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Abstract

Preference-learning methods for machine trans-
lation (MT), such as Direct Preference Opti-
mization (DPO), have shown strong gains but
typically rely on carefully curated preference
triplets and often struggle to generalize be-
yond their tuning domains. We propose Re-
inforcement Learning from Teacher-Model Re-
finement (RLfR), which replaces static triplets
with on-policy, actor-conditioned refinements
produced by a frozen teacher. At each step,
the actor samples candidate translations, the
teacher performs a minimal local edit of each
draft, and the actor is reinforced to close the
gap using a composite reward that combines
scaled negative edit distance for lexical and
structural fidelity with COMET for semantic ad-
equacy. This formulation yields a stable, model-
aware learning signal without requiring curated
preference triplets, making it naturally scal-
able to many language pairs without additional
data collection. Experiments on FLORES-200
(en<>de/es/zh/ko/ja) show that RLfR consis-
tently outperforms strong baselines, improving
semantic quality and entity preservation across
automatic, LLM-judge, and human evaluations.

1 Introduction

Recent breakthroughs in large language models
(LLMs) (Achiam et al., 2023; Grattafiori et al.,
2024; Qwen Team, 2024; Yang et al., 2025) have
markedly improved multilingual Machine Transla-
tion, providing strong zero-shot and few-shot capa-
bilities and motivating work on adapting general-
purpose LLMs to production-grade MT (Hoang
et al., 2023; Xu et al., 2023; Alves et al., 2024; Xu
et al., 2024a).

Machine Translation (MT) has advanced through
supervised fine-tuning (SFT) and preference-
learning methods such as Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023; Agrawal
et al., 2024; Tang et al., 2025; Li et al., 2024;
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Ramos et al., 2024). Although effective, these
methods often require curated triplet datasets built
from anchor translations and ranked alternatives,
making data construction costly, slow to iterate, and
difficult to scale across languages and domains.

Recent work has explored reinforcement learn-
ing beyond standard supervised fine-tuning in both
machine translation (Donato et al., 2022) and
reasoning-oriented large language models (Guo
et al., 2025). However, applying reinforcement
learning effectively to machine translation presents
two key challenges. First, translation admits multi-
ple valid outputs, making robust rule-based rewards
difficult to design and potentially brittle under lexi-
cal and syntactic variation. Second, reinforcement
learning against static references or previously sam-
pled responses can provide limited returns for its
computational cost: fixed targets may become mis-
aligned with the model’s current predictions and
often yield only modest improvements over the
initial checkpoint (Table 11).

We address both issues by delegating credit as-
signment to a frozen teacher (e.g., GPT-40-mini)
that produces context-sensitive refinements for
each actor output. Conditioning feedback on the
model’s own translations yields minimal, targeted
edits that preserve sentence structure while steadily
narrowing the actor—teacher gap, resulting in a
more effective and model-aware reinforcement
learning signal.

We present RL from Teacher-model Refinement
(RLfR), a reinforcement-learning framework that
eliminates triplet construction. For every source
sentence, a frozen teacher model (GPT-40-mini)
refines the actor’s draft translation ¢ into a higher-
quality target y*. Lexical and semantic gaps be-
tween ¢ and y* form the learning signal and are
quantified by two complementary metrics: (i) edit
distance (Regit) and (i) COMET (Rcomet ). These
scores are combined into a single reward, and a
critic-free REINFORCE++ (Hu, 2025) update max-
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Figure 1: RLFR follows an incremental generate—refine-reinforce cycle. A policy actor is first initialised, then
refined online by a frozen teacher model, and finally updated with a REINFORCE++ objective that uses multi-

sampling.

imises the expected composite reward, continually
pushing the actor toward the refiner. For evalua-
tion only, we additionally report the M-ETA (Conia
et al., 2024) metric to assess entity-level fidelity.
Our contribution can be summarized as follows:

* Online refinement learning: RLIR replaces
static triplet data with actor-conditioned on-
line refinements from a frozen refiner, remov-
ing dataset curation and frozen references.

* Progressive, multi-metric learning: A single
reward signal that blends edit-distance and
COMET shrinks the actor—refiner gap at every
step, delivering simultaneous gains in lexical
fidelity, semantic adequacy, and entity correct-
ness.

» Strong empirical gains: On the FLORES-
200 benchmark (en<>de/es/zh/ko/ja) RLfR
improves COMET, reduces lexical errors, and
lowers M-ETA entity mistakes, outperforming
diverse baselines.

2 RL from Teacher-Model Refinement
(RLFR)

RLFR follows an incremental generate—refine—
reinforce cycle (Fig. 1). A supervised actor is
first initialised, then repeatedly refined online by
a frozen teacher model, and finally updated with
a critic-free REINFORCE++ objective that uses
multi-sampling.

2.1 Supervised Actor Initialisation

Although pre-trained or initially supervised fine-
tuned (SFT) multilingual models offer broad cov-
erage, their performance on machine translation
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Figure 2: COMET scores on the FLORES test set us-
ing the LLaMA-3.1 8B model, evaluated with different
amounts of distilled SFT examples.

(MT) benchmarks frequently remains insufficient
for high-quality evaluation settings. Prior stud-
ies (Guo et al., 2025) further indicate that rein-
forcement learning (RL) benefits substantially from
being initialized with a well-trained SFT model,
rather than from a weaker or zero-shot baseline.

