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Abstract

Large reasoning models (LRMs) have shown
exceptional performance in complex tasks
such as mathematics and coding. In the
field of machine translation (MT), reinforce-
ment learning (RL) has been utilized to en-
hance the quality of translations. However,
traditional RL approaches rely heavily on
the base model’s inherent translation ca-
pabilities, which may falter when dealing
with terminology translations and domain-
specific expressions without sufficient guid-
ance. In this paper, we introduce FeedTrans
(Feedback-driven Translation), which em-
ploys a FeedRollout mechanism to incor-
porate feedback as guidance, enabling the
production of high-quality translations and
expanding the search space for improved
translation outcomes. Extensive experiments
across six translation tasks validate the ef-
fectiveness of our approach. To the best of
our knowledge, this is the first attempt at uti-
lizing feedback in MT-oriented RL. https:
//github.com/Acerkoo/FeedTrans

1 Introduction

Large reasoning models (LRMs) (Jaech et al., 2024;
Guo et al., 2025a) have demonstrated remarkable
performance in complex tasks like mathematics
(Chen et al., 2025b; Li et al., 2025b), coding (Zhang
et al., 2024; Su et al., 2025), and question gener-
ation (Guan et al., 2025). In machine translation
(MT), Marco-o1 (Zhao et al., 2024) and DRT-o1
(Wang et al., 2024a) fine-tune LRMs on synthe-
sized long-thought data for translation. More re-
cently, due to the robust generalization capabilities
of RL (Guo et al., 2025a; Luo et al., 2025; Yu et al.,
2025), researchers are increasingly applying RL
to translation tasks (He et al., 2025; Feng et al.,
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Dynamic on vault.Source Sentence:

N Translations: 动态状态在保险箱[safe box]内。

金库[coffer]动态。

......

动态的（在金库[coffer] 上）。

Dynamic on vault. 动态状态在保险箱[safe box]内。

Feedback: In the context of sports, "vault" usually refers 
to the “跳马” event, rather than “保险箱”...

Dynamic on vault. 金库[coffer]动态。

Feedback: ... "vault" means “跳马” rather than “金库”...

......

Dynamic on vault. 动态的（在金库[coffer] 上）。

Feedback: ..."vault" usually refers to the “跳马”...

Score:10

Score:40

Score:10

...

N Translations: 在跳马上展现出动态活力。

动态跳马。

......

跳马，活跃的。

Score:65

Score:60

Score:50

...

Figure 1: Example of terms in translation. The ground
truth is “跳马时充满活力”, where “vault” denotes a
gymnastics event “vaulting horse”, i.e., “跳马”, rather
than “coffer” or “safe box”.

2025b), using COMET (Rei et al., 2022a) score
or large language model (LLM) like DeepSeek-v3
(Liu et al., 2024) as an evaluator to provide reward
signals for the RL training.

Despite their promising results, two challenges
remain: 1) Existing RL methods are highly reliant
on the base model’s translation capabilities (Yan
et al., 2025; Zhao et al., 2025; Yue et al., 2025).
However, these models often struggle to produce
satisfactory translations for specialized terminol-
ogy and domain-specific expressions without ad-
ditional guidance, thereby limiting the potential
of RL to enhance translation quality. 2) When us-
ing an LLM as the evaluator, it not only scores
translations but also provides reasons and feedback.
However, previous studies have primarily focused
on designing evaluation rules (Wang et al., 2025b),
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leaving the use of feedback to enhance RL efficacy
largely unexplored.

In this paper, we introduce FeedTrans
(Feedback-driven Translation), which leverages
feedback to enhance the exploration capabilities of
LRMs during RL. We propose a novel FeedRoll-
out mechanism. Specifically, given a source input,
we first sample N translations and use an LLM
(e.g., Deepseek-v3) as the evaluator to provide tex-
tual feedback and a translation quality score. For
translations deemed low-quality, we integrate the
feedback into standard reasoning trajectories and
perform an additional rollout process to refine the
translation. As shown in Figure 1, for the term
“vault”, the translations sampled by the base model
are all incorrect. Despite slight variations in their
scores, none accurately translate to “跳马” (vault-
ing horse). With guidance from DeepSeek-v3 feed-
back, the model successfully samples the correct
translation and incorporates it into the RL training
process. In summary, FeedTrans enables LRMs to
engage in more thoughtful reasoning with external
guidance, leading to higher-quality translations and
expanding their search space for more efficient and
effective MT-oriented RL.

We conducted extensive experiments across six
translation tasks, including two in-domain and four
out-of-domain tasks. The experimental results
demonstrate that our FeedTrans-7B significantly
outperforms baseline models ranging from 7B to
14B. Additionally, we performed an in-depth analy-
sis to uncover the impact of the FeedRollout mech-
anism. Interestingly, our model, trained using Fee-
dRollout, developed enhanced reflective capabil-
ities, further improving translation performance.

2 Related Work

2.1 Deep Reasoning Machine Translation

Recently, Large Reasoning Models (Jaech et al.,
2024; Guo et al., 2025a; Team et al., 2025) have
achieved remarkable performance on complex rea-
soning tasks by generating long thought (Su et al.,
2025; Zhang et al., 2024; Luo et al., 2025; Hu et al.,
2025; Wang et al., 2024a; Guan et al., 2025). Chen
et al. (2025b) provide a systematic survey on deep
reasoning LLMs to introduce the development pro-
cess. More recently, researchers scale the capabil-
ity of deep reasoning to machine translation (Zhao
et al., 2024; Wang et al., 2024a). Marco-o1 (Zhao
et al., 2024), DRT-o1 (Wang et al., 2024a), and

SlangDIT (Liang et al., 2025) explore the applica-
tion of LRMs in MT, which supervised fine-tuning
(SFT) models on the synthesized long-thought data.
Further, empirical studies (Chen et al., 2025a; Liu
et al., 2025a) showcase the superior performance
of LRMs on translation tasks, especially in histor-
ical and cultural translation. Moreover, building
upon the success of RL (Guo et al., 2025a; Luo
et al., 2025; Yu et al., 2025), researchers are in-
creasingly applying RL to translation tasks (He
et al., 2025; Feng et al., 2025b). Specifically, R1-
T1 (He et al., 2025) and MT-R1-Zero (Feng et al.,
2025b) employ the COMET (Rei et al., 2022a) or
COMETKiwi (Rei et al., 2022b) score as the re-
ward in RL. Additionally, DeepTrans (Wang et al.,
2025b,c) and SSR-Zero (Yang et al., 2025) design
the reward from the external LLMs like DeepSeek-
v3 (Liu et al., 2024) or the policy model to be
self-rewarding. However, the above approaches
are highly reliant on the base model’s translation
capabilities (Yan et al., 2025; Zhao et al., 2025;
Yue et al., 2025). Without additional guidance,
these models often struggle to produce satisfac-
tory translations for specialized terminology and
domain-specific expressions. Compared to them,
we introduce real-time feedback to the errors in the
generated translation during RL.

2.2 Feedback in Large Reasoning Models

With the emergence of RL, Guo et al. (2025a)
demonstrate that direct RL could foster the self-
reflection mechanism without supervision, e.g.,
“Aha moment”. Meanwhile, Liu et al. (2025b) ob-
serve that self-reflection does not necessarily lead
to the correct answer, and the performance of RL is
bounded by the base LLM itself (Yan et al., 2025;
Zhao et al., 2025; Yue et al., 2025). In addition,
researchers (Li et al., 2025a; Feng et al., 2025a;
Qian et al., 2025; Wang et al., 2025a) reveal that
the thought process with the feedback from the in-
tegrated external tools could assist the LRMs in
escaping from mistakes with reflection and solving
problems more accurately. Before the emergence
of LRMs, several studies (Chen et al., 2023; Rau-
nak et al., 2023; Chen et al., 2024; Wang et al.,
2024b) propose to facilitate a similar feedback and
reflection process, utilizing multi-step inference.
However, the utilization of feedback in the thought
process to enhance the translation quality of LRMs
is underexplored.
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A translation question requires translating a given text from {src_lang} into {tgt_lang}. 

