2.0

Table 11: Refinement performance comparison on the initial translations from GPT-4o-mini and Gemini-2.0-Flash
using paragraph-level WMT24++ benchmark. We report ref-based XCOMET-XXL to measure the translation
quality. Step here means refinement steps or iterations. For translate_again and step_by_step, they adopt the self-
refinement (using gpt-4o-mini and gemini-2.0-flash refinement), while Remedy-R utilizes 32B model Remedy-R
model for refinement.
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Method θ TTS/Turns Acc acc∗
eq Avg

KIWI-XXL ensemble 1 91.1 54.6 72.9
MetricX-23 13B 1 90.7 56.9 73.8
MetricX-23-QE 13B 1 89.0 56.1 72.6
XCOMET-XXL ensemble 1 92.8 57.7 75.3
XCOMET-XXL-QE ensemble 1 91.6 55.8 73.7
ReMedy9B-23 9B 1 94.1 58.2 76.2

EAPrompt (GPT4o-mini) - 1 turn 90.3 45.9 68.1
M-MAD (GPT4o-mini) - 3 turns 94.5 53.7 74.1
GEMBA-MQM (GPT4) - 1 turn 94.5 55.2 74.9

Remedy-R 7B 1 turn 93.7 49.9 71.8
Remedy-R 7B TTS=2 94.1 51.5 72.8
Remedy-R 7B TTS=3 93.7 52.6 73.1
Remedy-R 7B TTS=4 93.7 53.1 73.4
Remedy-R 7B TTS=5 93.7 53.4 73.5
Remedy-R 7B TTS=6 93.7 53.6 73.7

Remedy-R 14B 1 turn 92.4 53.6 73.0
Remedy-R 14B TTS=2 93.3 55.0 74.1
Remedy-R 14B TTS=3 93.7 55.1 74.4
Remedy-R 14B TTS=4 93.7 55.4 74.5
Remedy-R 14B TTS=5 94.1 55.4 74.8
Remedy-R 14B TTS=6 94.1 55.7 74.9

Remedy-R 32B 1 turn 94.5 51.5 73.0
Remedy-R 32B TTS=2 94.1 52.6 73.3
Remedy-R 32B TTS=3 94.5 53.9 74.2
Remedy-R 32B TTS=4 94.9 54.1 74.5
Remedy-R 32B TTS=5 94.5 54.3 74.4
Remedy-R 32B TTS=5 95.0 54.3 74.6

Table 12: Evaluation on WMT MQM23 Metric Shared task. Both KIWI-XXL and XCOMET-XXL are identical
ensembles of 2 × 10.7B and 1 × 3.5B models.
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Remedy-R (14B) ref-free Evaluation Example (Chinese-English)

Source: 麦乐鸡，没有麦乐鸡酱

Translation: Wheat chicken, no maillot chicken sauce

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step based on the given criteria:

• Accuracy
– "麦乐鸡" (màilè jı̄) is a brand name for McDonald’s Chicken McNuggets. The translation "Wheat chicken" is

incorrect and does not convey the intended meaning.
– "麦乐鸡酱(̈màilè jı̄ jiàng) is the brand name for McDonald’s McNugget sauce. The translation "maillot chicken

sauce" is also incorrect and does not convey the intended meaning.

• Fluency
– "Wheat chicken" is not a natural or common English phrase. It sounds awkward and is not idiomatic.
– "Maillot" is a French word meaning "swimsuit" or "jersey," which is completely unrelated to the source text and

makes no sense in this context.
– The phrase "no maillot chicken sauce" is not grammatically correct and is not a natural way to express the idea in

English.

• Completeness
– The translation fails to accurately convey the meaning of both "麦乐鸡" and "麦乐鸡酱." It does not preserve the

intended meaning of the source text.

Given the above evaluation, the translation is very poor in all three criteria: accuracy, fluency, and completeness. ####
Score: 20 (0-100).
The translation is largely inaccurate, awkward, and fails to convey the intended meaning of the source text. A more
appropriate translation would be "McNuggets, no McNugget sauce." However, since the translation provided is so far
off, the score is quite low. A perfect translation would score 100, while a completely incorrect translation would score 0.
Given the significant errors, a score of 20 is appropriate.
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Remedy-R (14B) ref-free Evaluation Example (English-Japanese)

Source: “Which notebook is that?” Ivory asked, sitting down next to Kari on her bed.

Translation: "「哪个笔记本是你的？」アイボリがカリの横に座ってした。「きみのnotebookはどれ？」"

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step based on the given criteria:

• Accuracy: The translation attempts to convey the meaning of the source text, but there are some issues.
– "Which notebook is that?" is translated as "哪个笔记本是你的？" which is in Chinese, not Japanese.
– "Ivory asked" is correctly translated as "アイボリがした".
– "sitting down next to Kari" is translated as "カリの横に座って", which is accurate.
– "on her bed" is missing in the translation.

• Fluency
– The translation is mostly fluent, but the inclusion of "notebook" in English ("notebook") is awkward and unnatural

in Japanese.
– The phrase "哪个笔记本是你的？" is not in Japanese, which makes the translation less fluent.

• Completeness
– The translation is incomplete as it does not convey "on her bed".
– The inclusion of "notebook" in English is unnecessary and adds confusion.

• Language Correctness
– The translation mixes Chinese and Japanese, which is incorrect.
– "notebook" in English is not appropriate in a Japanese translation.