However, publicly available parallel corpora
vary substantially in quality, domain coverage, and
consistency across language pairs. To obtain a
stronger and more reliable starting point for RL,
we leverage GPT-40-MINT to distill a high-quality
multilingual parallel corpus. This synthetic super-
vision provides consistent quality while remain-
ing significantly more cost-efficient than human-
curated data or large-scale preference annotations
(see Appendix B).

To assess how far static distillation alone can
strengthen the base model, we fine-tune our actor
using GPT-40-mini—translated parallel datasets de-
rived from the FineFineWeb corpus (Zhang et al.,
2024). We construct identical samples across five
language pairs and vary the amount of training data
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from 100K to 500K sentence pairs per language
pair. This controlled setup allows us to directly
measure the effect of increased offline teacher su-
pervision on translation quality.

The actor parameters 6§ are optimized from the
initial checkpoints by minimizing the standard
cross-entropy objective:

B T;
1 1

Lspr = N 2; —log P(yi¢ | =i, yi,<t), (1)
o1 =

where IV denotes the number of predicting tokens
in a mini batch.

As shown in Figure 2, translation quality im-
proves as more distilled data is used, but gains
plateau beyond approximately 400K examples. Im-
portantly, the 400K setting achieves the best overall
COMET score (0.8828), whereas larger distillation
sets yield no further gains despite more supervi-
sion. While the marginal cost of synthetic pairs is
low—and our online refinement is similarly inex-
pensive (Appendix B)—the plateau suggests that
the limitation of offline distillation is not cost but
the static nature of its supervision. This, in turn,
motivates more targeted, model-aware refinement
signals as introduced in our RLfR framework. Con-
sequently, we adopt the 400K SFT model as the
initialization for all subsequent RLfR experiments.

2.2 Online Target Refinement via
Multi-Sample Generation

Given a source sentence x, we first sample multiple
translation hypotheses from the actor model:

gk ~ po(y | @) 2

Each hypothesis ; is concatenated with the orig-
inal source prompt = and then passed to a frozen
teacher refinement model 7 (GPT-40-mini), yield-
ing refined target translations:

yi = T(2,9i) 3)

Unlike offline distillation, this refinement is
actor-conditioned: the teacher observes the
model’s hypothesis and produces a minimal, lo-
cally improved target rather than a static transla-
tion. This provides supervision that adapts to the
actor’s current behaviour and cannot be replicated
by simply scaling distilled data.

By generating multiple hypotheses per input, the
actor obtains a richer view of the local reward land-
scape, significantly reducing variance during policy

gradient updates once batch-normalised advantages
are computed.

2.3 Reward Design and Policy Updates

Reward Formulation We design the reward
function to balance semantic adequacy and lexi-
cal accuracy:

R(9,y")=(1-a) Reomet
Semantic Adequacy
+ « Redit ) o€ [07 1] (4)
—~—

Lexical Accuracy

Here, R.q;; is the scaled negative Levenshtein
distance between the hypothesis ¢ and the refined
target y™:

Ry — s <1 _ EditDist(g,y )> 5

max{[g], [y*[}

where the scaling function s(z) discretizes lexical
similarity scores based on dynamic empirical quan-
tiles calculated from a subset of the training corpus
(rollout_batch_size):

-1 2z < mean,
s(z) = ﬁ mean < z < Qgg, (6)
1 z 2 Qoo,

Here, mean and Qg denote the average and
the 90th percentile, respectively, dynamically com-
puted from the subset samples. We use Q90 as a
robust high-similarity anchor; in preliminary runs,
nearby choices such as Q80 and Q95 produced
similar trends.

The semantic reward R.omet 1S the COMET (Rei
et al., 2022) score linearly mapped to [—1,1]. We
explore three reward combinations: lexical-focused
(o = 1), semantic-focused (o« = 0), and mixed
(a = 0.5).

Batch-normalised REINFORCE++ Objective
We now provide a detailed description of the RLfR
training procedure, as summarized in Algorithm 1.
Let B denote the minibatch of sampled hypotheses
obtained from a single rollout, with each sample
1 € B associated with a scalar reward R;. The
advantage of each token ¢ in sequence 7 of length
T; is defined as:

T;
Air=Ri— B Z
j=t

KL(mo(-1s.<2) | Mo lii.<024))
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COMET (%) — XX—EN

