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Abstract

Over the years, scalar MT metrics have ad-
vanced rapidly on benchmarks. Yet they re-
main black boxes, offering little insight into
their decisions and sometimes degrading un-
der out-of-distribution inputs. We introduce
Remedy-R, a reasoning-driven generative MT
metric trained with reinforcement learning
from pairwise translation preferences, with-
out requiring error-span annotations or distil-
lation from closed LLMs. Unlike scalar MT
metrics that only outputs translation quality
scores, Remedy-R produces step-by-step anal-
yses of accuracy, fluency, and completeness,
enabling more interpretable assessments. With
only 60K pairwise training samples across two
language pairs, Remedy-R remains competitive
with top scalar metrics and GPT-4-based judges
on WMT22-24 metric benchmarks, generalizes
to other languages, and shows strong robust-
ness on OOD stress tests. Moreover, Remedy-
R generates self-reflective feedback that can
be reused for translation refinement. We val-
idate the faithfulness of such feedback with
GPT-4 and show that a simple evaluate—revise
pipeline leveraging Remedy-R’s analyses con-
sistently improves translation quality across di-
verse models without any task-specific tuning.'

1 Introduction

Recent neural machine translation (MT) evaluation
metrics like XCOMET (Guerreiro et al., 2024), Met-
ricX (Juraska et al., 2024), and Remedy (Tan and
Monz, 2025) achieve strong correlations with hu-
man preferences, and in some settings even report
agreement that exceeds expert annotators (Proietti
et al., 2025). Yet, they remain black boxes, produc-
ing a single scalar score with little insight into why
a translation is good or bad.

This opacity matters because translation quality
is multi-dimensional, involving criteria like accu-
racy, fluency, and completeness. A single number
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does not reveal which dimension drives the judg-
ment, and it also complicates robustness: without
explicit decision-making process, metrics may ex-
ploit spurious cues learned during training and de-
grade under out-of-distribution (OOD) inputs such
as source copy and input perturbations (Lo et al.,
2023; Knowles et al., 2024; Moghe et al., 2025).
As a result, existing MT metrics are powerful but
hard to interpret and diagnose.

Recent work has attempted to enhance inter-
pretability through translation error-span predic-
tion, highlighting words or phrases that contribute
to errors (Guerreiro et al., 2024; Treviso et al.,
2024). Despite low overlap with human-annotated
spans, such predictions are inherently local. In par-
ticular, span-based feedback struggles with omis-
sions, discourse-level issues, and sentence-level
phenomena not well captured by span annotations
(e.g., translations in wrong or mixed languages): a
translation may have few or no highlighted spans
yet still be inadequate overall.

Another direction uses LILMs-as-judges to
perform multi-dimensional assessment like
MQM (Freitag et al., 2021). However, many
LLMs-as-judges approaches still reduce the
analysis to a final quality score (Kocmi and
Federmann, 2023b; Fernandes et al., 2023; Qian
et al., 2024), and existing works often rely on
closed commercial LLMs (Lu et al., 2024; Kocmi
and Federmann, 2023a; Zhang et al., 2025; Feng
et al., 2025b), while open models struggle to match
them (Lu et al., 2025). This raises a key question:
how can we train an open, reasoning-based MT
metric that produces informative analyses and
aligns with human preferences, without expensive
error annotations?

We introduce Remedy-R, a generative MT metric
that produces step-by-step analyses along three di-
mensions (accuracy, fluency, completeness) and
a final score. Inspired by recent pairwise pref-
erence framework in Remedy (Tan and Monz,
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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 konnen, die maf3geblich dazu beitragen,

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

¢ Accuracy

translation should reflect this meaning.

* Fluency

which could be simplified.

¢ Completeness

#i### Score: 65.

und ich bin bereit, ein paar Tage zu warten, bevor der Arbeitslohn ablduft. ..

— "sodass sie von Menschen hergestellt werden konnen, die maflgeblich 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 ablduft" 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

— 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,"

— The use of "maflgeblich dazu beitragen" is not clear and does not fit the context.

— 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.

2025), Remedy-R is trained with Reinforcement
Learning via Verifiable Rewards (RLVR) from
pairwise human preferences. Specifically, we de-
fine a deterministic reward that checks whether
the model-implied preference (from parsed final
scores) matches the human preference label, and
optimize Remedy-R with PPO (Schulman et al.,
2017) to maximize verifiable rewards. Unlike
xTower, which depends on GPT-4 distillation and
supervised learning with error spans (Treviso et al.,
2024), Remedy-R trains directly with RLVR on
MT preference data, without requiring error-span
annotations, distillation, or SFT cold-start.

We assess whether Remedy-R’s analyses are
faithful and practically useful in two complemen-
tary ways. First, we validate explanation faith-
fulness with GPT-40-mini (§5.1). Second, we in-
troduce Remedy-R Agent, a simple training-free
evaluate—revise loop that reuses Remedy-R’s anal-
yses as feedback to refine translations (§5). De-
spite never being trained for refinement, the agent
consistently improves translation quality across di-
verse models (Qwen2.5 (Yang et al., 2024), ALMA-
R (Xu et al., 2024b), GPT-40-mini (Achiam et al.,
2023), and Gemini-2.0-Flash) and generalizes to
11 language pairs beyond its two training language

pairs. Our contributions are:

* We propose Remedy-R, a generative MT evalu-
ator that produces step-by-step analyses and a
final score, trained directly via RLVR without
error span annotation or distillation.

* Remedy-R achieves competitive performance
on WMT22-24 meta-evaluation with only
60K training pairs from two language pairs,
and exhibits strong OOD behavior.

* Remedy-R Agent, as a training-free frame-
work, improves translations across diverse
model families, and maintains cross-lingual
generalization beyond its training languages.

2 Method

2.1 Task Formulation

We revisit MT evaluation as follows. Given a
source sentence src, a translation mt, and an op-
tional reference ref* (with ref* = () in reference-
free settings), a metric M outputs a scalar qual-
ity score. Conventional learned metrics directly
map (src, mt, ref*) to a single number, which lim-
its interpretability and reusability for downstream
refinement. In Remedy-R, we formulate MT eval-
uation as conditional text generation guided by



an instruction that specifies the task and criteria,
namely accuracy, fluency, and completeness. The
model follows a reason then score protocol: it first
writes a short analysis and then outputs a numeric
score that we can parse for evaluation. Here, let the
input be:

x = (inst, src, mt, ref™).

where the instruction ¢nst specifies the evaluation
task and criteria (e.g., accuracy, fluency, complete-
ness). The model produces an output sequence y in
a reason-then-score format: a step-by-step reason-
ing analysis and a final numeric score in [0, 100].
We parameterize a conditional policy my(y | x)
and generate autoregressively:

T
mo(y | x) = Hﬂe(yt | X, y<t)- (1

t=1

Here T denotes the output length. The final score
in the output is directly parsed for evaluation and
will support the verifiable rewards used in §2.2.