The given text is as follows: 
<text> 
{source} 
</text> 

Someone did this translation question, provide the translation of the given text:  
<translation> 
{trans} 
</translation>  

Please critically evaluate the {tgt_lang} translation of the given {src_lang} text. 

Rate the translation on a scale of 0 to 100, where: 
- 10 points: Poor translation; the text is somewhat understandable but contains significant errors. 
- 30 points: Fair translation; the text conveys the basic meaning but lacks fluency and contains several awkward phrases or inaccuracies. 
- 50 points: Good translation; the text is mostly fluent and conveys the original meaning well, but may have minor awkwardness or slight 
inaccuracies. 
- 70 points: Very good translation; the text is smooth and natural, effectively conveying the intended meaning, but may still have minor issues that 
could slightly affect understanding. 
- 90 points: Excellent translation; the text is fluent and natural, conveying the original meaning clearly and effectively, with no significant issues 
that would hinder understanding. 

Please evaluate the translation and enumerate the existing key errors in the translation in brief. Besides, determine the score for the translation. 

For the evaluated result, format it as below: 
### Key Errors in Translation 
{Feedback} 
### Translation Score 
{"Score": [int]}

PROMPT to DeepSeek-v3

Figure 2: Prompt DeepSeek-v3 to evaluate the translation quality and provide feedback during RL. The “src_lang”,
“tgt_lang”, “source”, and “trans” denote the source language, target language, the source text, and the generated
translation by the policy model, respectively. “Feedback” and “Score” denote the evaluation result of DeepSeek-v3,
respectively.

3 FeedTrans

In this section, we first introduce the reward design
of FeedTrans (§ 3.1). In addition to quantifying the
translation quality, the reward model is requested
to provide translation feedback with textual sugges-
tions and critiques. Then, we design a two-stage
rollout process, named FeedRollout, to enhance the
model translations based on the translation feed-
back (§ 3.2).

3.1 Reward Design

Similar to the previous studies (Guo et al., 2025a),
FeedTrans first thinks and analyzes how to translate
the sentence, followed by the translation result.

The format of model generation is defined as
“<think>[thought]</think>[translation]”,
where “[thought]” and “[translation]” denote
the content of thought and final translation,
respectively. “<think>” and “</think>” are two
special tokens to indicate the boundary of thought
content. Building upon this format, we design the
following rewards:
Format Reward. To let FeedTrans generate the
correct format, we employ a regular expression
to judge whether the model generation meets our

definition:

rformat =

{
1 if format is correct,
0 others

(1)

The format reward ensures that FeedTrans gen-
erates the correct format as its foundation.
Translation Reward. In view of the strong ability
of LLM-as-a-judge (Wang et al., 2023; Huang et al.,
2025), we employ DeepSeek-v3 (Liu et al., 2024)
(671B) as the reward model. Different from pre-
vious studies (Wang et al., 2025b; He et al., 2025;
Feng et al., 2025b), which only quantify the trans-
lation quality, we make the reward model provide
quantified rewards and textual translation feedback
simultaneously. As shown in Figure 2, we design
an evaluation prompt to enable the reward model
to identify translation errors and quantify the trans-
lation quality:

ftrans, rtrans = DS-V3rm(source, trans), (2)

where DS-V3rm denotes using DeepSeek-v3 as
the reward model. rtrans denotes the translation
reward on a 100-point scale; while ftrans indicates
the translation feedback with textual suggestions
and critiques.
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Source Sentence: His way of connecting with the family was 
always making us a dish, making us dinner," Louis Galicia said.

<think>
Firstly, let’s analyze sentence structure... 
Then, ...
</think>
他与家人保持联系的方式总是为我们
做一桌好菜，还请我们共进晚餐，”
路易·加利亚先生说。

First Rollout

Feedback:
1. **一桌好菜**: "good food" is not in the original text, just "a 
dish" or "dinner".  The translation here adds unnecessary 
embellishments...
2. **还请我们共进晚餐**: "making us dinner" in the original 
article more directly expresses his act of cooking for his family...
...
Score: 60

Translation
Reward

Format
Reward

Original Input: Translate ... "His way of connecting with the family..."... 
<think>
Firstly, let’s analyze sentence structure... Then, ...
</think>
他与家人保持联系的方式总是为我们做一桌好菜，还请我们共进晚
餐，”路易·加利亚先生说。 
```
1. **一桌好菜**: "good food" is ...
2. **还请我们共进晚餐**: "making ...
```