COMET (%) — EN—XX

Baseline & Method de es ja ko zh Avg. de es ja ko zh Avg.
LLaMA-3.1-8B as Baseline
Baseline 88.72 86.29 87.18 87.28 86.46 87.19 88.73 87.10 91.73 90.37 88.85 89.36
Semantic-Focused  89.64 87.55 88.44 88.36 87.60 88.32 88.87 87.41 91.90 90.54 89.00 89.54
Lexical-Focused 89.50 87.34 88.12 88.19 87.27 88.08 88.79 87.34 91.74 90.38 88.89 89.43
Mix 89.55 87.47 88.28 88.29 87.51 88.23 88.82 87.38 91.81 90.46 88.80 89.45
Qwen3-1.7B as Baseline
Baseline 88.50 86.01 87.07 86.76 86.40 86.95 87.71 86.41 91.02 89.68 88.53 88.67
Semantic-Focused  88.96 86.49 87.62 87.46 86.98 87.50 88.04 86.86 91.30 90.18 88.73 89.02
Lexical-Focused 88.85 86.38 87.62 87.45 86.94 87.45 87.95 86.62 91.26 90.05 88.58 88.89
Mix 89.02 86.47 87.69 87.58 87.07 87.57 87.92 86.66 91.24 90.06 88.69 88.91
ZLM-2.3B as Baseline
Baseline 88.36 86.02 86.86 87.01 85.97 86.84  88.06 86.53 91.48 89.97 88.08 88.82
Semantic-Focused 89.11 86.95 87.69 87.96 86.78 87.70  88.03 86.88 91.72 90.27 88.48 89.08
Lexical-Focused 88.98 86.79 87.57 87.74 86.62 87.54 88.06 86.74 91.57 90.01 88.29 88.93
Mix 89.09 86.93 87.68 88.00 86.77 87.69 88.17 86.81 91.63 90.11 88.38 89.02

Table 1: COMET (%) scores for both XX—EN and EN— XX directions across three SFT baselines. Bolded values
indicate best average scores in each block. Semantic-Focused, Lexical-Focused, and Mix correspond to RLfR
variants that adjust the composite reward weighting between COMET and edit-distance.

where the Kullback-Leibler (KL) divergence
term penalizes deviation from the reference pol-
icy mg,,, for all tokens from position ¢ to the end
of the sequence, and 3 controls the strength of this
regularization.

To stabilize the reward signal and mitigate vari-
ance during policy gradient estimation, we intro-
duce a batch normalization strategy applied to the
advantage. The batch-level advantage statistics are
computed as follows:

T;
pr = S0 A )

i€B t=1

T;
o5 =\ v D (A —pp)? te @

i€B t=1

where pp represents the mean advantage across
the batch, op is the standard deviation, N =
> _icp Ti is the total number of tokens in the batch,
and ¢ is a small constant (e.g., 10~%) included for
numerical stability.

Utilizing these batch-level statistics, we compute
a batch-normalized advantage for each sample 7 at
position ¢:

. Aiy — 1B
Ajp = ——.
oB

©))

This normalized advantage metric is subse-
quently employed to scale gradient updates on a

per-sample basis, thereby stabilizing the learning
process.

To prevent excessively large policy updates that
might destabilize training, we further incorporate
a clipped importance-weighted advantage inspired
by Proximal Policy Optimization (PPO):

7o (Uit | @i, Ui<t)
70,00 (Uit | Tis Yi<t)’

Zit = Clip(pm, 1—¢ 1+ 6) A@t

Pit =

(10)

where mg(Ji+ | i, Ui <¢) denotes the probability
of selecting token g; ; at position ¢ under the cur-
rent policy parameterized by 6, conditioned on the
input x; and all previous tokens in the sequence,
and g, (¥i+ | @i, Ui,<¢) represents the correspond-
ing probability under the reference policy—a snap-
shot of parameters prior to the most recent update.
The clipping operation constrains the importance
weight to the interval [1 — ¢, 1 + €], thereby limiting
the magnitude of individual policy updates at each
token position and improving training stability.

Gradient ascent is then performed using the
batch-normalized and clipped policy gradient esti-
mation across all tokens in the batch, defined as:

T;
VoJ(0) = % SN i

1€B t=1
- Vologmo(Yit | i, Ui<t)-

(1)

This formulation of the objective significantly
enhances training stability and convergence proper-
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ties, effectively balancing exploration and exploita-
tion while ensuring robust policy updates.

Algorithm 1 RLFR: Reinforcement Learning from

Refinement

Require: Mini-batch of inputs B; actor policy my with pa-
rameters 0; frozen teacher-refiner 7 ; number of samples
k; learning rate n

Ensure: Updated actor parameters 6

1: for z € Bdo > Process each input in the batch
2: Sample & hypotheses from the current actor:
Gaek ~ mo(- | )
3: Obtain refined targets from the teacher:
Yk < T (2, J1:k)
4: Compute per-sample rewards:

Ri1.;, + COMPUTEREWARD (§1:k, Y1:x)

5: end for

6: Compute batch-level statistics:
(1B,0B)  BATCHSTATS(R)
7: Normalize advantages:

Ry —
Al:k — 1:k UB
OB

8: Update actor parameters using REINFORCE++:

0+ 0+ n v0£R++(9; Al:k)

3 Experiments

3.1 Experimental Setup

Supervised MT-SFT Baselines. We fine-tune
several pre-trained LLMs—such as LLaMA-3.1-
8B (Grattafiori et al., 2024), Qwen3-1.7B (Yang
etal., 2025), and ZLM-2.3B (Zoom, 2025)—on dis-
tilled parallel data comprising 400K sentence pairs
for each translation direction (en — XX, XX — en).
Each model is optimized via cross-entropy loss to
learn a strong supervised policy py(y | x).
Off-line Preference Learning. Starting from
each MT-SFT baseline, we generate two candi-
date translations for every source prompt: one
produced by the MT-SFT model and one sup-
plied by GPT-40-mini as a distilled reference. We
then apply reference-free COMET to score each
(prompt, candidate) pair. The candidate with the
higher COMET score is labeled as “positive” and
the other as “negative.” These static triplets are
subsequently used to train the model via Direct

Preference Optimization (DPO), isolating the gains
achieved purely through preference learning.