2.2 Remedy-R Reward Design

We optimize Remedy-R with reinforcement learn-
ing using a simple, fully verifiable reward aligned
with human judgments. The reward combines (i)
a sparse pairwise ranking signal that matches the
model-implied preference to the human preference
label, and (ii) a reward shaping term that encour-
ages predicted scores to be close to human scores,
turning the sparse signal into a richer, continuous
one. We maximize the expected reward with PPO;
training details are in §2.3 (and Appendix A.1).

2.2.1 Pairwise ranking reward.

For each source sentence, we have two translations
mt A, mtp with human scores g4, gp € [0,100].
We define the human preference label by compar-
ing g4 and gp and exclude ties (g4 = gp). We
instruct the model to produce a reasoning COT's
path and two final quality scores s4, sp € [0, 100]
in a fixed format (see the training template below).
Instead of predicting a ranking label directly, we
ask the model to evaluate A and B independently
and to assign scores to each; this enables single seg-
ment evaluation at inference time without quadratic
pairwise comparisons. We randomize the order of
A/ B during training to reduce position bias (Sproat
et al., 2025).

The pairwise ranking reward then checks
whether the model’s predicted ranking matches the

human ranking:

1,
Trank = { 0,
()

This ranking reward is sparse and binary, but fully
verifiable because it depends only on parsed rank-
ings and human labels. If the score block cannot be
parsed or falls outside the valid range, the reward
is zero, and ties are treated as zero reward as well.

if model and human rankings agree,

otherwise.

2.2.2 Reward shaping.

The pairwise ranking reward encourages correct
relative preferences, but it does not calibrate score
magnitudes: many score pairs can yield the same
ranking and thus the same r,x. For instance, if
the model outputs (s4,sp) = (100,99) and the
human scores are (g4, gp) = (100, 0), both cases
receive rynk = 1. This is undesirable because we
ultimately want Remedy-R’s numeric scores to be
meaningful and comparable across translations and
systems, rather than only producing correct order-
ings. To provide a denser learning signal while
remaining robust to noisy human scores, we add
a calibration term that penalizes the deviation be-
tween predicted scores and human scores.

Specifically,lete4 = s4—g4 andep = sp—gpB.
We adopt a Huber-style penalty:

1¢e?
pc(e)z{“’1 e g
le] =3¢, lel >
where c defines a tolerance region (we set c=5 for
all experiments). The Huber form penalizes small
errors smoothly while being less sensitive to large
outliers, which is helpful given annotator noise and
near-tie cases (Freitag et al., 2021; Tan and Monz,
2025). We normalize and average the penalties to

obtain
w _ 1 <pc(€A) + pc(eB)> )
2 c c

“
The final shaped reward is

" = Trank ° (1_/8w)7 &)

where (3 controls shaping strength. We apply shap-
ing only when the ranking is correct (through mul-
tiplication by rnk), preserving strict verifiability
while improving score calibration. Appendix A.2
presents an ablation study on reward shaping. We
also tested an auxiliary explanation-quality penalty
using genRM, which provided only marginal gains.
Accordingly, we adopt the ranking reward with
Huber shaping for all main results.



2.3 RLVR Training with PPO

We train Remedy-R with RLVR using the verifi-
able reward defined in §2.2. Given an input trans-
lation pair, the model generates analyses and final
scores in a fixed format; we parse the score block
and compute a terminal scalar reward based on (i)
agreement with the human pairwise preference and
(i1) Huber-based score calibration.

We optimize the policy with Proximal Policy Op-
timization (PPO) (Schulman et al., 2017), using a
KL penalty to a frozen reference model to stabilize
updates and avoid reward over-optimization. Since
rewards are terminal, we estimate token-level ad-
vantages with Generalized Advantage Estimation
(GAE) and set A = 1 following recent practice (Hu
et al., 2025). Full objectives and training details
are provided in Appendix A.1.

3 Experimental Setup

This section describes our training data, evaluation
benchmarks, baselines, and implementation details.

3.1 Training Data

We train Remedy-R on WMT20 MQM (Mathur
et al., 2020), constructing pairwise preferences
from scalar scores without error-span annotations.
MQM is expert-annotated and typically more
reliable than crowd-sourced Direct Assessment
(DA) (Freitag et al., 2021). In a preliminary exper-
iment, we augmented training with an additional
120K DA preference pairs but observed no clear
gains, suggesting that preference quality matters
more than quantity. After constructing pairwise
preferences from human scores, we obtain around
60K training pairs covering English—-German and
Chinese—English.

3.2 Meta Evaluation Benchmarks

We evaluate Remedy-R on (i) official WMT22—-
24 MQM metric benchmarks (Freitag et al., 2022,
2023, 2024) and (ii) the MSLC-24 robustness
suite (Knowles et al., 2024). WMT22-24 pro-
vides standardized MQM-based meta-evaluation
covering a large number of MT systems across
multiple language pairs. MSLC-24 contains con-
trolled OOD and adversarial conditions, including
empty inputs, source copy, wrong or mixed lan-
guage outputs, unrelated translations, and perturba-
tions, testing whether metrics penalize degenerate
or inconsistent outputs.

3.3 Baselines

We compare Remedy-R against two main classes
of strong baselines that represent common systems
in MT evaluation: (i) LLM-as-judge evaluators that
use prompting to produce direct scores or MQM er-
ror spans, and (ii) scalar metrics trained to regress
human scores or optimize preferences.

LLM-as-judge. We include GEMBA (Kocmi
and Federmann, 2023b,a) as a widely used GPT-
4-based family covering direct assessment scor-
ing and MQM error spans, and PalLM-based judg-
ing (Fernandes et al., 2023; Chowdhery et al., 2023)
as an alternative closed LLM evaluator. For open
models, we compare to EAPrompt (Lu et al., 2024),
which combines chain-of-thought reasoning with
span-based feedback, and MQM-APE (Lu et al.,
2025), which augments MQM error analysis with
an filtering stage to reduce non-impactful errors.

Scalar MT metrics. We compare against
COMET-22 (Rei et al., 2022), a widely adopted
XLM-R-based regression metric, and MetricX-
XXL (Juraska et al., 2023, 2024), a state-of-the-art
mT5-XXL-based regression metric with strong per-
formance on WMT22-24. We also include PalLM-
2 BISON fine-tuning (Fernandes et al., 2023)
as a large-model regression baseline and Rem-
edy (Tan and Monz, 2025) as a recent preference-
optimization approach.