[original input]<think>\n[thought]\n</think>\n[translation]
```Feedback```
Next, I will gradually correct the mistakes to obtain the 
revised translation. 
Firstly, "making us a dish" means “为我们做饭” is more 
suitable...
</think>
“他与家人保持联系的方式总是为我们做菜，烹饪晚餐”
卢易·加利西亚说。

Feedback:
1.**卢易·加利西亚**: ...
...
Score: 80

Format
Reward

Translation
Reward

Second Rollout

Figure 3: The overview of the FeedRollout process, containing the first and second rollout stages. The policy
model first samples responses and obtains the format and translation reward. For the flawed translation (e.g., Score
≤ 60), the policy model injects the feedback into thought to explore better translation.

Overall Reward. Combining the above two types
of reward, the final reward is as follows:

r =

{
rtrans if rformat = 1,

0 others
(3)

3.2 FeedRollout
As we described above, in addition to the transla-
tion reward (rtrans), the reward model also provides
valuable translation feedback ftrans. Therefore, we
explore whether the feedback can further enhance
the translations. Given this motivation, we design
a novel rollout process, i.e., FeedRollout, which
involves two rollout stages to guide the translation
model with feedback, illustrated in Figure 3.
First Rollout. In the first rollout stage, the trans-
lation model conducts a vanilla rollout process for
each source sentence, i.e., sampling N responses
with deep reasoning for translation, which we de-
note as T = {t1, t2, . . . , tN}. Consequently, the
reward model (DeepSeek-v3) provides the cor-
responding evaluation, with the translation feed-
back F = {f1, f2, . . . , fN} and translation scores
S = {s1, s2, . . . , sN}. fi and si denote the transla-
tion feedback and translation reward of ti, respec-
tively. Based on S, we extract flawed translations:

Flawed(ti) =

{
False si > τ,

True si ≤ τ
(4)

where Flawed(ti) denotes whether ti is a flawed
translation. τ is a pre-defined threshold. In practice,

we treat the translations with scores in the bottom
τ -% in batch as flawed translations, to maintain a
stable number of flawed translations.
Second Rollout. For flawed translations, we next
guide the translation model on how to refine them
in the second rollout process. We speculate that
flawed translation may be caused by the base mod-
els’ translation capabilities (Yan et al., 2025; Zhao
et al., 2025; Yue et al., 2025). The translation feed-
back fi might assist the thoughts and guide the
model to provide better translations beyond the ini-
tial translation capabilities. Thus, for each flawed
translation, we concatenate the translation feedback
after the original thought content, and let the model
re-generate the translation, like the blue box on the
upper right in Figure 3. Then, we insert one sen-
tence “Next, I will gradually correct the mistakes
to obtain the revised translation.” to simulate the
continual step in thought and guide the model to
refine the flawed translation. Building upon the
second rollout, we also calculate its reward as we
discussed in Eq. 3. In this way, the policy model is
encouraged to explore better translations under the
guidance of translation feedback.

3.3 Training Process

To train FeedTrans, we first leverage cold-start
SFT to encourage the model with a “think-then-
translate” pattern. Following Wang et al. (2025b),
we select 4K general-domain English sentences
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from WMT24, and employ DeepSeek-R1 (Guo
et al., 2025a) to perform translations. The gener-
ated thoughts and translations are used to SFT our
ColdStart model.

Next, we employ RL training to further enhance
the model. Similar to previous approaches (He
et al., 2025; Wang et al., 2025b; Feng et al., 2025b),
we use the GRPO algorithm (Shao et al., 2024)
to optimize the model. In detail, for a source
query q, the behavior policy πold firstly samples
a group of N individual responses {ti}Ni=1. Con-
sequently, πold samples an extra group of N re-
sponses {tj}Nj=1, including the reused rewards of
good translations and new rewards for the gen-
erated translations in the second rollout. Then,
we merge both groups to calculate the advantage,
where the advantage of the i-th response is cal-
culated by normalizing the group-level rewards
{ri}2Ni=1:

Âi =
ri − mean({ri}2Ni=1)

std({ri}2Ni=1)
. (5)

Finally, the GRPO optimizes the policy model
πnew by maximizing the following objective:

Jπ =
1

2N

2N∑
1

(min(∇πÂi,

clip(∇π, 1− ϵ, 1 + ϵ)Âi)

− βKL(πnew||πref ),

(6)

∇π =
πnew(ti|q)
πold(ti|q)

, (7)

where ϵ and β are hyperparameters, πref is the ref-
erence model. Following DAPO (Yu et al., 2025),
we remove the KL item in the GRPO algorithm,
i.e., β = 0. To prevent the model from attempt-
ing to memorize specific “{Feedback}”, we mask
the corresponding tokens when calculating the RL
objectives, similar to Li et al. (2025a).

4 Experiments

4.1 Experimental Setups
Dataset. As described in § 3.3, our training pro-
cess contains the ColdStart and RL stages. For
the ColdStart stage, we prepare the training sets
in four translation directions, i.e., English (En) ↔
Chinese (Zh) and English (En) ↔ German (De).
To create this training set, we select 4K general-
domain English sentences from WMT24 and em-
ploy DeepSeek-R1 to translate them into Chinese

and German, under the ‘think-then-translate’ pat-
tern. We then back-translate the outputs to create
Chinese / German → English training data. For
the RL stage, we collect parallel sentences from
the WMT 2017-2020 dev sets of four translation
directions, with roughly 10K sentences (in news do-
main) per direction. Additionally, we also employ
DeepSeek-R1 as the teacher model to translate the
source sentence within the training sets of RL stage.
To evaluate our models, we use Flores-200 (Goyal
et al., 2022; Costa-Jussà et al., 2022), which covers
domains such as news, children’s books, and travel
guides, to assess translation performance in four
directions. Further, in case of English-to-Chinese
translation, we investigate the translation ability
of multi-domain to evaluate the generalization of
MT models after tuning. In this multi-domain sce-
nario, we utilize test sets from CultureMT (Yao
et al., 2023), Tico19 (Anastasopoulos et al., 2020),
MetaphorTrans (Wang et al., 2024a), and RedTrans
(Guo et al., 2025b), focusing on the cultural, medi-
cal, literary, and social network service domains.

Metrics. We assess translation quality using two
widely used complementary metrics: the reference-
based semantic metric COMET (Rei et al., 2020,
2022a) (wmt22-comet-da), and the reference-free
semantic metric COMETKiwi (Rei et al., 2022b)
(wmt22-cometkiwi-da).

Backbones. We select Qwen2.5-7B-Instruct (Yang
et al., 2024) as our backbone for fair comparison,
following previous studies (Wang et al., 2024a,
2025b; Feng et al., 2025b). Besides, we add
Llama3-8B-Instruct (Grattafiori et al., 2024) to
evaluate our method with a different model ar-
chitecture. Moreover, we add the Qwen2.5-14B-
Instruct as the larger backbone.

4.2 Baselines

(1) General Non-reasoning LLMs. We use Llama3-
8B-Instruct (Grattafiori et al., 2024), Qwen2.5-7B-
Instruct, and Qwen2.5-14B-Instruct (Yang et al.,
2024) as baselines. Building upon the above three
models, we conduct SFT with the golden parallel
sentences and the distilled version from DeepSeek-
v3 for the comprehensive comparison, and use “-
Golden” and “-V3” as their corresponding suffixes.
(2) General LRMs. Marco-o1-7B (Zhao et al.,
