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Abstract

Despite recent breakthroughs in reasoning-
enhanced large language models (LLMs),
incorporating inference-time reasoning into
application tasks such as machine transla-
tion (MT), where human translators natu-
rally employ structured, multi-layered rea-
soning chain-of-thoughts (CoTs), is yet un-
derexplored. Existing methods either design
a fixed CoT tailored for a specific MT sub-
task (e.g., literature translation), or rely on
synthesizing CoTs unaligned with humans
and supervised fine-tuning (SFT) prone to
overfitting, limiting their adaptability to di-
verse translation scenarios. This paper intro-
duces R1-Translator (R1-T1), a novel frame-
work to achieve inference-time reasoning for
general MT via reinforcement learning (RL)
with human-aligned CoTs comprising six
common patterns. Our approach pioneers
three innovations: (1) verifying reasoning-
based translation in various MT scenarios
(e.g., multilingual MT, domain MT) unseen
from the training phase; (2) formalizing six
expert-curated CoT templates that mirror
hybrid human strategies like context-aware
paraphrasing and round-trip translation; and
(3) enabling more flexible CoTs through
an RL stage after cold-start. Both human
and automatic evaluation results indicate a
steady translation quality improvement in a
total of 10+ languages and 40+ translation
directions on Flores-101 test set and four
domain-specific MT tasks, especially on the
languages unseen from training.

1† Corresponding author: liuyilun3@huawei.com.

1 Introduction

Recent advancements in large language models
(LLMs) have brought prominent paradigms of R1-
like models (DeepSeek-AI, 2025), which lever-
age chain-of-thought (CoT) reasoning at inference
time (Wei et al., 2022) for tasks like mathemati-
cal proofs and code generation, and employ rein-
forcement learning (RL) to incentivize autonomous
reasoning behaviors without supervised fine-tuning
(SFT) (Shao et al., 2024). For instance, DeepSeek-
R1 (DeepSeek-AI, 2025) exemplifies how extended
CoT reasoning through decomposed intermediate
steps can tackle complex problem-solving. How-
ever, the application of extended CoT reason-
ing to machine translation (MT)—a task demand-
ing both linguistic fidelity and contextual reason-
ing—remains underexplored.

While LLMs have shown promise in MT, prior
work primarily focused on direct SFT on parallel
corpus (Kocmi et al., 2024a) or retrieval-augmented
methods (Wang et al., 2025b). Recently, Wang
et al. (2025a) proposed DRT (Deep Reasoning
Translation) and introduced long CoT to enhance
Chinese-English literary translation, revealing that
extended reasoning steps improve handling of cul-
turally nuanced phrases and metaphors. Yet, this
approach narrowly targeted literature, overlooking
the broader spectrum of translation scenarios where
professional translators rigorously apply structured
reasoning—such as decomposing idioms, resolv-
ing contextual conflicts, and adopting techniques
(e.g., round-trip translation) to refine outputs (Or-
dudari, 2007; Nida, 1964; Somers, 2005). Nida
(1964) also stated that a technical translator should
make “a thorough study of the source language text
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[User instruction]

Please translate the following Chinese Source 

sentence into English.

Source sentence: 明代“御赐诗书礼乐”山
水人物黑寿山石章，孔府旧藏

Ming Dynasty "Imperial Grant of Poetry, Books, 

Ritual, and Music" landscape and figure black 

longevity mountain stone seal, formerly part of 

the Kong Family Collection

<think>  

The task is to translate a Chinese sentence into 

English. 

The sentence mentions a specific type of artifact 

from the Ming Dynasty, which is a "御赐诗书礼
乐" (imperial gift of poetry, books, rituals, and 

music) on a black Shoushan stone seal, and it was 

part of the collection of the Kong family (孔府).

"御赐" means "imperial gift," "诗书礼乐" refers 

to "poetry, books, rituals, and music," "山水人物
" means "landscape and figures," "黑寿山石" 

refers to "black Shoushan stone," and "章" means 

"seal" or "inscription.“

Putting it all together, the English translation 

should convey the meaning accurately while 

maintaining the proper context and style.</think>

<answer>An imperial gift of poetry, books, 

rituals, and music on a black Shoushan stone 

seal depicting landscape and figures, formerly 

part of the Kong family collection. </answer>

<think>

I begin by identifying the basic structure and key elements 

of the Chinese sentence. The sentence describes a historical 

artifact associated with the Ming Dynasty, specifically a 

black Shoushan stone seal featuring the theme of “御赐诗书
礼乐,” which refers to an imperial gift involving poetry, 

books, rituals, and music. It also indicates that the artifact 

was formerly part of the collection of the Confucian family. 