RL with Fixed References. From each MT-SFT
checkpoint, we sample 5K examples per direction
from the same distilled corpus and treat the GPT-
4o0-mini outputs as immutable ground truth. Actors
are updated using the standard REINFORCE++
objective against these fixed rewards to quantify the
benefits of RL when the teacher’s outputs remain
static.

RL from Refinement (RLfR, proposed). Us-
ing each MT-SFT checkpoint, we subsample 5K
prompts per direction and draw % hypotheses from
the actor. Each hypothesis is sent to teacher
for refinement, and actors are trained with batch-
normalised REINFORCE++ loss using dynamic
rewards. This configuration evaluates the efficacy
of continuous, high-quality feedback from an ex-
ternal teacher model.

All experiments—supervised, off-line prefer-
ence learning, and reinforcement learning—use
subsets of the same distilled dataset to ensure a con-
trolled and directly comparable evaluation. Teacher
outputs are generated using GPT-40-mini with a
fixed low-temperature decoding setup; full config-
uration details are provided in Appendix A. We
additionally report standalone teacher calibration
results in Appendix C.

3.2 Experimental Results

RLAfR is Effective in Improving Semantic Pre-
cision and Fluency. We evaluate semantic pre-
cision and fluency improvements from RLfR us-
ing COMET across two translation directions
(XX—EN and EN—XX) and multiple model
scales: a large model (LLaMA-3.1-8B) and smaller
models (Qwen3-1.7B, ZLM-2.3B).

Table 1 shows that RLfR consistently improves
COMET for both directions across all baselines.
For LLaMA-3.1-8B, the Semantic-Focused vari-
ant achieves the best average COMET in both di-
rections, outperforming the Lexical-Focused and
Mixed configurations, indicating stronger semantic
adequacy and fluency. The same trend holds for
smaller models, where Semantic-Focused RLfR
provides steady gains over the baselines, demon-
strating robustness across model sizes.

RLfR Effectively Preserves Named Entities
Across Languages. Accurate named-entity transla-
tion is crucial for factual consistency and user trust,
especially in high-stakes domains. We evaluate en-
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M-ETA (%) per Language

Baseline & Method de es ja ko zh Avg. Gain
LLaMA-3.1-8B as Baseline
Baseline 28.45 40.60 26.42 32.89 4.43 26.56 —
Mix 33.65 4547 28.08 37.05 4.29 29.71 (+3.15)
Lexical-Focused 33.11 46.68 27.11 36.78 4.43 29.62 (4+3.06)
Semantic-Focused  32.01 44.93 27.52 37.58 4.72 29.35 (+2.79)
QOwen3-1.7B as Baseline
Baseline 23.94 33.83 21.02 2591 4.85 2191 —
Mix 24.49 33.69 22.41 29.4 4.99 23.00 (+1.09)
Lexical-Focused 24.35 35.18 2241 28.05 4.57 2291 (+1.00)
Semantic-Focused 23.53 33.83 22.54 26.31 4.71 2218 (+0.27)
ZLM-2.3B as Baseline
Baseline 21.20 3545 2047 2725 3.32 21.54 —
Mix 22.57 38.02 23.65 31.81 3.74 2396 (+2.42)
Lexical-Focused 21.61 36.94 2324 31.95 3.74 23.50 (+1.96)
Semantic-Focused 22.85 37.21 21.16 31.68 4.02 23.38 (+1.84)

Table 2: M-ETA (%) performance across five languages under three SFT baselines. Each block reports baseline and

enhanced methods. Best-performing variants are bolded.

Prompt How does Jia Yingchun contribute to the over-
all narrative of the Dream of the Red Chamber?

Reference B UIESS S EAR - AIE 20N 364
B fAIDTRk?
B (Jia: family name), 3% (wel-
come), H (spring)

SFT Output HEBMAA (LHE) K
BARBUR M DTRK?
Z (crystal or glittering): se-
mantically incorrect

RLfR Output BEFAN (IR /)

BEARRUA M DTRA?

% (heroic or outstanding):
phonetically accurate, seman-
tically appropriate

Figure 3: Comparison of translations for “Jia Yingchun.”
SFT introduces semantic distortion, whereas RLfR pro-
duces a phonetically faithful and contextually valid vari-
ant.

tity preservation with M-ETA across a large model
and smaller models in five target languages.

Table 2 shows that RLfR consistently improves
M-ETA across model scales. Gains are strongest
for the large model, and the mixed configuration
(semantic-focused + lexical-focused) achieves the
best overall performance, suggesting that jointly op-
timizing both signals yields superior entity preser-
vation. Smaller models also benefit, with smaller
but consistent improvements; the mixed strategy
remains best, followed by semantic- or lexical-
focused variants depending on the baseline.