3.4 Implementation and Meta-Evaluation

We train Remedy-R on Qwen2.5 instruct models
(7B, 14B, 32B) using VeRL (Sheng et al., 2024)
with PPO and vLLM (Kwon et al., 2023) for roll-
outs. We use max sequence length 2048, Adam
with learning rate 5x1076, and effective batch
size 2048. We also experimented with Qwen2.5-
base checkpoints and observed comparable perfor-
mance, while instruct versions converged faster.
we train for 2 epochs since gains plateau afterward
(Figure 2), taking 10-27 hours on 4-8 H100/H200

For meta-evaluation, we use the official WMT
toolkit (MTME)? and report system-level pairwise
accuracy (Acc) (Kocmi et al., 2021) and segment-
level tie-calibrated accuracy (acc:q) (Deutsch
et al., 2023), with Perm-Both significance test-
ing (Deutsch et al., 2021). For WMT?24, we report
Soft Pairwise Accuracy (SPA) (Thompson et al.,
2024; Freitag et al., 2024).

2https://github.com/google-research/
mt-metrics-eval
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Type Methods 0 System-Level Segment-Level acc:q Avg
Acc (3LPs) Avg En-De En-Ru Zh-En Corr

COMET-22-DA 0.5B 82.8 54.5 58.2 49.5 55.7 68.7

Scalar COMET—22 (ensemble) 5x0.5B 83.9 57.3 60.2 54.1 57.7 70.6
Metrics MetricX-XXL 13B 85.0 58.8 61.1 54.6 60.6 71.9
PalLM-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
EAPrompt (Llama?2) 70B 85.4 523 55.2 514 50.2 68.9
EAPrompt (Mistral) 8x7B 84.0 50.9 53.8 50.6 48.2 67.5
EAPrompt (GPT3.5-Turbo) >100B 91.2 533 56.7 53.3 50.0 72.3
GEMBA-MQM (Qwen) 72B 84.7 53.8 56.0 54.7 50.6 69.3

LLM MQM-APE (Qwen) 72B 85.8 54.5 56.4 55.7 514 70.2
Judges 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 55.0 534 72.7

PalLM 540B 90.1 50.8 554 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 (accg,), 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 Evaluation
Results and Analyses

In this section, we evaluate Remedy-R on auto-
matic translation evaluation tasks and address three
questions: (a) how Remedy-R compares with top
scalar MT metrics and LLM-as-judge (§4.1); (b)
how performance changes under test-time-scaling
with multiple evaluation passes (§4.2); and (c)
whether the model behaves robustly on out-of-
domain stress tests (§4.3).

4.1 Meta Evaluation on WMT benchmarks

As shown in Table 1, Remedy-R achieves lead-
ing performance on the WMT22 metric bench-
mark compared to both commercial LLM judges
and open metrics. Specifically, Remedy-R 7B
surpasses all open LLM-as-judge baselines with
70B parameters (e.g., EAPrompt and MQM-APE),
while Remedy-R 32B exceeds GEMBA-DA (GPT-
4). Among scalar metrics, Remedy-R also outper-
forms the regression-based PalLM-2 BISON and
MetricX-XXL, showing that our model aligns with
human ratings on human translation quality judg-
ments.

In addition, we also provide additional results
on WMT23 and WMT24 metric benchmarks in

Table 12 and Table 6. The results highlight that
Remedy-R achieves on-par or superior perfor-
mance to the current SOTA metrics. For example,
on wmt23, Remedy-R-7B outperforms EAPrompt
that is based on GPT40-mini, and Remedy-R 14B
and 32B performs on par with KIWI-XXL and
MetricX-23. On wmt24, Remedy-R outperforms
GEMBA-ESA (GPT4), MetricX-24-Hybrid, and
XCOMET-XXL (see details in Table 6).

4.2 Test Time Scaling with multiple
Evaluation Passes

Remedy-R’s generative reasoning nature enables
the application of Test-Time Scaling (TTS), where
multiple evaluation passes are performed with dif-
ferent reasoning trajectories and their quality scores
are aggregated. In this setting, we adopt a simple
implementation that averages the quality scores
from multiple independent evaluations.

We found performing more evaluation trajecto-
ries at test time consistently enhances performance
across all model sizes (see Figure 3 in Appendix).
Notably, Remedy-R-14B reaches an average cor-
relation of 74.9, matching the strongest GEMBA-
MQM performance. The steady improvement from
7B to 32B suggests that iterative reasoning stabi-



ref? empty empty src wrong mix unrelated
) mt src+ref  copy lang lang mt
COMET-22 v 57.00% 58.81% 69.85% 67.84% 6556%  45.23%
KIWI X 5487% 67.72% 52.15% 82.64% 78.75%  41.95%
XCOMET v o 7379% 64.12% 82.04% 85.65% T1.77%  20.31%
MetricX-24-XXL. v -9.59 -5.85 -12.59 -3.06 -10.08 -24.15
MetricX-24-XXL X -7.34 -5.85 -11.36 -2.51 -7.78 -24.25
GEMBA-ESA X 14.00% 13.5% 11.12% 14.32% 18.08% 1.27%
ReMedy-R-7B v 1.00% 7.07% 76.92% 43.69% 60.6% 1.5%
ReMedy-R-14B v 0.00% 0.00% 11.35% 14.6%  37.6% 0.6%
ReMedy-R-32B v 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 O (higher is better). We provide additional reference-free Remedy-R results in Table 7.

lizes evaluation outcomes and reduces stochastic
variance, yielding more robust and reliable quality
assessments.

Interestingly, we observe that TTS primarily im-
proves segment-level accy, rather than system-level
correlation (see Table 12). We hypothesize that this
phenomenon is mostly due to the limitations of
current meta-evaluation metrics. As noted by Per-
rella et al. (2024), tie-calibrated pairwise accuracy
(acc:q) tends to favor metrics that output continu-
ous rather than discrete scores. Averaging multi-
ple predictions effectively smooths discrete outputs
into continuous scores, improving agreement with
tie-calibrated accuracy, which favors metrics with
finer score granularity.

4.3 Analyses on Challenge sets

We evaluate Remedy-R under out-of-distribution
(OOD) and adversarial conditions on MSLC24, and
additionally construct an unrelated translation cat-
egory by sampling 50 target-language sentences
from Flores-200 (Costa-Jussa et al., 2022). For
most perturbations (empty outputs, source copies,
wrong-language, unrelated MT), a reliable met-
ric should assign near-zero scores, while mixed-
language outputs with correct meaning but code-
switching should receive moderate scores.

Table 2 shows that scalar metrics (e.g., COMET-
22, MetricX-24) can behave inconsistently under
OOD inputs, sometimes assigning high scores to
degenerate cases; for example, XCOMET scores
73.8%, 64.1%, and 82.0% on empty translation,
empty source/reference, and source copy, respec-
tively. In contrast, Remedy-R is robust and well-
calibrated: it outputs near-zero scores for empty

translations, sharply penalizes source-copy and
wrong-language cases, and assigns moderate scores
to mixed-language inputs.