These elements together define the core meaning of the 

sentence.

Next, I focus on translating each major component of the 

sentence. The time period “明代” corresponds to “Ming 

Dynasty.” The phrase “御赐诗书礼乐” can be translated 

as “imperial gift of poetry, books, rituals, and music,” which 

directly reflects the cultural meaning of the original 

expression. “黑寿山石章” refers to a “black Shoushan

stone seal,” a commonly used term in English descriptions 

of Chinese artifacts. “孔府旧藏” can be rendered as 

“formerly in the collection of the Kong family,” indicating 

provenance.

I then organize these translated elements into an English 

sentence. I place the description of the artifact first, followed 

by its material and thematic features, and finally include 

information about its historical collection. This ordering 

aligns with standard English descriptions of cultural relics.

After forming the translation, I review the sentence to 

check whether all key elements identified earlier are 

included and whether the sentence reads fluently in 

English. The wording appears formal but appropriate 

for describing a historical artifact, and the structure 

follows a conventional catalog-style format.

Finally, I refine the phrasing to ensure grammatical 

correctness and overall readability. With these checks 

completed, the translation is ready as a faithful English 

rendering of the original Chinese sentence.

</think>

<answer> Yuanming "Imperial Gift of Poetry, Books, 

Rituals, and Music" Landscape and Figure Black Shoushan

Stone Seal, Formerly in the Collection of the Kong Family 

Mansion</answer>

<think>  

As I begin the translation process, I first focus on understanding the 

core elements of the Chinese sentence. The sentence is about a 

specific item from the Ming Dynasty, a black Shoushan stone seal 

with a poem, book, ritual, and music theme, which was once part of 

the collection of the Kong family. The key concepts here are the 

Ming Dynasty, the "御赐诗书礼乐" (imperial gift of poetry, books, 

rituals, and music), the black Shoushan stone, and the historical 

context of the Kong family's collection. I need to ensure that I 

capture the essence of these elements in my translation.

Next, I translate the sentence into English, aiming for clarity and 

accuracy. I use "Ming Dynasty" for the time period, as it is a 

standard translation. For "御赐诗书礼乐," I translate it as "imperial 

gift of poetry, books, rituals, and music," which is a direct and 

commonly used translation in English for this concept. The term 

"black Shoushan stone" is straightforward, and I keep it as 

"black Shoushan stone" since it is a well-known term in the 

context of Chinese art and collectibles. I also note that "孔府旧藏" 

refers to the old collection of the Kong family, so I translate it as "the 

old collection of the Kong family. " 

After completing the initial translation, I review the sentence for any 

potential ambiguities or areas where the meaning might be unclear. I 

check the accuracy of the terms used, ensuring that they align 

with the cultural and historical context. For example, "imperial 

gift" is a precise translation for "御赐," and "black Shoushan

stone" is a commonly used term in English for this type of stone. 

I also make sure that the sentence flows naturally in English, 

avoiding overly literal translations that might sound awkward or 

stilted. I then refine the sentence by adjusting word order and 

phrasing to make it sound more natural in English. For instance, 

I change "the old collection of the Kong family" to "the Kong 

family's old collection" to make the sentence more fluid and 

idiomatic. I also ensure that the sentence is grammatically 

correct and that the meaning is preserved without unnecessary 

complexity.

Finally, I review the entire translation to ensure that it is both 

accurate and stylistically appropriate…. </think>

<answer> Ming Dynasty "Imperial Gift of Poetry, Books, Rituals, 

and Music" black Shoushan stone seal with a landscape and 

figure theme, formerly part of the Kong family's 

collection.</answer>

Q2.5-7b-Ins

Q2.5-7b-Ins + RL (Stage II Only)

R1-T1 (Q2.5-7b-Ins + Stage I + Stage II)[Response] 

Shallow reasoning, without human 

translation priors guidance

[Response] 

Executes human priors as adaptive control to 

constrain and refine translations
Human-prior-based but fixed narrative reasoning