We observe smaller measured gains in Chi-

nese, which we attribute primarily to limitations of
reference-based metrics rather than reduced RLfR
effectiveness. Chinese references often contain in-
consistent or localized renderings of named entities,
so reference-overlap metrics can penalize valid vari-
ants. As illustrated in Figure 3, the reference uses
the canonical literary form 547, while RLfR
produces Bi J< 7, a phonetically faithful and se-
mantically reasonable modern variant; SFT outputs
B %7, introducing a semantic shift. Because M-
ETA rewards strict agreement with the reference,
it can underestimate real-world improvements in
Chinese where orthographic variation is common.
Overall, RLfR strengthens named-entity preserva-
tion across languages and model sizes, with the
mixed objective delivering the most reliable gains.

4 Analysis

4.1 Effectiveness over Baseline Approaches

We compare RLfR against two baselines—DPO
and RL with Fixed References—using an ablation
study on LLaMA-3.1-8B. This controlled setup iso-
lates the effect of actor-conditioned refinement as
a post-training strategy under matched data, model,
and reward settings.

As shown in Table 3: (i) RLfR achieves the best
COMET and M-ETA, improving both semantic
adequacy and entity fidelity via model-aware, iter-
ative teacher refinement. Importantly, M-ETA is
used only as an evaluation metric and is not part of
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Method COMET (Avg.) M-ETA (Avg.)
MT-SFT (baseline) 88.23 26.56
DPO 88.63 27.19
RL w/ Fixed Ref. 88.80 28.20
RLfR (Ours) 88.93 29.35

Table 3: Comparison of average COMET and M-ETA
scores using LLaMA-3.1-8B. Best-performing results
are bolded.

the RLfR reward, indicating that the entity-fidelity
gains are not directly optimized by the training re-
ward; (ii) RL with Fixed References improves
over DPO but remains below RLfR, likely because
static, fully rewritten targets provide a weaker im-
provement signal relative to the model’s own out-
puts (see Appendix Table 11); and (iii) DPO shows
the smallest gains, suggesting that preference-only
supervision offers limited corrective guidance for
fine-grained translation control.

To further test whether RLfR’s semantic gains
extend beyond COMET-specific effects, we eval-
vate LLaMA-3.1-8B variants using BLEURT-20
and MetricX-24, neither of which is used as a train-
ing reward. This allows us to separately assess
RLfR-Lexical, which does not use COMET, and
RLfR-Mix/RLfR-COMET, which do. As shown
in Table 4, all RLfR variants outperform SFT and
DPO on both metrics. RLfR-Lexical improves de-
spite using no COMET reward, while RLfR-Mix
and RLfR-COMET also generalize to metrics out-
side the reward. Together with the M-ETA gains in
Table 3, these results indicate that RLfR improves
semantic adequacy and entity fidelity beyond direct
metric optimization.

Method BLEURT-20 MetricX-24
SFT 0.315 2.62
DPO 0.330 2.51
RLfR-Lexical 0.344 241
RLfR-Mix 0.346 2.40
RLfR-COMET 0.348 2.37

Table 4: Decoupled semantic evaluation on LLaMA-
3.1-8B using BLEURT-20 and MetricX-24. BLEURT
is higher-is-better; MetricX-24 is lower-is-better.

4.2 LLM-as-a-Judge Evaluation

To complement automatic metrics, we evalu-
ate LLaMA-3.1-8B outputs with gpt-5-mini,
which is independent from the RLfR teacher
gpt—-4o-mini. The judge scores 500 examples,

Method Sem. Entity Fluency Halluc. (1)

SFT 4358 4.476 4.300 4.632
DPO 4.534 4572 4375 4.705
RL w/ Fixed Ref. 4.500 4.580  4.460 4.740
RLfR (Ours) 4570 4.636 4.548 4.836

Table 5: Fine-grained LL.M-as-a-judge scores over 500
examples. Scores were assigned by gpt-5-mini,
which is independent from the gpt —40-mini teacher
used in RLfR training.

Comparison RLfR Win Tie Baseline Win
RLfR vs. SFT 231 126 143
RLfR vs. DPO 200 121 179
RLfR vs. Fixed Ref. 215 140 145

Table 6: Pairwise preferences from 500 judged compar-
isons per baseline. RLfR is consistently preferred over
all alternatives.

evenly split between En—X and X—En across five
languages, using both fine-grained criteria and pair-
wise preferences. As shown in Tables 5 and 6,
RLAfR achieves the highest scores for semantic ad-
equacy, entity fidelity, fluency, and hallucination
control, and is preferred over all baselines.

To reduce judge-family bias, we further run
gemini-2.5-flash-1ite, a non-OpenAl
judge, on 1,000 pairwise comparisons per base-
line, again evenly split between En—X and X—En
across the same five languages.

Table 7 confirms the same trend: RLfR wins
75.8%, 73.9%, and 72.8% of non-tied comparisons
against SFT, DPO, and Fixed-Reference RL, re-
spectively. Together, the two judges suggest that
RLfR’s gains are robust to evaluator choice rather
than tied to a single model family.