Unlike MetricX-24 and XCOMET, which use
synthetic augmentation that includes empty or hal-
lucinated translations, Remedy-R is trained without
such data yet still exhibits coherent behavior across
perturbations, indicating stronger generalization
beyond standard WMT conditions.

S ReMedy-R Agent

So far, our analyses have focused on evaluation at
the final score level, i.e., how well Remedy-R’s
predicted quality scores align with human ratings.
However, such correlations do not necessarily im-
ply that the generated analyses are faithful or prac-
tically useful.

We therefore evaluate Remedy-R’s analyses in
two complementary ways: (i) we prompt GPT-4o-
mini to score explanation faithfulness given only
the source and the translation (§5.1); and (i1) we
reuse the analyses as feedback in a simple training-
free evaluate—revise loop (Remedy-R Agent) and
measure translation improvements (§5.2.1-§5.2.2).

5.1 How faithful are Remedy-R’s evaluation
explanations?

We first assess explanation faithfulness by prompt-
ing GPT-40-mini to score how well Remedy-R’s
reasoning is supported by the source sentence and
the translation hypothesis only. We conduct this
analysis on the WMT22 metric evaluation test set
and sample 300 examples for each MQM language
pair (en-de, en-ru, zh-en), resulting in 900 exam-



Mpeedback  Miefinemens  €s-uk en-cs en-de en-es en-hi en-is en-ja en-ru en-uk en-zh ja-zh | Avg
Mpase = Owen2.5-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 t06 67.2 136 89.4 110 85.0 413 51.5 139 34.4 +19 77.9 1431 779 122 63.2 146 84.5 106 72.7 102 |70.4 122
x-Tower x-Tower 77.1 +77 62.5 111 91.4 130 86.5 +28 45.0 126 34.1 t16 65.6 192 80.2 t+45 70.4 +118 82.8 111 68.3 j42 |69.4 +12
Remedy-RRemedy-R74.1 t47 68.3 147 89.8 t14 84.9 t12 52.6 450 35.8 132 77.8 129 77.4 117 64.3 157 83.8 yo1 72.4 yo1 [71.0 128
x-Tower Base 73.0 136 68.5 149 90.2 +18 85.3 +17 51.3 137 34.6 120 78.6 138 78.5 t28 65.1 165 84.3 104 71.9 o6 |71.0 128
Remedy-R Base 74.8 154 68.2 146 90.3 119 85.6 119 53.1 455 36.3 137 79.3 145 79.2 135 64.5 159 84.1 102 72.4 o1 |71.6 134

Table 3: Agent MT experiments on WMT24 using Qwen2.5-14B models as the initial Mp,g 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-
fulness scores. Overall, Remedy-R explanations
receive consistently high faithfulness scores, and
faithfulness improves with model scale.

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

7B 79.10 76.57 7495 76.87
14B 80.02 76.75 78.05 78.27
32B 81.18 79.05 78.38 79.54

Table 4: GPT-40-mini faithfulness scores for Remedy-
R explanations on WMT22 MQM test samples (300
per language pair). GPT-40-mini is given the source,
translation, and explanation. Higher score means more
faithful explanations.

5.2 Reusing Remedy-R Analyses for
Training-Free Refinement

In the evaluate-revise setting, three models are
involved:

* Mpase: a translator that produces an initial
translation for a source sentence;

* Mfeeqpack: an evaluator that inspects the trans-
lation and generates an analysis as feedback;

* Mefinemens: a refiner that revises the transla-
tion conditioned on (src, mt, feedback).

Instantiating these roles yields a training-free
loop (Remedy-R Agent) that reuses Remedy-R’s
analyses for translation refinement. We evaluate
the loop under controlled configurations and on
strong open (Table 3 and 10) and closed (Figure 1)
MT systems .

5.2.1 Controlled agent experiments with
Qwen translators

We first test whether Remedy-R’s analyses pro-
vide useful guidance beyond self-refinement by

fixing Mefinement = Mpase and comparing: (1) self-
refinement (Mfeeapack = —), where the translator re-
vises its own output without external feedback; and
(2) feedback-refinement (Mfeeqpack = Remedy-R),
where the translator revises using Remedy-R’s anal-
ysis as additional context. Across model scales,
feedback-refinement yields consistent improve-
ments (e.g., +3.4 XCOMET score for 14B Qwen).

We further compare Remedy-R feedback to x-
Tower (Treviso et al., 2024), a GPT-4—distilled eval-
uator that relies on external span supervision from
xCOMET-XL (Guerreiro et al., 2024). At similar
scales, Remedy-R achieves larger and more stable
gains (14B Qwen: +3.4 with Remedy-R feedback
vs. +1.2 for x-Tower as refiner in Table 3).

Finally, we test a unified setting where
Mfeedback = Mreﬁnement = Rem“ly R, ie., RemedY'
R generates an analysis and then refines based on
its own feedback. This unified setting performs
comparably to using Remedy-R for feedback and
the base translator for refinement (Table 3), indi-
cating that Remedy-R’s analyses can be effectively
reused for refinement even without any post-editing
training.

5.2.2 Applying Remedy-R Agent to strong
closed LLMs

Finally, we test whether Remedy-R Agent re-
mains effective when applied to strong closed LLM
translators. Following prior work on multi-pass
translation refinement (Briakou et al., 2024; Wu
et al., 2025), we evaluate on the WMT24++ bench-
mark (Kocmi et al., 2024) and set M} s to GPT-
4o0-mini and Gemini-2.0-Flash. We use Remedy-R-
32B as Mjeeqpack and apply iterative training-free
evaluate—revise steps. For comparison, we include
each model’s internal self-refinement baselines, in-
cluding step-by-step (Briakou et al., 2024) and
translate-again (Wu et al., 2025).

As shown in Figure 1, Remedy-R Agent con-
sistently improves translation quality on both
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Figure 1: Refinement performance comparison on the initial translations from GPT-40-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-40-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-40-mini, Remedy-R Agent
achieves gains comparable to step-by-step refine-
ment, while on Gemini-2.0-Flash it attains a sub-
stantial fraction of the gains from self-refinement.
Notably, Remedy-R Agent uses only a 32B open
model for feedback, yet remains effective on trans-
lations produced by significantly larger closed
LLMs, highlighting the generality of Remedy-R’s
feedback across model families.

In addition, we observe consistent improvements
when applying Remedy-R Agent to ALMA-R (Xu
et al., 2024a), see Appendix A.7.