2024), DeepSeek-R1-Distill-Qwen-7B (R1-Qwen-
7B), DeepSeek-R1-Distill-Llama-8B (R1-Llama-
8B), and DeepSeek-R1-Distill-Qwen-14B (R1-
Qwen-14B) (Guo et al., 2025a) are used as base-
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Model CoT? En→Zh Zh→En En→De De→En

DeepSeek-v3 × 89.87 / 86.22 87.74 / 85.98 89.16 / 86.98 89.67 / 86.03

Backbone: Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct × 87.75 / 84.36 86.35 / 84.38 82.75 / 80.85 88.06 / 85.19
R1-Qwen-7B � 83.83 / 79.53 83.91 / 82.53 78.31 / 75.90 84.39 / 81.19
Macro-o1 � 87.51 / 84.40 86.44 / 85.18 83.98 / 82.54 88.46 / 85.35
DRT-7B � 86.99 / 84.38 – – –
DeepTrans-7B � 87.40 / 85.33 – – –
MT-7B-ColdStart (w/o CoT) × 86.67 / 82.53 86.12 / 84.77 84.21 / 82.30 88.24 / 85.26
MT-7B-FullData (w/o CoT) × 87.97 / 84.87 86.62 / 85.30 85.19 / 83.53 88.56 / 85.41
MT-7B-ColdStart (w/ CoT) � 86.82 / 82.97 86.17 / 84.81 84.82 / 83.11 88.31 / 85.56
MT-7B-FullData (w/ CoT) � 88.12 / 84.96 86.73 / 85.41 85.34 / 83.90 88.66 / 85.65
FeedTrans-7B (Ours) � 88.81 / 85.89 86.89 / 85.47 85.88 / 84.47 88.84 / 85.70

w/o FeedRollout � 88.34 / 85.42 86.71 / 85.39 85.28 / 84.06 88.74 / 85.63

Backbone: Llama3-8B-Instruct
Llama3-8B-Instruct × 84.97 / 81.63 86.18 / 84.41 85.90 / 84.17 88.22 / 85.39
R1-Llama-8B � 85.19 / 81.87 84.87 / 83.65 76.85 / 75.57 87.20 / 84.30
MT-8B-ColdStart (w/o CoT) × 86.68 / 83.89 85.32 / 84.31 85.84 / 84.12 88.32 / 85.41
MT-8B-FullData (w/o CoT) × 87.26 / 84.59 86.31 / 85.07 86.28 / 84.18 88.57 / 85.58
MT-8B-ColdStart (w/ CoT) � 86.89 / 84.09 85.58 / 84.36 86.35 / 84.69 88.27 / 85.49
MT-8B-FullData (w/ CoT) � 87.45 / 84.69 86.43 / 85.12 86.67 / 84.87 88.69 / 85.59
FeedTrans-8B (Ours) � 87.97 / 85.11 86.62 / 85.38 87.06 / 85.05 88.93 / 85.75

w/o FeedRollout � 87.53 / 84.75 86.35 / 85.20 86.78 / 84.74 88.89 / 85.69

Backbone: Qwen2.5-14B-Instruct
Qwen2.5-14B-Instruct × 88.08 / 84.59 87.11 / 85.05 83.34 / 81.90 89.11 / 85.45
R1-Qwen-14B � 87.94 / 84.74 86.53 / 85.33 84.19 / 83.36 88.81 / 85.68
DRT-14B � 87.19 / 84.59 – – –
MT-14B-ColdStart (w/o CoT) × 88.11 / 85.08 86.89 / 85.12 86.37 / 84.65 88.11 / 85.08
MT-14B-FullData (w/o CoT) × 88.56 / 85.62 87.13 / 85.59 86.94 / 85.00 88.70 / 85.51
MT-14B-ColdStart (w/ CoT) � 88.15 / 85.07 86.44 / 85.26 86.87 / 85.23 88.32 / 85.33
MT-14B-FullData (w/ CoT) � 88.64 / 85.57 87.22 / 85.64 87.34 / 85.68 89.01 / 85.62
FeedTrans-14B (Ours) � 89.11 / 86.15 87.31 / 85.74 87.59 / 85.97 89.27 / 85.94

w/o FeedRollout � 88.75 / 85.82 87.09 / 85.48 87.17 / 85.60 88.99 / 85.78

Table 1: Translation results in four translation directions of the Flores test set. ‘CoT?’ indicates whether the model is
a reasoning model. We sample 4 times for each sentence and report the averaged “COMET / COMETKiwi” scores
for all models. DRT-* and DeepTrans-7B are only optimized in English (En) → Chinese (Zh) direction. Bold and
underline denote the best and sub-optimal performance, repectively.

lines.

(3) MT-oriented models. We select the open-
sourced DRT-7B and DRT-14B models (Wang
et al., 2024a) as the baselines, which are fine-tuned
by the Long CoT translation data. Besides, we
also compare our model with the open-sourced
DeepTrans-7B (Wang et al., 2025b), which is op-
timized by reinforcement learning. Further, we
employ SFT to optimize the backbones with the
DeepSeek-R1 generated samples of the data in
ColdStart or ColdStart + RL stages, and obtain
the MT- *- ColdStart / FullData models. Depend-
ing on whether involving the thinking content of
DeepSeek-R1 in SFT data, we build the MT-* (w/o
CoT) and MT-* (w/ CoT) models and treat the MT-

*-ColdStart (w/ CoT) as the cold-start models of
RL. Additionally, we train FeedTrans-* w/o Fee-
dRollout models, which are optimized only with
GRPO and the reward defined in Eq. 3, and use
them as baselines in our RL setting. More detailed
implementation of training and inference could be
found in Appendix 7.1.

4.3 Main Results

We analyse the data presented in Table 1 and 2
to assess the performance of FeedTrans-* in four
translation directions and four domains in English-
to-Chinese directions. Focusing on this data, we
can draw several conclusions.

First, MT-oriented SFT models generally per-
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Model CoT? CultureMT Tico19 MetaphorTrans RedTrans

DeepSeek-v3 × 85.65 / 84.12 88.95 / 85.66 81.65 / 75.06 87.55 / 80.48

Backbone: Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct × 82.61 / 80.88 87.09 / 83.37 75.30 / 68.66 80.45 / 72.60
R1-Qwen-7B � 77.34 / 74.62 84.11 / 79.84 67.93 / 61.43 78.52 / 72.12
Macro-o1 � 82.52 / 81.99 86.57 / 83.47 76.79 / 70.98 82.49 / 77.02
DRT-7B � 81.51 / 80.81 85.87 / 83.15 79.93 / 72.06 81.01 / 77.14
DeepTrans-7B � 83.23 / 83.11 86.53 / 83.84 78.27 / 72.82 83.15 / 78.80
MT-7B-ColdStart (w/o CoT) × 83.03 / 81.30 87.10 / 83.52 76.77 / 69.99 81.61 / 75.42
MT-7B-FullData (w/o CoT) × 83.75 / 82.96 87.40 / 83.98 77.19 / 71.01 80.96 / 74.98
MT-7B-ColdStart (w/ CoT) � 83.53 / 82.78 86.59 / 83.17 77.42 / 71.32 84.32 / 78.48
MT-7B-FullData (w/ CoT) � 83.75 / 82.95 86.68 / 83.48 77.64 / 71.27 83.99 / 78.49
FeedTrans-7B (Ours) � 84.13 / 83.93 87.69 / 84.47 79.73 / 73.81 84.82 / 79.66

w/o FeedRollout � 83.73 / 83.22 87.31 / 84.13 79.15 / 72.65 84.58 / 78.99

Backbone: Llama3-8B-Instruct
Llama3-8B-Instruct × 78.78 / 79.01 84.31 / 80.99 71.11 / 66.07 78.52 / 72.73
R1-Llama-8B � 79.90 / 78.87 84.12 / 80.34 72.17 / 66.14 79.72 / 73.85
MT-8B-ColdStart (w/o CoT) × 80.74 / 79.28 85.66 / 81.46 72.64 / 66.21 79.54 / 73.66
MT-8B-FullData (w/o CoT) × 82.01 / 80.97 85.95 / 82.11 73.97 / 66.96 79.82 / 73.82
MT-8B-ColdStart (w/ CoT) � 81.95 / 81.39 86.05 / 82.98 74.69 / 68.55 82.70 / 77.37
MT-8B-FullData (w/ CoT) � 82.92 / 82.25 86.37 / 83.10 75.83 / 69.18 82.68 / 77.31
FeedTrans-8B (Ours) � 83.03 / 83.12 87.19 / 84.04 77.87 / 72.04 83.39 / 78.88

w/o FeedRollout � 82.68 / 82.50 86.86 / 83.76 76.33 / 70.61 82.91 / 77.93

Backbone: Qwen2.5-14B-Instruct
Qwen2.5-14B-Instruct × 83.23 / 81.98 87.14 / 84.08 78.29 / 71.81 81.48 / 73.17
R1-Qwen-14B � 82.86 / 81.71 87.20 / 84.17 77.45 / 71.28 84.42 / 77.83
DRT-14B � 83.16 / 82.12 86.59 / 84.22 80.16 / 72.05 80.65 / 76.68
MT-14B-ColdStart (w/o CoT) × 83.80 / 82.62 87.82 / 84.26 78.62 / 72.04 82.64 / 75.76
MT-14B-FullData (w/o CoT) × 84.26 / 83.37 87.76 / 84.31 78.61 / 72.28 82.94 / 75.89
MT-14B-ColdStart (w/ CoT) � 83.97 / 83.09 87.26 / 83.86 77.95 / 71.64 84.79 / 78.71
MT-14B-FullData (w/ CoT) � 84.07 / 83.27 87.06 / 83.87 77.51 / 71.57 85.01 / 79.07
FeedTrans-14B (Ours) � 84.45 / 84.00 88.14 / 85.08 80.53 / 74.46 85.71 / 80.24

w/o FeedRollout � 84.22 / 83.61 87.66 / 84.61 79.46 / 73.24 85.43 / 79.69

Table 2: Translation results in four translation directions of the Flores test set. ‘CoT?’ indicates whether the model is
a reasoning model. We sample 4 times for each sentence and report the averaged “COMET / COMETKiwi” scores
for all models. Bold and underline denote the best and sub-optimal performance, repectively.

form better than the general-purpose models in the
translation task. For instance, under the Qwen2.5-
7B-Instruct backbone, the SFT variants (e.g., MT-
7B-FullData-*) consistently outperform the back-
bone or R1-Qwen-7B across four Flores directions.
Second, enabling CoT within MT-oriented SFT
(MT-*-FullData w/ CoT) could gain over its non-
reasoning counterpart on the four translation direc-
tions of Flores, but cannot achieve the consistent
improvement in the other four domains of English-