4.3 Human Evaluation on Hard Translation
Subsets

To validate RLfR beyond automatic metrics and
LLM judges, we conduct blinded human pair-
wise evaluations on hard FLORES-200 subsets
for en«+ko and en<+zh, with 50 examples per lan-
guage pair. We construct the subsets by filtering for
sentences that are entity-dense, containing proper
nouns, numbers, dates, or units, or structurally com-
plex, involving multi-clause constructions, coordi-
nation, enumeration, or punctuation-heavy phras-
ing. We then briefly verify the selected examples
manually. Annotators compare RLfR against SFT
and DPO, prioritizing adequacy and factual/entity
fidelity, using fluency as a tie-breaker, and assign-
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Comparison RLfR Win Tie Baseline Win Win Rate
RL(R vs. SFT 499 342 159 75.8%
RLfR vs. DPO 473 360 167 73.9%
RLfR vs. Fixed Ref. 456 373 171 72.8%
Table 7: Pairwise preferences from 1,000
gemini-2.5-flash-lite-judged compar-

isons per baseline. Win rates are computed excluding
ties.

Comparison RLfR Win Tie Baseline Win Win Rate
RLfR vs. SFT 63 22 15 80.8%
RLfR vs. DPO 57 26 17 77.0%

Table 8: Human pairwise preferences on hard subsets
from en<>ko and en<+zh, with 50 examples per lan-
guage pair. Win rates are computed excluding ties.

ing multi-select reason tags for Entity/Factual fi-
delity and Fluency.

Table 8 shows that human annotators prefer
RLfR over SFT and DPO, with non-tie win rates
of 80.8% and 77.0%. Table 9 further attributes
RLfR wins mainly to entity/factual fidelity, with
additional fluency gains. These results confirm that
RL{R improves difficult cases requiring factual pre-
cision and structural adequacy.

Qualitative analysis. We provide qualitative
comparisons and success/failure cases in Ap-
pendix D, illustrating the effectiveness of actor-
conditioned refinement.

5 Related Work

LLM-based Machine Translation Large language
models (LLMs) are increasingly used for machine
translation, with recent work improving multilin-
gual capacity and translation quality through lan-
guage expansion (Yang et al., 2023; Cui et al.,
2025), reasoning-enhanced translation (Liu et al.,
2026), fine-tuning and knowledge distillation (Xu
et al., 2023; Li et al., 2024; Stap et al., 2024),
plug-and-play modules and adaptive rejection (Xu
et al., 2024a), gradient-based data selection (Pan
et al., 2024), scaling-law analysis (Isik et al., 2025),
and document-level translation with large-scale cor-
pora (Pal et al., 2024).

Preference Learning in Machine Transla-
tion Preference-based MT improves supervised
fine-tuning with human feedback, quality esti-
mation, or fine-grained automatic criteria. Prior
work has used PPO with quality estimation mod-
els (Schulman et al., 2017; He et al., 2024), span-
level xCOMET rewards for fine-grained reward

Reason Tag SFT DPO RLfR
Entity/fidelity-driven wins  27%  35%  68%
Fluency-driven wins 40% 45%  55%

Table 9: Reason-tag attribution for non-tie human pref-
erences. Percentages are computed over non-tie com-
parisons where the corresponding system wins. Tags
are multi-select and therefore do not sum to 100%.

modeling (Guerreiro et al., 2024; Ramos et al.,
2024), DPO and PPO-style extensions (Rafailov
et al., 2023; Zhong et al., 2024), and automatic
metrics such as XCOMET to construct prefer-
ence datasets (Agrawal et al., 2024). Xu et al.
(2024b) proposed Contrastive Preference Opti-
mization (CPO) with COMET-based reward selec-
tion (He et al., 2024), while Li et al. (2024) used
LLM-generated feedback and analogy data for tar-
geted distillation. However, most approaches still
rely on curated triplets or fixed references, which
can be disconnected from the model’s current pre-
dictions.

6 Conclusion

We introduced RLFR, which replaces static prefer-
ence triplets with actor-conditioned teacher refine-
ments. Across five FLORES-200 language pairs,
RLFR improves lexical fidelity and semantic ad-
equacy, outperforming MT-SFT, DPO, and fixed-
reference RL in COMET and M-ETA across model
scales. Decoupled metrics, LLM-judge evaluations,
and human preferences further show that these
gains extend beyond direct metric optimization.
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Limitations

Teacher Bias Because RLfR depends on teacher-
generated translations, any biases or systematic
errors in the teacher model can be directly inher-
ited by the student. This makes the strength and
calibration of the teacher particularly important for
preventing the amplification of undesirable behav-
iors. We mitigate evaluation bias via independent
judging, but training-time teacher bias remains a
limitation.

Teacher Invocation Cost Although RLfR re-
quires multiple teacher queries during refinement,
the actual cost depends on how the teacher is ac-
cessed. When using API-based models, mone-
tary cost can be a concern, whereas locally de-
ployable strong models reduce API cost and allow
batching or hardware-level optimizations. Nonethe-
less, large-scale refinement still demands careful
resource—performance trade-offs.
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A Implementation Details

Teacher Generation Settings All teacher outputs
used for data distillation, preference learning, and
refinement are generated using gpt-4o-mini
under a fixed low-temperature, deterministic-like
decoding setup (temperature = 0.1, top-p = 1.0,
max_tokens = 2048). We use the default chat-
completions API interface, and all prompts follow
the system—user format shown below to ensure con-
sistency across all stages of training.

You are an expert in Machine Translation and
Cultural Localization. Refine a given machine-
translated sentence by improving its quality
and naturally localizing named entities into the
target language only.

Guidelines

» Entity Localization: Translate or adapt
all named entities into natural, target-
language-only forms. Do not include the
source language. Use official or culturally
standard localized names.