6 Related Work

6.1 Automatic Translation Evaluation

Early MT metrics such as BLEU (Papineni et al.,
2002) and ChrF (Popovi¢, 2015) rely on surface
matching and correlate weakly with human judg-
ments (Freitag et al., 2022). Learned scalar met-
rics (Rei et al., 2020; Juraska et al., 2023; Tan and
Monz, 2025) achieve higher correlations with hu-
man, but remain opaque and can degrade under
OOD conditions (Lo et al., 2023; Knowles et al.,
2024). For interpretability, xCOMET (Guerreiro
et al., 2024) predicts MQM-based error spans, and
xTower (Treviso et al., 2024) distills GPT-4 expla-
nations conditioned on such spans.

6.2 Reasoning for Machine Translation

Reasoning has been explored for both MT evalua-
tion and generation. For evaluation, recent LLM-
as-judge systems use multi-stage or multi-agent de-
signs to structure assessments (Feng et al., 2025b;

Zhang et al., 2025). For generation, RL-based ap-
proaches optimize translation quality using learned
rewards, e.g., MT-R1-Zero (Feng et al., 2025a) and
Hunyuan-MT (Zheng et al., 2025).

6.3 Translation Agents

Agentic translation methods iteratively improve
translations via self-refinement or decomposed sub-
tasks, e.g., translate-again (Wu et al., 2025) and
step-by-step (Briakou et al., 2024). Closest to our
setting, xTower (Treviso et al., 2024) can be used
to support post-editing via span-based explana-
tions. Our goal is not to propose a new translation
pipeline; we use a simple evaluate-revise loop as a
lightweight diagnostic to test whether Remedy-R’s
feedback can guide refinement.

7 Conclusions

A longstanding challenge in MT evaluation is lim-
ited explainability, which undermines metric relia-
bility and robustness. We introduce Remedy-R, a
generative reasoning-based MT metric trained with
RLVR from pairwise human preferences using a
verifiable reward, without error-span annotations.
Remedy-R produces multi-dimensional analyses
(accuracy, fluency, completeness) followed by a
final score, achieves competitive performance on
WMT?22-24 benchmarks, and remains robust on
OOD tests. Beyond score-level correlation, we
validate the faithfulness and practical value of its
quality analyses via Remedy-R Agent: a training-
free evaluate-revise loop that consistently improves
translations across models and language pairs, in-
cluding strong open and commercial systems.



Limitations

In this paper, we do not conduct human evalua-
tion to measure the faithfulness of Remedy-R’s
evaluation explanations due to limited budgets.
However, we conduct this experiments with GPT-
40-mini with 900 random samples in the official
WMT22 metric test set. As a generative evaluator,
Remedy-R produces natural-language reasoning
explanations that may not always perfectly reflect
the underlying scoring process. We therefore in-
clude faithfulness checks and qualitative analyses;
nonetheless, fully guaranteeing reasoning faithful-
ness remains an open challenge for all reasoning
LLMs.

Broader Impact

We acknowledge there might be several ethical con-
siderations in MT evaluation research such as gen-
der bias. We prioritize high-quality open-sourced
data and model in this research. We acknoledge
that automatic metrics can reflect societal biases
that is in training data, such as human biases.
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A Appendix

A.1 RLVR Training Details

We train Remedy-R using reinforcement learning
with the verifiable reward in §2.2. The model acts
as a policy that, given an input, generates reasoning
steps and final scores, and then receives a scalar re-
ward that reflects alignment with human judgments.
This objective is to update the model so that high-
reward behaviors become more likely over time.
Formally, the model defines a conditional policy
me(y | x) over output sequences. After generating
a response, we compute a scalar reward and maxi-
mize the expected return with gradients estimated
via the policy gradient theorem:

T(0) = Bxymmy[r(y, %)),

T
Vo (6) =E[ 3 Vologmy | yi.x) Ar].
t=1
(6)

where A; denotes the token-level advantage.
This estimator increases the likelihood of high-
reward generations and decreases that of low-
reward ones, aligning the model’s behavior with
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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.

Evaluation Criteria:

agreement, word order, punctuation, spelling, register.

first):
#### A: [score] B: [score]

Source: $SOURCE

Reference: SREFERENCE
Translation A: $STRANSLATION_A
Translation B: $STRANSLATION_B

You are also given a reference (not always perfect) to help you assess the quality.

¢ 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,

* 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

Now evaluate this $SRC_LANG-$TGT_LANG translation:

J

the reward signal. We optimize this objective using
Proximal Policy Optimization (PPO) (Schulman
et al., 2017), which stabilizes updates by clipping
the ratio between the new and the old policy, while
regularizing against a frozen reference model 7y,
to prevent reward over-optimization. During train-
ing, each rollout prompts the model with a transla-
tion pair, generates an evaluation output, parses the
scores, computes the reward, estimates token level
advantages, and finally applies PPO updates. We
then optimize the following PPO objective:

Lepo(0) = E¢[€:(0)] — Br KL(m || mref) ,

7
0,() min(rt(G)At, Clipe(rt(ﬁ))At>. @

Here, 74(0) % is the likelihood
old ’

ratio, € is the clipping threshold, and Ski controls
the strength of the KL penalty that regularizes the
updated policy toward a frozen reference policy
7y, (the corresponding pretrained base model of
the same size). Rewards are terminal and defined
on the final parsed score. For advantage estimation,
we use Generalized Advantage Estimation (GAE)
with A = 1, which trades off bias and variance by
exponentially weighting multi step returns:

A = (7)\)l5t+l,
lzg (8)
6r = ¢ +YVip(se41) — Vis(se)-

where V;, is the value function, and v € (0, 1]
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and \ € [0, 1] are standard discounting hyperpa-
rameters. Following recent work (Hu et al., 2025),
we set A = 1, which simplifies the estimator to a
discounted Monte Carlo return and improves sta-
bility in practice.

A.2 Ablation study on WMT22 Metric
Benchmark

We conduct an ablation study on the WMT22 met-
ric benchmark to isolate the effect of our reward
design during RLVR training. Unless otherwise
specified, all ablations in this subsection are per-
formed with Remedy-R 7B. We compare two re-
ward settings: (1) a pure pairwise ranking reward
that only verifies whether the model-implied pref-
erence matches the human preference label; and (2)
adding Huber reward shaping to encourage better
calibration and reduce overly discrete score behav-
iors.

As shown in Table 5, adding Huber reward shap-
ing consistently improves accuracy at both the sys-
tem and segment levels. In particular, Huber shap-
ing improves system-level accuracy from 87.6% to
89.1% and segment-level accuracy from 52.7% to
54.8%, yielding a +1.7% absolute gain in average
accuracy. These results suggest that Huber shap-
ing provides a more informative learning signal
beyond binary preference verification and leads to
better-aligned quality judgments.