to-Chinese translation.

Meanwhile, the vanilla RL-based models (i.e.,
FeedTrans-* w/o FeedRollout) are competitive on
Flores and show clear advantages on multi-domain
benchmarks (CultureMT, Tico19, MetaphorTrans,
and RedTrans), which demonstrates the effective-
ness and robustness of RL. However, the vanilla

RL-based models cannot consistently perform bet-
ter than the SFT with CoT variants (MT-*-FullData
w/ CoT), especially on the Flores task. Differ-
ently, across backbones and scales, our FeedTrans-
7/8/14B models achieve the best or sub-optimal
results on almost all test sets, and ablating Fee-
dRollout consistently degrades performance in four
translation directions of Flores and multi-domain
evaluations. For instance, in the En → De trans-
lation of Flores, the MT-*-FullData (w/ CoT) per-
forms better or close to the FeedTrans-* w/o Fee-
dRollout, but significantly lags behind FeedTrans-*
in terms of COMET and COMETKiwi.

Overall, the superior performance of FeedTrans-
* showcases that the FeedRollout mechanism ma-
terially contributes to better translation quality via
the real-time feedback during rollout.
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Figure 4: Detailed performance changes of FeedTrans-7B during RL training. Among them, (b) and (c) display the
performance of the corresponding values in the first rollout of FeedRollout, for fair comparison. The horizontal
axis denotes the number of training steps, with 300+ steps (2 epochs) in total. The vertical axis denotes the value of
the corresponding metrics.

5 Analysis

5.1 The Effect of FeedRollout
We further discuss by comparing the performance
of FeedTrans-7B w/o FeedRollout and FeedTrans-
7B during RL training, to provide a deeper under-
standing of FeedRollout. Figure 4 shows the cor-
responding details, which we analyze from the fol-
lowing aspects:
Entropy. Entropy of rollouts quantifies the
stochasticity of action distributions, where a higher
value reflects stronger exploratory behavior. In
Figure 4(a), the entropy of the FeedTrans-7B
rapidly increases by around 0.2 increments, while
FeedTrans-7B w/o FeedRollout suffers a gradual
rise (only 0.025 increments). Specifically, the Fee-
dRollout mechanism leverages DeepSeek-v3 to
provide quality-aware feedback according to the
criterion in Figure 2. Consequently, the feedback
incentivizes the policy model π to explore better
translation candidates. Conversely, the minimal en-
tropy increase in the FeedTrans-7B w/o FeedRoll-
out suggests constrained exploration, indicating
that relying solely on the reward score has lim-
ited capacity to guide the policy model toward
improved translations. Importantly, the sustained
entropy gap supports the hypothesis that the Fee-
dRollout mechanism, through external feedback,
enhances the policy model’s ability to explore path-
ways leading to better translations.
Length of Thought. In Figure 4(b), we plot the
variation in the number of words in the thought
process for both the FeedTrans-7B and FeedTrans-
7B w/o FeedRollout. Specifically, FeedTrans-7B
w/o FeedRollout exhibits a fluctuating yet generally
declining thought length (from 600 words to 450
words), consistent with previous approaches (Feng
et al., 2025b; Wang et al., 2025b). In stark con-

trast, FeedTrans-7B maintains long thought paths
(over 600 words), particularly when the FeedTrans-
7B w/o FeedRollout’s trajectory shortens abruptly.
Moreover, the difference in the length variations of
thought suggests that the external feedback system-
atically encourages the policy model to engage in
deeper exploration. Besides, the sustained thought
length aligns with the previously observed increase
of entropy loss under FeedRollout, providing com-
plementary evidence for the LRMs’ capacity to
enhance exploration during RL training. Collec-
tively, these findings indicate that external feed-
back fosters a more exhaustive exploration of the
translation space by the policy model, synergizing
standard sampling with feedback-driven refinement
to optimize candidate generation.
Translation Reward. In Figure 4(c), we present
the changes in translation reward (rtrans in Eq.2)
for both FeedTrans-7B and FeedTrans-7B w/o
FeedRollout models. Specifically, FeedTrans-7B
demonstrates a significant reward advantage after
the initial training phase (e.g., after 10–20 steps),
maintaining consistent superior performance there-
after. In contrast, FeedTrans-7B w/o FeedRoll-
out exhibits slower convergence and eventually
plateaus, resulting in a reward score gap of ap-
proximately 1 to 2 points. The increase in reward
suggests that the policy model could generate better
translations with the expanded search space.

Takeaway-I for Effect of FeedRollout

FeedRollout could assist the policy model
in expanding its search space for translation,
thereby generating better translations.

Besides, we note that the behaviors of entropy
loss, length of thought, and translation reward are
similar between the FeedTrans-7B and FeedTrans-
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Figure 5: Detailed performance changes of FeedRollout during RL training. Among them, (a) and (b) display the
performance of the corresponding values in the first rollout of FeedRollout, while (c) compares the performance
between the first and second rollouts. The horizontal axis denotes the number of training steps, and the vertical axis
denotes the value of the corresponding metrics.

7B w/o FeedRollout during the early stages of RL,
and the differences become significant in the later
training steps. Based on these observations, we
speculate that the effect of FeedRollout differs be-
tween the early and later training steps.

Rewards of Flawed Translations. To investigate
the fine-grained effect of FeedRollout, Figure 5(a)
further analyzes the variation in translation rewards
for flawed translations (bottom 30% of each step)
in the first rollout, as well as Figure 5(b) displays
the ratio of rtrans ≤ 60.

During the early training steps, depicted in Fig-
ure 5(b), the translation reward increases rapidly
from approximately 50 to 58 during the initial 50
RL steps. Meanwhile, Figure 5(b) showcases that
the ratio of translations with rtrans ≤ 60 has the
similar decline trend between FeedTrans-7B and
FeedTrans-7B w/o FeedRollout. In other words, the
low-quality translations are being pruned by the
policy model. Building upon this phenomenon, we
could plot a preliminary conjecture that FeedRoll-
out mainly brings a systemic shift in the policy
model’s cognition to prune low-quality translations
in the early steps, rather than immediately expand-
ing its search space for better translations.

For the later training steps, the translation re-
wards of flawed translations continue to increase
gradually, reaching a score of around 59. Mean-
while, the proportion of translations with rtrans ≤
60 for FeedTrans-7B decreases continuously to
around 0.44, which is significantly lower than the
FeedTrans-7B w/o FeedRollout’s proportion of ap-
proximately 0.5. These divergent trends following
the initial phase suggest that FeedRollout trans-
forms the policy model’s early cognition to prune
low-quality translations, subsequently guiding the
model to focus its exploration on high-quality trans-

lations.
Reward Comparison. To further examine the
fine-grained effect of FeedRollout, we present the
translation rewards (rtrans) for both rollouts in Fig-
ure 5(c). From this figure, we observe a large dis-