* Style and Tone: Match the tone of the
source (formal, neutral, conversational).

* Fluency: Ensure the result is natural, id-
iomatic, and fluid.

* Grammar and Accuracy: Fix any awk-
ward grammar or inconsistent wording.

B Teacher Cost for gpt—4o0-mini

We estimate the monetary cost of the refinement
stage, which is the only component of RLfR re-
quiring repeated teacher queries. On average, each
teacher input contains 63 tokens when averaged
across the five target languages (de, es, ja, ko, zh)
and both en — xx and xx — en directions. The RL
dataset consists of SK prompts per direction, but
the actual number of gpt—-4o0-mini calls is de-
termined by the rollout configuration. At each RL
step we sample rollout_batch_size = 560
prompts and draw ngmples = 8 hypotheses per
prompt, all of which are refined by the teacher. For
S RL steps this yields

Ncalls =5 x 560 x 8,

Teacher COMET 7
ko | zh
SFT Baseline (no RLfR)  88.83 | 87.66
RLfR (gpt-4o0-mini) 89.38|88.16
RLfR (gpt-40) 89.39 | 88.16
RLfR (gpt-5) 89.42 | 88.18

Table 10: COMET scores for RLfR with alternative
teacher models on LLaMA-3.1-8B. We evaluate only
Korean (ko) and Chinese (zh) to control teacher cost.
For each language, we report a single COMET score
obtained by averaging the XX—EN and EN—XX di-
rections; each cell shows ko | zh.

which corresponds to N ~ 1,792,000 teacher
invocations when S = 400.

Assuming the gpt—-4o-mini pricing scheme
with per-million prices pi, = $0.15 for input to-
kens and poye = $0.60 for output tokens, we de-
fine the per-token costs ¢, = pin/ 10% and coye =
Pour/10°. Denoting the average refinement length
by Lout, the total cost of the refinement stage is

Costrefine = Nealls (63 Cin + Lout Cout) .

For translation, the output length is typically com-
parable to the input length across the five language
pairs, so we approximate Loy ~ 63. This yields
roughly 1.1 x 10% input tokens and 1.1 x 10® out-
put tokens, corresponding to a total cost of about
$80-90 for a single RLfR run with S = 400 steps.
The same formula applies to any alternative teacher,
with only the pricing parameters changing.

C Alternative Teacher Models and
Plug-and-Play Refinement

RL{R treats the teacher as a black-box refiner: the
algorithm only assumes access to a model that
can improve or rewrite candidate translations, and
does not depend on a specific architecture or fam-
ily. To assess robustness to the teacher choice,
we run small-scale experiments with alternative re-
finers for the LLaMA-3.1-8B baseline, including
full gpt -4 0 and gpt -5 in addition to our default
gpt—4o-mini teacher.

To keep teacher cost manageable, we restrict
these ablations to the Korean and Chinese direc-
tions. For each teacher, we fine-tune RLfR with the
same hyperparameters and report COMET scores
obtained by averaging XX—EN and EN—XX for
each language (ko, zh).
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All RLAR settings improve over the SFT base-
line. As shown in Table 10, gpt-4o-mini
and gpt-4o are nearly indistinguishable in
COMET, while gpt-5 provides only slightly
higher scores at a higher inference cost. In practice,
gpt-4o-mini offers a substantially more cost-
efficient option with only marginal degradation in
refinement quality on these benchmarks.

We note that gpt -5 is currently our strongest
general-purpose teacher model. However, this
work was finalized in late May 2025, before the
public release of gpt—5. As a result, we did not
re-run all main experiments with gpt -5 as the de-
fault refiner and instead include it only in this small-
scale ablation. A more comprehensive comparison
with gpt -5 teachers is left for future work.

Overall, these results indicate that RLfR is
teacher-agnostic: it can flexibly adopt higher-
capacity, more economical, or domain-specialized
refinement models, as long as they provide reason-
ably strong machine translation quality.

Standalone teacher calibration. We also evalu-
ate the default refinement teacher, gpt —4o0-mini,
as a standalone translator on the same FLORES-
200 evaluation set using the same inference prompt
and decoding constraints as RLfR inference. It
achieves average COMET scores of 88.39 for
X—En and 89.46 for En—X across five languages,
and an average M-ETA score of 30.06. These re-
sults serve as a calibration reference rather than a
strict ceiling. For example, in Table 1, the LLaMA-
3.1-8B RLfR student with the semantic-focused
reward reaches 89.54 COMET on En—X, slightly
above the teacher’s 89.46 under the same evalu-
ation. This is expected because RLfR uses the
teacher to refine student drafts rather than to pro-
vide static translations from scratch, making the su-
pervision actor-conditioned and targeted to student-
specific errors.

D Qualitative Analysis: Supervision
Comparison, Successes, and Failures

Input (Korean)
WE s A= 9 g0 A Y AZ39) ASPTES
9% 24 Mg ST Sl E o)A 3tk

AE3NA L ThA A el FelstAl @ 71 E, RS
%7)3 AT ohe ZAEW, 183 b B

Sl nhA g ¢ 9] Tl Aint.