We further explore incorporating an explanation
quality penalty into the reward. Instead of training
a separate reward model, we reuse the same base



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-
ative rationale judge (genRM). Given the source,
translation, and the model-generated explanation,
genRM produces a scalar score intended to reflect
the rationale’s faithfulness and relevance. We sub-
tract this score (scaled by a fixed coefficient) from
the RL reward, penalizing low-quality explanations
while keeping the pairwise preference verification
term unchanged.

We provide the reward dynamics during train-
ing in Figure 2. As shown in Table 5, adding this
penalty results in only a marginal change in accu-
racy in our Remedy-R 14B setting. Overall, this
suggests that the main gains come from the pair-
wise reward with Huber shaping, while explanation-
based regularization provides at most a small addi-
tional benefit under our current design.

A.3 Test Time Scaling with multiple
Evaluation Passes

Remedy-R’s generative reasoning nature enables
the application of Test-Time Scaling (TTS), where
multiple evaluation passes are performed with dif-
ferent reasoning trajectories and their quality scores
are aggregated. In this setting, we adopt a simple
implementation that averages the quality scores
from multiple independent evaluations.

As shown in Figure 3, performing more eval-
uation trajectories at test time consistently en-
hances performance across all model sizes. No-
tably, Remedy-R-14B reaches an average corre-
lation of 74.9, matching the strongest GEMBA-
MQM performance. The steady improvement from
7B to 32B suggests that iterative reasoning stabi-
lizes evaluation outcomes and reduces stochastic
variance, yielding more robust and reliable quality
assessments.

Interestingly, we observe that TTS primarily im-
proves segment-level accg, rather than system-level
correlation (see Table 12). We hypothesize that this
phenomenon is mostly due to the limitations of
current meta-evaluation metrics. As noted by Per-
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rella et al. (2024), tie-calibrated pairwise accuracy
(acczq) tends to favor metrics that output continu-
ous rather than discrete scores. Averaging multi-
ple predictions effectively smooths discrete outputs
into continuous scores, improving agreement with
tie-calibrated accuracy, which favors metrics with
finer score granularity.

A4 WMT23 Metric Benchmark

We report results on the WMT23 MQM metric
shared task in Table 12. We compare Remedy-R
against established reference-based metrics (e.g.,
XCOMET-XXL, MetricX-23), QE variants, and
recent LL.M-based judges. For Remedy-R, we
additionally evaluate test-time scaling (TTS)
by sampling multiple reasoning outputs and
aggregating their predicted scores (TTS=k). We
report both system-level accuracy (Acc) and
segment-level acc:q, together with the average of
the two.

As shown in Table 12, increasing TTS gener-
ally improves acc:q more consistently than Acc,
leading to steady gains in the overall average. This
trend is most pronounced for smaller models (7B),
where TTS closes a substantial portion of the gap
to stronger baselines, and remains beneficial for
14B and 32B as well. These results support our
claim that sampling-based aggregation helps miti-
gate discrete score behaviors and yields more stable

segment-level judgments.

A.5 WMT24 Metric Benchmark

Methods Rank Avg Sys  Seg
corr SPA acc:q
ReMedyogp.24 1 72.9 859 60.0
Remedy-R-14B 2 726 879 572
MetricX-24-Hybrid 3 721 856 585
XCOMET-XXL 4 719 86.1 57.6
MetricX-24-Hybrid-QE 5 714 849 58.0
GEMBA-ESA (GPT4) 6 71.1 84.6 57.6
Remedy-R-32B 7 706 853 56.2
Remedy-R-7B 8 706 858 554
XCOMET-XXL-QE 9 69.5 833 557
Skywork-RM 10 69.0 832 54.7

Table 6: Evaluation on WMT24 MQM set. We report

the official accuracy percentage (SPA and acc;,).

Table 6 reports results on the WMT24 MQM
metric benchmark. Following the official shared
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task protocol, we report system-level accuracy
(SPA) and segment-level acc:q, as well as their
average correlation score (Avg corr) and the corre-
sponding rank.

Remedy-R achieves competitive performance
on WMT24 across model scales. In particu-
lar, Remedy-R-14B ranks second overall and
attains the best system-level accuracy (SPA).
While Remedy-R-32B and Remedy-R-7B show
slightly lower segment-level acc;‘q than top base-
lines, their overall average remains comparable to
strong reference-based metrics such as MetricX-

14

24-Hybrid and XCOMET-XXL.

A.6 GPT-40-mini Faithfulness Prompt

We use the following prompt to assess the faithful-
ness of Remedy-R’s evaluation explanations. GPT-
4 is given the source sentence, the translation hy-
pothesis, and the explanation only (no reference
translation), and returns a JSON object containing
a faithfulness_score and a brief reason.

System:



ref? empty empty src wrong mix unrelated
) mt src+ref  copy lang lang mt
COMET-22 v 57.00% 58.81% 69.85% 67.84% 6556%  45.23%
KIWI X 5487% 67.72% 52.15% 82.64% 78.75%  41.95%
XCOMET v o 7379% 64.12% 82.04% 85.65% T1.77%  20.31%
MetricX-24-XXL. v -9.59 -5.85 -12.59 -3.06 -10.08 -24.15
MetricX-24-XXL X -7.34 -5.85 -11.36 -2.51 -7.78 -24.25
GEMBA-ESA X 14.00% 13.5% 11.12% 14.32% 18.08% 1.27%
ReMedy-R-7B v 1.00% 7.07% 76.92% 43.69% 60.6% 1.5%
ReMedy-R-7B X 0.83% 5.40% 90.38% 33.15% 65.4% 2.0%
ReMedy-R-14B v 0.00% 0.00% 11.35% 14.6% 37.6% 0.6%
ReMedy-R-14B X 0.00% 0.00% 28.07% 12.1%  35.5% 1.0%
ReMedy-R-32B v 0.00% 0.00% 2.76% 830%  46.0% 1.3%
ReMedy-R-32B X 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 experiments

Table 10 reports additional Remedy-R Agent re-
sults on WMT?24 using strong open-source ALMA-

R translators as Mp,.. We evaluate two base
settings: ALMA-R-7B with Remedy-R-7B, and
ALMA-R-13B with Remedy-R-14B. For each lan-
guage direction, we report multiple automatic
metrics, including SacreBLEU, XCOMET-XXL,
MetricX-24-XXL, and Remedy-R’s own scores.
We include both the initial translations (row “-/ -”)
and the refined outputs produced by the Remedy-
R Agent (row “Remedy-R / Remedy-R”), where
Remedy-R generates the explanation and performs
the refinement based on its own feedback.

Overall, Remedy-R Agent consistently improves
translation quality across language pairs, with par-
ticularly large gains on en-zh. These results com-
plement the main agent experiments and further
demonstrate that Remedy-R’s reasoning can be
reused to drive refinement even when the initial
translations come from a strong external MT sys-
tem.