CoT decision not grounded in output, critical 

omission (landscape and figure theme)

Literal calque from Chinese

[Response] 

CoT decisions constrain output, ensuring 

accuracy and completeness

Q2.5-7b-Ins + CoT-SFT (Stage I Only)[Response] 

Omission in answer (Ming Dynasty)
Accurate expression

Figure 1: Case study illustrating how different reasoning paradigms affect translation quality. The base model
(Q2.5-7b-Ins) relies on surface-level literal mapping, leading to calque errors. CoT-SFT (Stage I) reproduces human-
prior-based reasoning as a fixed narrative, but fails to ground identified decisions in the final output. Q2.5-7b-Ins +
RL (Stage II only) induces shallow reasoning without structured human translation priors, resulting in incomplete
translations. In contrast, R1-T1 executes human CoT strategies not as a static template, but as a flexible guideline,
enabling reasoning decisions to actively constrain and refine translation outputs.

before making attempts to translate it, ”suggesting
a deep thinking process in human translation. Cur-
rent MT systems lack mechanisms to reflect these
human-like, complex CoT processes, limiting their
adaptability to diverse translation challenges.

Moreover, existing approaches for reasoning-
based translation utilized purely synthesized CoTs
distilled from LLMs (e.g., DRT (Wang et al.,
2025a)) or designed a single fixed procedure (e.g.,
TASTE (Wang et al., 2024)), which may be sub-
optimal and unaligned with the hybrid reasoning
strategies employed by human experts. Also, their
reliance on SFT with pre-defined CoTs can eas-
ily cause overfitting (Chu et al., 2025a), restrict-
ing generalization ability to flexibly organize CoTs
for broader translation domains and tasks. To ad-
dress these, we propose R1-Translator (R1-T1), a
framework that fully incentivizes reasoning-based
translation through three innovations:

(1) Reasoning for general and broader
MT. Beyond literature translation, we extended
reasoning-based MT to general multilingual MT
and MT tasks in diverse domains such as culture,
common sense and terminology constraint, while
expanding language support to 10+ languages for
multilingual general MT, including low-resource
languages. This aligns with our core assumption,
drawing from human translation experiences, that
reasoning is beneficial for general and broader MT.

(2) Human-aligned translation CoTs through
expert strategies. Professional translators often
interleave complex reasoning procedure such as
lexical disambiguation, context-aware paraphras-
ing, and iterative self-correction. With the help of
human translators, we formalized these into six dis-
tinct CoT templates mimicking common thinking
patterns of human translators and curated a train-
ing dataset with hybrid translation CoT trajectories.
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Unlike single-type CoT in existing approaches, our
approach mirrors the multi-layered reasoning ob-
served in human workflows for generalization.

(3) Flexible and dynamic CoTs by RL incen-
tivization. To avoid merely “memorizing” pre-
defined CoT trajectories (Chu et al., 2025a) and
increase generalizability of learned human transla-
tion knowledge, we designed an RL process with
specially designed rewards for MT after cold-start,
enabling LLMs to dynamically refine its reason-
ing strategies to earn the best translation rewards.
As shown in Fig. 1, consequently, the model is
equipped with a more flexible reasoning ability
while still guided under our curated human strate-
gies (i.e., checking the specific terms for accuracy
according to learned human strategies), instead
of merely repeating the definition of the strategy
mechanically observed for the CoT-SFT-only (i.e.,
SFT using pre-defined CoTs) model without RL.

To realize this vision, we introduce the concept
of translation reasoning learning, training R1-T1
models through two interconnected stages: (1) SFT
on hybrid CoT trajectories curated with profes-
sional translators, and (2) a RL-based refinement
to flexibly calibrate its reasoning paths. Stage one
serves as a cold start, injecting initial human rea-
soning guidance on translations to the model and
facilitating RL convergence. Stage two ensures
the flexible application of human prior knowledge
without overfitting. Our contributions are:

• We verified the benefits of reasoning for var-
ious MT scenarios, achieving superior trans-
lation quality in 10+ languages and multiple
sub-tasks.

• We identified six reasoning strategies for trans-
lation commonly adopted by human transla-
tors and validate the effectiveness of incorpo-
rating CoT trajectories built with these human
prior knowledge into reasoning-based MT.