SFT Model Output (Draft)

The third season of the Netflix series *Ongiye Game’ was
officially launched at Seoul Dragon City on September 9
in the morning. The Ozone Game Season 3 tells the story
of *Gintetsu’, a game participant who loses his closest
friend after rejoining the game with a new purpose,
’Frontman’, who hides his identity and enters the game,
and the final fate of the participants who survive in this
brutal game.

Comment: Contains entity/name errors and awkward
phrasing (e.g., Ongiye Game, Gintetsu, Ozone Game).

RLfR-Refined Output

The third season of the Netflix series Squid Game was
officially unveiled at Seoul Dragon City on the morning of
September 9. The new season follows Gi-hun, who
reenters the deadly game with a renewed purpose but ends
up losing his closest friend; the mysterious Front Man,
who conceals his identity while infiltrating the game; and
the final fate of the remaining participants who survive its
brutal trials.

Comment: Corrects key entities (e.g., Squid Game,
Gi-hun) and improves fluency while preserving the
original structure.

Fixed Reference from Teacher

On the morning of the 9th, a production presentation for
Netflix’s Squid Game Season 3 was held at Seoul Dragon
City in Yongsan-gu, Seoul. Squid Game Season 3 follows
the story of Gi-hun, who reenters the game with a personal
mission but ends up losing his closest friend; the Front
Man, who hides his identity while infiltrating the game;
and the final destinies of the survivors of the brutal
competition.

Table 11: Comparison of outputs under different su-
pervision styles. The SFT Model Output contains
name errors and awkward phrases, while the RLfR-
refined output corrects key entities and improves flu-
ency—providing a more effective and model-aware re-
ward signal.

This appendix provides qualitative comparisons
and multilingual success/failure cases for RLfR.
First, Table 11 compares a model prediction, a fixed
teacher reference, and an RLfR-refined output for
the same Korean input. The example illustrates a
limitation of fixed references: they are often com-
plete rewrites that diverge from the model’s original
phrasing and structure. Although such references
can be fluent and correct, their dissimilarity pro-
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Entity-Level Success (en—Kkr)

Source: In its decision, the PUB said it had concerns
about bill affordability for Manitoba consumers, recom-
mending the province development a program to assist
lower-income Hydro customers.

SFT: %70 ] PUBE: WU Eu} &0 2-59) 37A
affordabilityo]] &S E9Yslu, A4S sfo|E2 11
A2 AR =2 1P AL AL ATDEY

RLfR: PUBE &2 o A Y E 8 28] R E &
S F R g% 3
EE A& XA

A EaRi=

Comment: RLfR correctly rephrases "bill affordability" as
“Q & K and preserves named entities like PUB, Manitoba, and
Hydro — showing stronger fidelity.

Entity-Level Failure (en—kr)

Source: 12x12" oil on canvas panel.
RLfR: 30x30cm AW 2 5 Qo) §3}.
Comment: RLfR converts imperial to metric ("12x12

in"—"30x30 cm"), altering source meaning — a fidelity
loss.

Semantic-Level Success (kr—en)

Source: #-& 57 A AlE, EupiE o] 2o
Al g 2ol FE EF A2 Ro] FE9}
77t o] A EFAFTh

SFT: While he was a young musician, Thomas befriended
Roy Head of Roy Head and the Traits, who was well
known in the area.

RLfR: During his time as a young musician, Thomas
became friends with Roy Head from the well-known
local band, Roy Head and the Traits, and they worked
together.

Comment: RLfR retains and refines the relationship and sequence of
events, adding clarity while preserving meaning.

Semantic-Level Failure (kr—en)

Source: -2].
RLfR: Guri.

Comment: RLfR mistranslates the chemical element copper as the
Korean city “Guri” based on phonetics — a clear semantic error.

Table 12: Korean (kr) examples showcasing RLfR’s strengths (blue) and weaknesses (red) in entity fidelity and

semantic accuracy.

Reward (ZLM-2.3B)

Response Length (ZLM-2.3B)

COMET Average Score (ZLM-2.38)

o 100 200 300 400 500 600 700 800 0 00 200 300
step

(a) Reward trajectory

(b) Response-length stability

500 600 700 800 0 100 200 300 400 500 600 700 800
step

(¢) COMET-22 (avg)

Figure 4: Stepwise dynamics of teacher-guided refinement for the ZLM-2.3B model trained with a mixture of
supervised and refinement-based updates. Reward rises monotonically, response length stays within a narrow band,
and COMET-22 peaks at step 416—aligning with the reward plateau—before marginally tapering off.

vides a weaker reward signal about what the ac-
tor should change. In contrast, RLfR conditions
the teacher on the model output and the source
query, producing minimal, targeted edits that pre-
serve structure while correcting factual and stylistic
eITors.

We further include multilingual success and fail-
ure cases in Table 12. These examples show that
RL{R can improve entity preservation and semantic
adequacy, while also revealing remaining fidelity
errors such as unintended unit conversion or incor-
rect disambiguation.

E Stepwise Analysis of Teacher Mimicry

We track teacher-assigned reward, response length,
and COMET during RLfR training in Figure 4.

Reward increases steadily, indicating closer
alignment with the teacher’s refinements, while
response length remains tightly bounded, suggest-
ing that gains are not driven by length manipulation.
COMET peaks around step 400 and remains stable
afterward, indicating durable improvements with-
out reward overfitting or regression.

12485