crepancy between the reward scores of the first and
second rollouts during the early RL steps. In con-
trast, this gap becomes stable and smaller in the
later steps. The significant reward deficit between
the two rollouts in the early steps suggests that the
initial policy model explores translations based on
its own internal recognition, and that real-time feed-
back will assist in re-establishing its cognition. In-
terestingly, the gap narrows rather than expands in
the later stages. This finding indicates that the core
value of feedback indeed lies in the early stage of
cognitive re-establishment. Moreover, the stability
and smaller gap in the later stages precisely suggest
that the new cognition guided by feedback is per-
sistent, enabling the policy model to continue ex-
ploring better translations without becoming overly
dependent on external feedback.

Takeaway-II for Effect of FeedRollout

The impact of FeedRollout varies between
the initial and later stages of training.
Initially, FeedRollout reshapes the policy
model’s understanding to eliminate low-
quality translations. As training progresses,
FeedRollout directs the model’s exploration
towards high-quality translations.

5.2 Comparison with Large-Scale Models

We further analyze the performance of FeedTrans-
7B/14B in comparison with larger models (e.g.,
QwQ-32B, GPT-4o, o1-preview, and DeepSeek-R1).
To reduce the cost of APIs, we randomly select 400
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Model Param. Flores200 CultureMT Tico19 MetaphorTrans RedTrans

GPT-4o - 87.45 / 84.15 84.18 / 83.14 85.66 / 81.36 70.70 / 66.06 83.55 / 78.69
o1-preview - 89.29 / 86.18 85.80 / 84.89 88.79 / 84.47 80.77 / 74.41 86.52 / 81.61
DeepSeek-R1 671B 89.23 / 86.18 86.13 / 84.63 88.10 / 83.95 79.04 / 72.81 85.88 / 81.08
Qwen2.5-32B-Instruct 32B 87.22 / 83.90 84.31 / 80.47 87.49 / 83.53 78.53 / 72.60 84.91 / 79.88
R1-Qwen-32B 32B 88.49 / 85.31 84.11 / 80.47 87.67 / 83.96 78.97 / 72.52 85.44 / 80.77
QwQ-32B 32B 88.75 / 85.92 85.19 / 84.62 87.98 / 83.89 79.89 / 73.52 85.71 / 81.35

FeedTrans-7B 7B 88.62 / 85.93 84.78 / 84.42 87.41 / 83.69 79.69 / 73.62 85.53 / 81.90
FeedTrans-14B 14B 88.93 / 86.04 85.30 / 84.54 87.40 / 83.88 80.57 / 74.58 85.95 / 82.15

Table 3: Comparison results in English-to-Chinese translation of FeedTrans-7B/14B and strong baseline models
(commercial LLMs or >30B parameters). In this table, we report the scores by evaluating models on the randomly
selected 400 samples for each test set to reduce the cost of APIs.
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Figure 6: COMETKiwi scores of FeedTrans-7B and
FeedTrans-7B w/o FeedRollout among training steps on
the Flores200.

samples in each test set and list the results in Ta-
ble 3.

Compared to the larger models, FeedTrans-
7B/14B could approach or even surpass the perfor-
mance of o1-preview and match that of QwQ-32B
in our scenarios. For example, on the WMT23
dataset, FeedTrans-7B achieves a score of 85.06 /
81.67, comparable to QwQ-32B’s 84.95 / 81.36
and surpassing some metrics of larger models
like DeepSeek-R1. On the Flores200 dataset,
FeedTrans-7B attains a score of 88.62 / 85.93,
closely matching QwQ-32B and approaching o1-
preview’s leading score of 89.29/86.18. FeedTrans-
14B further enhances these results, scoring 80.57
/ 74.58 on the MetaphorTrans dataset, which
surpasses QwQ-32B and approaches o1-preview.
These findings indicate that FeedTrans models, de-
spite their smaller size, achieve translation quality
close to significantly larger models, highlighting
the effectiveness and scalability of our FeedTrans-
7B/14B model.

5.3 Performance among Steps

In this section, we present the COMETKiwi scores
of FeedTrans-7B and FeedTrans-7B w/o FeedRoll-

Model Performance GPU hours

MT-7B-FullData (w/o CoT) 83.45 / 79.56 3.3 + 25.6
MT-Patcher-7B (w/o CoT) 84.12 / 80.34 3.3 + 58.3
MT-7B-FullData (w/ CoT) 84.04 / 80.23 3.3 + 25.6
MT-Patcher-7B (w/ CoT) 84.75 / 80.87 4.5 + 58.3
FeedTrans-7B 85.38 / 81.73 113.4 + 76.8

w/o FeedRollout 84.64 / 81.03 86.2 + 62.3

Table 4: Exploration of different FeedBack Mode and
the GPU cost. Performance is the average scores
(COMET/COMETKiwi) among five test sets in En →
Zh translation (Flores, CultureMT, Tico19, Metaphor-
Trans, and RedTrans). “a + b” in GPU hours denotes
the “trained model time” (all time of trained model) +
“auxiliary model time” (all time of other auxiliary model,
e.g., reward model).

out across training steps, as shown in Figure 6.
During the early stages of training, FeedTrans-

7B demonstrates a statistically significant and sta-
ble advantage over the model without FeedRollout,
maintaining a consistent lead of approximately 0.36
in COMETKiwi scores. Furthermore, the perfor-
mance divergence intensifies in the later training
steps, with the advantage of FeedTrans-7B expand-
ing by 46% to a final gap of 0.54 COMETKiwi
points. Moreover, the trend is consistent with the
findings in §5.1, providing additional evidence of
the impact of FeedRollout at different stages of
training. Notably, FeedTrans-7B achieves perfor-
mance similar to that of QwQ-32B (85.93 vs. 86.02
COMETKiwi scores), despite having significantly
fewer parameters (7B vs. 32B). Overall, the su-
perior performance of FeedTrans-7B underscores
the effectiveness of FeedRollout in enhancing the
translation capabilities of the policy model.

5.4 Feedback Usage

Further, we analyze the usage of feedback from
other models and GPU hours during training and
list the results in Table 4. In detail, we compare four
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Reward Model FeedTrans-7B
w/o FeedRollout

FeedTrans-7B

DeepSeek-v3 84.62 / 80.88 85.04 / 81.55
+ COMETKiwi 84.89 / 81.09 85.38 / 81.73

DeepSeek-R1 84.64 / 81.03 84.98 / 81.60
QwQ-32B 84.43 / 80.61 84.78 / 81.32

Table 5: Averaged scores of RL models (based on
MT-7B-FullData w/ CoT) with different reward models
among five test sets in En → Zh translation.

ways of feedback: direct SFT (MT-7B-FullData-*),
offline feedback & SFT (MT-Patcher-7B-*)1 (Li
et al., 2024), online judge (FeedTrans-7B w/o Fee-
dRollout), and online feedback (FeedTrans-7B).

As shown in Table 4, in terms of performance,
the usage of feedback always performs better than
direct SFT, no matter the offline or online feedback.
Besides, although the offline feedback could sig-
nificantly improve the performance compared to
MT-7B-FullData-*, it still lags behind the online
feedback. This performance gap further demon-
strates the effectiveness of our proposed FeedRoll-
out mechanism. For the GPU hours cost, the pri-
mary expense for the SFT-based models (MT-7B-
FullData- and MT-7B-Patcher-) comes from the
auxiliary model (e.g., DeepSeek-R1) used to gen-
erate or consolidate the SFT data. Compared with
SFT, the RL-based models consume more GPU
hours because they rely on rollouts and the cor-
responding interactions with the reward model.
Moreover, due to the refinement and extra inter-
action with the reward model, the online feedback
requires more GPU hours to achieve the best per-
formance.

5.5 Reward Model Selection

In this section, we investigate the impact of the re-
ward model on the final performance and compare
the basic selection (i.e., DeepSeek-v3) with three
strategies, i.e. DeepSeek-v3 + COMETKiwi (av-
eraged scores), DeepSeek-R1, and QwQ-32B. The
results are listed in Table 5.

Table 5 shows that FeedTrans-7B consistently