A.8 Remedy-R examples

We further provide several examples of the
Remedy-R-14B  model, including Chinese-
English, English-Japanese, English-German,
English-Czech, English-Spanish.
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Mpeeapack ~— Mrefinement cs-uk en-cs en-de en-es en-hi en-is en-ja en-ru en-uk en-zh ja-zh Avg
Mpase = 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 64.3 114 55.0 +19 86.4 104 82.1 102 39.1 +12 30.7 09 69.6 o1 72.1 t09 53.8 +23 82.7 o1 70.4 +05 |64.2 108
x-Tower x-Tower 75.6 1126 57.0 1439 90.7 147 85.8 39 40.3 124 33.6 137 62.3 174 79.3 180 69.2 1177 82.2 jo6 66.5 134 |67.5 142
Remedy-R Remedy-R 66.0 131 56.0 129 87.2 111 83.2 413 40.5 126 309 t11 71.8 121 73.4 121 54.6 131 83.2 105 69.7 yo2 |65.1 113
x-Tower Base 66.3 134 55.8 126 87.3 113 83.0 +1.1 39.4 115 30.3 105 70.4 t07 74.2 +29 56.0 +44 83.0 t02 69.7 Lo2 |65.0 +17
Remedy-R Base 65.8 129 55.9 128 86.9 t09 829 110 40.4 125 30.5 107 71.5 118 73.3 121 54.4 129 83.0 103 69.3 yos |64.9 t16
Mpase = 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 v06 67.2 436 89.4 110 85.0 +13 51.5 139 344 +19 77.9 131 77.9 122 63.2 146 84.5 106 72.7 102 |70.4 122
x-Tower x-Tower 77.1 177 62.5 y11 91.4 130 86.5 128 45.0 126 34.1 116 65.6 92 80.2 t45 70.4 +118 82.8 111 68.3 142 |69.4 +12
Remedy-R Remedy-R 74.1 147 68.3 147 89.8 114 84.9 +12 52.6 150 35.8 132 77.8 129 77.4 117 64.3 157 83.8 yo1 72.4 yo1 |71.0 123
x-Tower Base 73.0 136 68.5 49 90.2 +1.8 85.3 117 51.3 137 34.6 120 78.6 138 78.5 +28 65.1 165 84.3 104 71.9 Jos |71.0 128
Remedy-R Base 74.8 154 68.2 146 90.3 +19 85.6 119 53.1 155 36.3 137 79.3 145 79.2 135 64.5 159 84.1 102 72.4 yoa |71.6 134
Mpase = Qwen2.5-it-32B | Remedy-R = 32B | x-Tower = 14B (w. XComet-XL = 3.5B)
- - 74.0 68.2 89.6 84.6 534 35.1 78.0 76.9 64.0 83.5 72.6 70.9
- Base 75.0 110 69.5 +13 90.0 104 85.5 109 55.4 120 36.5 t+14 78.7 v07 77.2 +03 66.7 127 83.8 103 73.6 +1.0 |72.0 +1.1
x-Tower x-Tower 77.5 135 63.5 147 91.7 121 86.1 115 45.5 179 34.2 yo9o 66.7 ;112 80.2 132 71.6 +76 82.5 y10 68.2 yas5 [69.8 111
Remedy-R Remedy-R 76.6 126 71.5 33 91.1 115 85.6 +10 57.1 137 37.4 122 80.4 125 78.5 116 67.8 138 84.0 to6 73.3 107 |73.0 121
x-Tower Base 75.6 +16 704 122 91.2 116 86.1 +15 56.1 127 36.5 +14 80.5 126 80.3 +33 69.1 +51 84.8 +13 72.7 101 |73.0 +21
Remedy-R Base 76.9 129 71.5 133 91.0 114 85.9 113 56.8 134 37.2 121 81.1 132 79.4 +25 67.8 138 83.9 105 73.4 108 |73.2 123

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

Myeedback  Myrefinemen:  €s-uk en-cs en-de en-es en-hi en-is en-ja en-ru  en-uk en-zh ja-zh Avg
Mpase = 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 -5.9 126 -9.6 114 -2.2 114 -3.2 110 -10.3 o8 -19.6 t16 -5.9 01 4.2 417 -6.2 139 -2.9 Jo1 -4.6 Los [-6.8 111

Remedy-RRemedy-R-7.8 107 -10.1 110 -3.2 104 -3.8 t04 -8.8 107 -21.1 102 -5.5 105 -5.2 106 -9.3 t08 -2.7 101 -3.9 to1 [-7.4 105
Mpase = 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 t14 -85 102 -2.1 108 -3.0 t05 -9.1 420 -19.4 107 -5.6 yo2 -3.9 107 -5.9 124 -2.8 02 -4.4 yos [-6.4 103

Remedy-RRemedy-R-6.0 t+1.0 -7.3 t10 -2.3 t05 -3.2 103 -6.3 108 -19.1 t10 -4.8 105 -4.3 103 -7.0 412 -2.5 01 -3.6 101 [-6.0 106
Mpase = 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 -5.4 107 -83 Loo -2.1 t05 -3.0 t04 -8.6 125 -18.8 104 -5.5 yo6 -3.9 107 -5.7 t15 -2.8 o1 -4.5 yos [-6.2 Loo

Remedy-RRemedy-R-5.5 t07 -6.6 t07 -2.1 t04 -3.0 103 -5.6 105 -18.3 109 -4.6 103 -4.0 t06 -6.4 108 -2.5 01 -3.7 104 [-5.7 105

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

Mpeedback  Mrefinemens en-cs  en-de  en-ru en-zh  Avg Meeapack  Mefnemens €n-cs  en-de  en-ru  en-zh  Avg
Base =ALMA-R-7F | Remedy-R = 7B
SacreBLEU XCOMET-XXL
- - 16.6 222 14.1 239 19.2 - - 71.9 89.5 713 75.7 78.6
Remedy-R Remedy-R 17.5 t09 222 t0 158 117 27.4 t35 20.7 +1.5 |Remedy-R Remedy-R 71.4 yos 90.4 109 785 113 79.9 142 80.0 114
MetricX-24-XXL Remedy-R
- - -6.2 -2.5 4.5 35 -4.2 - - 92.3 93.4 92.5 86.5 91.2
Remedy-R Remedy-R -6.3 101 -2.4 102 -4.2 103 -3.0 t05 -4.0 102 ‘Remedy—R Remedy-R 94.2 t19 95.4 120 94.6 121 92.0 155 94.1 129
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 20.1 119 23.2 104 17.3 114 34.8 186 23.8 131 |Remedy-R Remedy-R 77.3 108 91.4 103 80.7 102 84.0 145 83.3 114
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 o1 -2.0 to1 -3.8 to1 -2.5 105 -3.4 102 |Remedy-R Remedy-R 92.1 +16 93.1 17 91.9 t14 93.2 145 92.6 123