Given these points, the translation is not very good. Let’s assign a score:
- Accuracy: 50 (partially accurate but with significant errors)
- Fluency: 50 (awkward and unnatural due to language mix)
- Completeness: 50 (missing "on her bed" and unnecessary "notebook" in English)
- Language Correctness: 30 (mixing Chinese and Japanese)
#### Score: 45 (0-100).
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Remedy-R (14B) ref-free Evaluation Example (English-German)

Source: “And with hooker Dan Frost sin-binned on the stroke of half-time, their 13 men were on the ropes and Munster
reacted by engineering tries for debutant Patrick Campbell and Andrew Conway.

Translation: Und mit der Hure Dan Frost, die auf den Schlag der Halbzeit sündigte, waren ihre 13 Männer in den Seilen
und Munster reagierte mit technischen Versuchen für den Debütanten Patrick Campbell und Andrew Conway.

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step according to the given criteria:

• Accuracy: The translation attempts to convey the meaning of the source text, but there are some issues.
– "hooker" in rugby refers to a position, not a prostitute ("Hure"). The correct term would be "Flanker" or "Ruckspitz"

in German
– "sin-binned" is a rugby term meaning "sent off for a temporary suspension." The correct translation would be

"gesperrt" or "gesperrt für die Zeitung."
– "on the ropes" is an idiomatic expression meaning "in a difficult situation." A more appropriate translation would

be "in Schwierigkeiten" or "am Ende ihrer Kräfte."
– "engineering tries" is a metaphorical way of saying "scoring tries." The correct translation would be "Tore für" or

"Versuche für."

• Fluency: The translation is mostly fluent but contains several awkward phrases and incorrect vocabulary
choices.
– "sündigte" is not the correct translation for "sin-binned."
– "in den Seilen" is an incorrect translation for "on the ropes."
– "technische Versuche" is not a standard rugby term and is confusing.

• Completeness: The translation does not accurately convey the meaning of the source text.
– "sin-binned" is mistranslated, which changes the meaning significantly.
– "on the ropesïs mistranslated, which also changes the meaning.
– "engineering tries" is mistranslated, which is confusing.

Overall, the translation is quite poor and does not meet the criteria for a high-quality translation. #### Score: 50 (0-100).
The translation has significant issues with accuracy and fluency, and it does not fully convey the meaning of the source
text. A score of 50 reflects these major shortcomings.
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Remedy-R (14B) ref-free Evaluation Example (English-Czech)

Source: So either there’s something wrong with this panel or my multimeter, or they changed the listing.

Translation: Takže bud’ je něco špatně s tímto panelом, nebo s mým virometrem, nebo změnili popis.

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step according to the given criteria:

• Accuracy: The translation attempts to convey the meaning of the source text, but there are some inaccuracies.
– "panel" is correctly translated as "panel".
– "multimeter" is incorrectly translated as "virometrem" (which means "viro-meter" in Czech). The correct translation

should be "multimetro".
– "listingïs translated as "popis", which is a reasonable approximation of "listing" in this context, but "označení" or

"popis produktu" might be more precise.

• Fluency
– The translation is mostly fluent and reads naturally, but "virometrem" is a non-standard term and makes the sentence

sound awkward.
– The sentence structure is mostly correct, but "virometrem" disrupts the flow.

• Completeness
– The translation attempts to convey all the information from the source, but the use of "virometrem" instead of

"multimetro" is a significant inaccuracy.
– The translation is mostly complete but loses some precision due to the incorrect term.

• Language Correctness
– The translation is mostly correct in Czech, but "virometrem" is not a standard term and is incorrect.
– The use of "panelом" (with a Cyrillic "о") is a typographical error. It should be "panel".

Given these points, let’s assign a score:
- **Accuracy:** 75 (due to the incorrect translation of "multimeter")
- **Fluency:** 85 (mostly fluent but disrupted by "virometrem")
- **Completeness:** 80 (mostly complete but loses precision)
- **Language Correctness:** 85 (mostly correct but "virometrem" is incorrect)
#### Score: 78 (0-100).
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Remedy-R (14B) ref-free Evaluation Example (English-Spanish)

Source: According to the office of the commissioner for the protection of the state language, 3,692 language law violations
were reported in 2023. Kiev, Kharkov, and Odessa remain "leaders in terms of the number of complaints of violations.
Therefore, strict controls over the observance of the language rights of citizens in all spheres of public life should be
among the priorities of community leaders this year," Taras Kremen, the country’s Language Ombudsman said.

Translation: Según la oficina del comisionado para la protección del idioma oficial del estado, se reportaron 3.692
violaciones de la ley lingüística en 2023. Kiev, Kharkov y Odessa continúan siendo los "líderes" en términos del número
de quejas sobre violaciones. Por lo tanto, el control estricto sobre el cumplimiento de los derechos lingüísticos de los
ciudadanos en todas las esferas de la vida pública debe ser una prioridad para los líderes comunitarios este año, dijo Taras
Kremen, el Defensor del Lenguaje del país.

Remedy-R’s Evaluation:
Let’s evaluate the translation step by step based on the given criteria:

• Accuracy:
– The translation accurately conveys the meaning of the source text, including the number of reported violations, the

cities mentioned, and the statement by Taras Kremen.
– The phrase "leaders in terms of the number of complaints" is translated as "líderes en términos del número de

quejas," which is a very accurate translation.

• Fluency
– The translation is mostly fluent and reads naturally.
– The sentence structure is clear and follows Spanish grammar rules.
– There are no awkward phrasings or unnatural constructions.

• Completeness
– All the information from the source text is conveyed accurately.
– There are no unnecessary additions or omissions.

• Language Correctness
– The translation is entirely in Spanish without any mixing of languages.
– The use of "Defensor del Lenguaje" for "Language Ombudsman" is a good choice, as it is a more formal and

accurate term in Spanish.

Overall, the translation is very good, with only minor room for improvement in fluency and accuracy. #### Score: 95
(0-100).
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