outperforms FeedTrans-7B w/o FeedRollout un-
der all reward model strategies, indicating that
our proposed FeedRollout is not limited to the
DeepSeek-v3 and performs well under different re-
ward models. In addition, MT-7B-FullData (w/
CoT) achieves 84.04 / 80.23 average scores in
Table 4, which lags behind FeedTrans-7B using

1We describe the implementation in Appendix 7.1.
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Figure 7: Performance of the different selected ratios
by τ of “Flawed” translation on the English-to-Chinese
test set of Flores200.

DeepSeek-R1 as the reward model (84.98 / 81.60).
This suggests that, relative to SFT improvements
obtained mainly via distilled data, RL with Fee-
dRollout can leverage real-time feedback during
training more effectively, leading to stronger trans-
lation performance.

5.6 Hyperparameter Experiments

As introduced in § 3.2, FeedRollout introduces the
hyperparameter τ to select the “Flawed” transla-
tions. For both backbones (Qwen2.5-7B-Instruct
and Llama3-8B-Instruct), we vary τ from 10% to
50%, and evaluate on the English-to-Chinese trans-
lation test set of Flores200. The results in Fig-
ure 7 indicate that τ=30% is a strong choice under
our training setup. Specifically, the smaller τ val-
ues constrain FeedRollout’s potential by providing
less feedback to support reflective reasoning. Con-
versely, increasing τ beyond 30% does not yield
substantial additional gains. Empirically, with τ ≥
30%, the policy model produces improved trans-
lations for roughly 50% of the identified flawed
cases in each rollout. Therefore, we adopt τ=30%
as the default setting to train our translation mod-
els, enabling them to learn self-assessment from
DeepSeek-v3 and achieve strong performance.

5.7 Effect of Secondary Decoding with
Feedback

Since we apply secondary rollout with feedback
during RL training, in this section, we analyze the
effect of secondary decoding with feedback during
inference. We explore three models: MT-7B-Cold
Start (w/ CoT), which denotes the model SFT with
the long-thought MT data; our FeedTrans-7B and
FeedTrans-7B w/o FeedRollout.

As shown in Table 6, we observe that the im-
provement of MT-7B-Cold Start (w/ CoT) + feed-
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Metrics MT-7B-ColdStart
(w/ CoT)

FeedTrans-7B
w/o FeedRollout

FeedTrans-7B

Vanilla Infer 86.82 / 82.97 88.34 / 85.42 88.81 / 85.89
+ SelfAssess +0.31 / +0.77 -0.11 / -0.18 +0.12 / +0.02
+ FeedBack +0.66 / +2.96 +0.13 / +0.26 +0.15 / +0.03

Number of
Reflection

0.87 1.33 2.36

Table 6: Analysis of the reflective behavior in three
models on the Flores200 task. “Vanilla Infer” reports
the COMET/COMETKiwi score by the vanilla infer-
ence. “SelfAssess” denotes the improvement of “Vanilla
Infer’ with the self-assessment. “FeedBack” denotes
the improvement of “Vanilla Infer” with the external
feedback from DeepSeek-v3, where the operation is the
same as the flawed translation in FeedRollout for each
case in the testset. “Number of Reflection” presents the
average number of reflection behavior in “Vanilla Infer”,
detected by keywords like “Wait”.

back indicates that incorporating external feed-
back from DeepSeek-v3 during inference enhances
the model’s translation quality. In contrast, for
our FeedTrans-7B, external feedback yields min-
imal gains. Additionally, we investigate model
performance when using self-generated feedback,
i.e., “vanilla infer + self-assess”. In this setting,
FeedTrans-7B achieves comparable results under
both “vanilla infer” and “vanilla infer + feedback,”
whereas FeedTrans-7B w/o FeedRollout fails to
benefit from self-feedback and shows no further
improvement. We further calculate the “Num-
ber of Reflections” for different models. Notably,
FeedTrans-7B exhibits a higher average number of
self-reflections compared to MT-7B-Cold Start (w/
CoT). This phenomenon suggests that FeedTrans-
7B effectively learns to self-assess and refine trans-
lations with the assistance of FeedRollout during
training, without requiring human intervention in
secondary decoding during inference.

5.8 Human Evaluation

We conduct human evaluation to further assess the
performance of Qwen2.5-7B-V3, FeedTrans-7B,
and FeedTrans-7B w/o FeedRollout. We randomly
select 200 samples from Flores200 and CultureMT,
and employ five human evaluators with high levels
of fluency in English and Chinese to assess the gen-
erated translations. The human evaluation focuses
on three key aspects: fluency, semantic accuracy,
and terminology selection. Following Kiritchenko
and Mohammad (2017), evaluators assess the qual-
ity of each aspect and rank the candidate transla-
tions for each source input, with rank 1 indicating

Model Fluency Semantic Terminology

Flores200
Qwen2.5-7B-V3 2.57 2.24 1.99
FeedTrans-7B 1.51 1.79 1.87

w/o FeedRollout 1.92 1.97 2.09

CultureMT
Qwen2.5-7B-V3 2.31 2.15 2.01
FeedTrans-7B 1.61 1.81 1.82

w/o FeedRollout 2.08 2.04 2.17

Table 7: Human evaluation results in terms of fluency,
semantic accuracy, and terminology selection. Lower
values indicate better performance.

the best one.
Table 7 reports the average rank of each model

on both test sets. The results indicate that
FeedTrans-7B outperforms Qwen2.5-7B-V3 and
FeedTrans-7B w/o FeedRollout in both fluency and
semantic accuracy across both Flores200 and Cul-
tureMT. Noteably, FeedTrans-7B w/o FeedRollout,
which only applies GRPO with final result scoring,
shows markedly poorer terminology selection than
FeedTrans-7B. This suggests that the FeedRollout
mechanism, which provides in-rollout feedback
to generated translations, is crucial for improv-
ing terminology selection during RL. In contrast,
Qwen2.5-7B-V3, trained solely via SFT with data
distilled from DeepSeek-v3, performs better than
FeedTrans-7B w/o FeedRollout on terminology se-
lection but worse on fluency and semantic accuracy.
Overall, these comparisons demonstrate that incor-
porating FeedRollout during RL training not only
enhances translation fluency and semantic accuracy
but also improves terminology selection.

5.9 Case Study

Table 8 presents a case study to evaluate the prac-
tical translation performance of Qwen2.5-7B-V3,
FeedTrans-7B w/o FeedRollout, and FeedTrans-
7B. Besides, we list the translation results of
DeepTrans-7B and QwQ-32B for comparison.

In Case 1, the sentence contains specialized
terms such as “Klansman” that require precise
translation. While Qwen2.5-7B-V3 captures the
general meaning, it mistranslates “Klansman” and
“role”, leading to semantic inaccuracies. Among
the RL-based models, only FeedTrans-7B correctly
translates “Klansman” as “三K党”, demonstrating
stronger domain knowledge. Other models produce
inaccurate or imprecise translations, reflecting limi-
tations in handling proper nouns and specific terms.
Additionally, FeedTrans-7B w/o FeedRollout ex-
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Source Sentence Groud Truth Qwen2.5-7B-V3 FeedTrans-7B
w/o FeedRollout

FeedTrans-7B DeepTrans-7B QwQ-32B

Case 1

He’s played the part
of the head Klans-
man for years, but
he said the role never
gets any easier.

多年来，他一直
扮演着三 K党头
目的角色，但他
说这个角色从不
轻松。

他已扮演多年头
号吉姆·克劳斯人的
角色，但表示这
一行永 远 不 会 轻
松。

他已多年扮演白人
民族主义头目这一
角色，但他表示，
无论时间如何推
移，这个角色始终
难以轻松应对.

他多年来一直在扮
演三K党头目的角
色，但他说这个角
色永远都不会变得
轻松。

他扮演这个头号凯尔
森人已经多年了，但
坦言，这个角色始终
没有变得轻松起来。

他多年来一直饰
演克兰组织首领的
角色，但他表示，
这个角色从未变得
轻松一些。

(He has played the
leading role of “Jim
Klausen” for many
years, but he says
this profession will