Table 10: Agent MT experiments on WMT24 using ALMA-R models as Mp,,.. 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-4o0-mini as base translator model

gpt-40-mini base 54.5 78.6 61.7 58.7 58.0 57.3 61.5

translate_again 1 61.4 169 81.9 134 68.4 166 64.3 156 64.6 166 63.5 163 67.4 159
translate_again = 2 62.5 179 82.0 134 69.8 181 65.6 170 65.1 171 64.6 173 68.3 1638
translate_again 3 62.9 +84 82.5 +39 69.7 +79 65.5 168 65.6 +7.6 64.5 172 68.4 170
step_by_step 1 56.6 +20 78.7 101 64.2 124 59.1 105 59.8 +18 58.5 +12 62.8 +13
step_by_step 2 60.7 162 80.8 123 67.9 162 62.5 138 63.0 150 62.5 152 66.2 143
step_by_step 3 61.2 167 81.2 126 68.2 165 62.5 138 63.6 156 62.5 t52 66.5 +5.1
Remedy-R 1 57.6 131 80.3 +17 66.3 146 63.0 144 63.2 152 63.4 162 65.6 142
Remedy-R 2 58.0 135 81.3 127 67.2 455 64.5 158 64.1 161 64.0 167 66.5 +5.1
Remedy-R 3 58.4 +38 81.3 127 67.3 156 64.2 155 64.3 163 64.2 170 66.6 152

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 68.7 156 84.4 141 70.8 164 T71.2 136 71.1 161 70.0 t77 72.7 456
translate_again 2 68.5 155 84.1 138 69.6 152 70.9 133 71.2 162 70.8 184 72.5 154
translate_again 3 68.7 157 84.1 138 68.6 141 70.2 126 70.7 457 70.3 179 72.1 450
step_by_step 1 64.5 +14 81.0 107 65.6 112 66.3 113 65.6 t06 62.0 103 67.5 104
step_by_step 2 68.9 +58 84.2 +38 69.7 153 70.0 124 70.8 158 68.4 161 72.0 149
step_by_step 3 69.3 162 84.5 141 70.3 158 70.4 128 71.0 160 69.5 172 72.5 154
Remedy-R 1 62.5 105 82.0 +16 67.8 433 69.6 120 66.5 +15 65.1 127 68.9 t13
Remedy-R 2 62.8 102 82.3 420 67.6 431 69.9 123 66.6 +1.6 65.9 135 69.2 120
Remedy-R 3 62.8 103 81.9 +15 67.9 134 69.9 123 66.7 t1.6 65.8 135 69.2 120

Table 11: Refinement performance comparison on the initial translations from GPT-4o0-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 (7] TTS/Turns Acc acc:q Avg

KIWI-XXL ensemble 1 91.1 546 729
MetricX-23 13B 1 90.7 569 | 73.8
MetricX-23-QE 13B 1 89.0 56.1 || 72.6
XCOMET-XXL ensemble 1 928 57.7 75.3
XCOMET-XXL-QE ensemble 1 91.6 558 | 73.7
ReMedyop.3 9B 1 94.1 582 | 76.2
EAPrompt (GPT40-mini) - 1 turn 90.3 459 68.1
M-MAD (GPT40-mini) - 3 turns 94.5 537 74.1
GEMBA-MQM (GPT4) - 1 turn 945 552 | 749
Remedy-R 7B 1 turn 93.7 499 | 71.8
Remedy-R 7B TTS=2 94.1 515 | 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 93.7 534 | 735
Remedy-R 7B TTS=6 93.7 53.6 | 73.7
Remedy-R 14B 1 turn 924 53.6 | 73.0
Remedy-R 14B TTS=2 933 55.0 | 74.1
Remedy-R 14B TTS=3 937 55.1 || 744
Remedy-R 14B TTS=4 93.7 554 | 745
Remedy-R 14B TTS=5 94.1 554 | 74.8
Remedy-R 14B TTS=6 94.1 557 | 749
Remedy-R 32B 1 turn 945 515 || 73.0
Remedy-R 32B TTS=2 94.1 52,6 | 733
Remedy-R 32B TTS=3 945 539 | 742
Remedy-R 32B TTS=4 949 54.1 || 745
Remedy-R 32B TTS=5 945 543 | 744
Remedy-R 32B TTS=5 95.0 543 | 74.6

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

Source: KXY, WHZERWYE
Translation: Wheat chicken, no maillot chicken sauce

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

e Accuracy

- "FERM" (mailé ji) is a brand name for McDonald’s Chicken McNuggets. The translation "Wheat chicken” is
incorrect and does not convey the intended meaning.

- "F K18 (maile ji jiang) 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 "2 /K ¥8" and "2 /R ¥G#." 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.

\_ J
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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: " [WFMEICARIREI? | 74 KU 20 ) OBICE>TL 2. [ # ADnotebook & ER? |

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 "B~ 10 A2 /A2 " which is in Chinese, not Japanese.
— "Ivory asked" is correctly translated as " 7 4 K ) AL "

— "sitting down next to Kari" is translated as "7 V) O #iZ - T ", 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 "B M2 AZ/RATY " 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)
##H## Score: 45 (0-100).
\_ _J
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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 siindigte, waren ihre 13 Ménner in den Seilen
und Munster reagierte mit technischen Versuchen fiir den Debiitanten 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 fiir 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 Krifte."

— '"engineering tries" is a metaphorical way of saying "scoring tries." The correct translation would be "Tore fiir" or
"Versuche fiir."

* Fluency: The translation is mostly fluent but contains several awkward phrases and incorrect vocabulary
choices.

— "siindigte" 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 ropesis 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: TakZe bud’ je néco $patné s timto panel O M, nebo s mym virometrem, nebo zménili 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”.

— "listingis translated as "popis", which is a reasonable approximation of "listing" in this context, but "oznaceni" 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 "panel © M" (with a Cyrillic " 0 ") 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: Segtn la oficina del comisionado para la proteccién del idioma oficial del estado, se reportaron 3.692
violaciones de la ley lingiifstica en 2023. Kiev, Kharkov y Odessa contindan siendo los "lideres" en términos del nimero
de quejas sobre violaciones. Por lo tanto, el control estricto sobre el cumplimiento de los derechos lingiiisticos de los
ciudadanos en todas las esferas de la vida publica debe ser una prioridad para los lideres comunitarios este afio, dijo Taras
Kremen, el Defensor del Lenguaje del pais.

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 "lideres en términos del nimero 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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