never be easy.)

(He has played the
role of the leader
of the “white nation-
alist movement” for
many years, but he
said that no matter
how time goes by,
this role is always dif-
ficult to handle eas-
ily.)

(He has been play-
ing the role of the
leader of the “Klans-
man” for many years,
but he said that this
role will never be-
come easy.)

(He has been play-
ing this top-level Kelse-
nian for many years,
but he admits that this
role has never become
any easier.)

(For many years, he
has been playing the
role of the leader of
the Kran Organiza-
tion, but he said that
this role has never
become any easier.)

Case 2

Dynamic on vault. 跳 马 时 充 满 活
力。

动态式保险箱。 金库动态。
在跳马上展现出动
态活力。

仓储区域充满活力。
在跳马项目中的动
态表现

(Dynamic-style Safe
Box.)

(Coffer Dynamics.)
(Showing dynamic vi-
tality on vault.)

(The warehouse area is
full of vitality.)

(The dynamic perfor-
mance in the vault
event.)

N/A

..., Here, the term
"vault" could refer to
a bank vault, mean-
ing of “金库”, ...

..., “Vault” usually
refers to “储 藏

室” or “金库”, but
“Dynamic on vault”
might be describing
an action or state that
is both dynamic and
energetic. For exam-
ple, in gymnastics,
the “Vault” event
(“跳马”)...

..., the word “vault” of
“on vault” refers to a
“仓库” or “储藏室”, ...

“Dynamic” can
mean something
that’s energetic,
active, or chang-
ing,...“Vault” here
is likely referring to
the vaulting event in
gymnastics,..., where
“跳马” is the term for
vault in gymnastics.

Table 8: Case Studies, Purple and Green denote the error and correct translation, respectively. We provide the
additional “(English explanation)” for each Chinese translation. Besides, Gray words present the corresponding
thought content of each model.

hibits an over-translation error (i.e., “无论时间如
何推移”/“no matter how time goes by”), rather
than the terminology selection error.

Case 2 poses a challenge due to the lexical am-
biguity of “vault”, which can mean either a “bank
vault” or a gymnastics event. Most models fail to
resolve this ambiguity without sufficient context,
translating it as “金库” or “仓储区域”, which are
incorrect in this context. In contrast, FeedTrans-
7B and QwQ-32B successfully interpret “vault” as
the gymnastics event “跳马” (“vaulting horse”).
Notably, FeedTrans-7B demonstrates deeper rea-
soning by explicitly recognizing and successfully
disambiguating the term as “跳马”. This demon-
strates that FeedTrans-7B, trained with FeedRoll-
out, exhibits advanced semantic understanding and
improved ambiguity resolution through reflective
reasoning.

Overall, FeedTrans-7B produces translations
with higher semantic completeness and more nat-
ural fluency. These findings suggest that our Fee-
dRollout mechanism could effectively enhance the

model’s ability to understand and reflect on com-
plex linguistic elements, thereby improving overall
translation quality.

6 Conclusion

In this paper, we investigate how translation eval-
uation feedback assists large reasoning models
in achieving better translation performance, to
overcome the lack of translation guidance in MT-
oriented RL. Specifically, we propose a novel Fee-
dRollout mechanism to incorporate feedback as
guidance, to engage the policy model in thoughtful
reasoning towards higher-quality translations. Ex-
perimental results on six translation tasks demon-
strate the effectiveness of FeedTrans-7/8/14B with
the assistance of FeedRollout. Besides, we conduct
a detailed analysis to demonstrate that FeedRoll-
out expands the policy models’ search space and
enhances their translation quality. Furthermore,
we explore and summarize the different effects of
FeedRollout in the early and later RL steps.
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Batch Size MT-7B-ColdStart
(w/o CoT)

MT-7B-FullData
(w/o CoT)

MT-7B-ColdStart
(w/ CoT)

MT-7B-FullData
(w/ CoT)

learning rate = 1e-5
8 83.24 / 78.85 83.45 / 79.56 83.94 / 80.09 84.04 / 80.23
32 83.32 / 78.71 83.53 / 79.65 83.89 / 79.98 84.06 / 80.22
64 83.18 / 78.44 83.64 / 79.61 83.84 / 80.01 84.01 / 80.24

128 83.23 / 79.01 83.59 / 79.57 83.92 / 80.10 84.08 / 80.20
256 83.11 / 78.92 83.61 / 79.59 83.86 / 79.41 84.10 / 80.26

learning rate = 1e-6
8 83.25 / 79.09 83.56 / 79.41 83.49 / 79.64 84.08 / 80.17
32 83.22 / 79.13 83.66 / 79.46 82.45 / 79.55 84.04 / 80.20
64 83.33 / 79.05 83.65 / 79.49 83.41 / 79.47 84.02 / 80.22

128 83.13 / 78.93 83.61 / 79.45 83.15 / 79.39 83.91 / 80.18
256 82.82 / 78.56 83.57 / 79.33 82.19 / 78.21 83.58 / 79.90

Table 9: Averaged score of five test sets in En → Zh translation (Flores, CultureMT, Tico19, MetaphorTrans, and
RedTrans). ‘CoT?’ indicates whether the model is a reasoning model. We sample 4 times for each sentence and
report the averaged “COMET / COMETKiwi” scores for all models. Bold denotes the best performance.

7 Appendix

7.1 Implementation Details

SFT. We use Llama-Factory (Yang et al., 2024) to
perform SFT, producing the distilled data (Cold-
Start and RL stages) from DeepSeek-R1. Deep-
Speed ZeRO-3 (Rasley et al., 2020) is also set to
save memory. During training, we firstly prepare
the ColdStart models (MT-*-ColdStart) by SFT the
backbones with the ColdStart data. Consequently,
we conduct the distilled variants (MT-*-FullData)
by SFT the ColdStart models with the RL stages
data, for the comparison with the RL models. For
the MT-Patcher models (MT-Patcher-7B-* in §5.4),
we leverage the ColdStart models to sample trans-
lations and employ DeepSeek-v3-awq to provide
feedback and refinement, then SFT ColdStart mod-
els with the merged data, following Li et al. (2024).
For training details, we set the batch size to 8 and

the learning rate to 1e-52, then train all models in 2
epochs.

RL Training. We use the GRPO RL algorithm
implemented by VeRL (Sheng et al., 2024), based
on MT-*-ColdStart (w/ CoT). During training, we
configure a batch size of 64 and set N of rollout
to 8, and each rollout result is evaluated by the de-
ployed DeepSeek-v3 (awq quantization). We set
the learning rate to 1e-6, the sampling tempera-
ture to 0.6, and the maximum generation length to
4096 tokens. Then, we train the model 2 epochs

2We explore these settings in §7.2.

on 8×NVIDIA H20, and the DeepSeek-v3 is de-
ployed on 8×NVIDIA H20. In practice, we treat
the bottom 30% (i.e., the bottom τ -%) of transla-
tions within each batch as flawed and refine them
using FeedRollout. We refer to the resulting models
as FeedTrans-*. Additionally, we train FeedTrans-*
w/o FeedRollout models, which are optimized only
with GRPO and the reward defined in Eq. 3, and
use them as baselines in our RL setting.

Inference. To accelerate the inference, we employ
vLLM (Kwon et al., 2023) to evaluate all models
on 8×NVIDIA H20, setting the temperature to 0.6,
top p to 0.95, repetition penalty to 1.05, and the
maximum number of generated tokens to 4096.

7.2 Hyperparameter of SFT

To explore the impact of hyperparameters during
training on the performance of SFT models, we
conduct these experiments by searching the batch
size within [8, 32, 64, 128, 256] and the learning
rate within [1e-5, 1e-6], based on Qwen2.5-7B-
Instruct.

As shown in Table 9, expensive experimental
results display that, in our scenario, the values of
batch size and learning rate have an insignificant
impact on the MT-7B-FullData-* with less than
0.1 in delta. Hence, to simplify the setting in our
experiments, we set the batch size to 8 and the
learning rate to 1e-5 for all SFT models.
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