• We pioneered the successful application of
RL on MT to improve the generalizability of
reasoning ability, by designing a novel reward
policy for MT, which significantly improves
the translation quality compared with plain
SFT strategy.

In addition, we open-source R1-T1’s datasets and
code, facilitating future research on MT. 2

2Code, dataset, reasoning templates are available at https:
//github.com/superboom/R1-T1.

2 Related Work

2.1 Reasoning-based LLMs
The pioneering advancements in reasoning-based
LLMs, such as OpenAI’s O1 (Jaech et al., 2024)
and DeepSeek-R1 (DeepSeek-AI, 2025), have ex-
celled in many tasks and attracted significant re-
search attentions. While earlier explorations fo-
cused on using inference-time reasoning for solv-
ing complex tasks such as math and coding (Qin
et al., 2024; Zhang et al., 2024a), there is a trend-
ing belief towards utilizing reasoning-based LLMs
for general AI tasks. Zhao et al. (2024) expanded
reasoning-based LLMs to open-ended text genera-
tion, generalizing them to broader domains where
clear standards and quantified rewards are absent.
Shen et al. (2025) proposed VLM-R1, a stable and
generalizable R1-style LLM for vision-language
tasks. In addition, reasoning-based LLMs applied
for financial tasks (Chu et al., 2025b) and adapted
to multilingual reasoning (Ko et al., 2025).

Compared with existing endeavors on reasoning-
based LLMs, our work focuses on introducing long
CoTs into the field of general MT, thereby devel-
oping a reasoning-based LLM for MT.

2.2 LLMs for Machine Translation
Since the appearance of ChatGPT (Ouyang et al.,
2022), endeavors on applying LLMs for MT con-
tinuously emerge. Early studies focused on directly
prompting LLMs to translate via prompt strate-
gies (Jiao et al., 2023b, 2024; Peng et al., 2023).
Other works fine-tuned open-source LLMs using
parallel corpus (Xu et al., 2024; Wu et al., 2024;
Zhang et al., 2023b). ParroT (Jiao et al., 2023a)
further advanced this line by reformulating MT
into an instruction-following paradigm with ex-
plicit Hint-based constraints, enabling more con-
trollable translation via instruction tuning. Tech-
niques were further proposed to enhance the quality
of LLMs for the tasks of MT, such as continuous
pre-training (Boughorbel et al., 2024; Fujii et al.,
2020), mixture-of-expert modules (Xu et al., 2025;
Zhu et al., 2025) and multi-task training (Wang
et al., 2024; Ul Hassan et al., 2024).

Recently, MT with CoT methodology has drawn
the attention from researchers. Feng et al. (2025)
introduced an API-based self-correcting framework
for LLMs, where LLMs autonomously call external
evaluation models and refine translation hypoth-
esis based on the evaluation result. Wang et al.
(2024) designed a multi-task training phase and a
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multi-stage inference phase for MT, guiding the
LLM to first conduct translation task, then a eval-
uation task and a revision task. DRT (Wang et al.,
2025a) merged this procedure into an inference-
time CoT, utilized multi-agent mechanism to syn-
thesize such long CoTs and examined quality in
English-Chinese literature translation.

Compared with existing MT approaches, our
R1-T1 incorporates six types of human-aligned
CoTs for translation, possesses the ability to flex-
ibly applying these CoTs via RL, and is designed
for broader MT.

3 Methodology

The overview of R1-T1 is shown in Fig. 2. To
incentivize reasoning capabilities in LLM-based
translators, we first construct the MT Reasoning
Dataset, which introduces human-aligned reason-
ing trajectories into a seed parallel corpora via CoT
translation template. R1-T1 is then trained on the
MT Reasoning Dataset through the two stages in
translation reasoning learning. Section 3.1 provides
a detailed description of the construction process.
In Section 3.2, we outline the component imple-
mentation of translation reasoning learning.

3.1 Construction of MT Reasoning Dataset

With the goal of enabling LLMs to mimic the hu-
man expert reasoning process in translation, we pro-
pose a framework that explicitly incorporates hu-
man reasoning strategies into the MT seed dataset
via a Human-Guided AI Synthesis mechanism.

As shown in Fig. 2, we identify six core rea-
soning strategies grounded in professional transla-
tor practice. These strategies are operationalized
into structured reasoning modules as reusable CoT
templates, where each strategy is expressed as ex-
plicit, step-by-step instructions to make transla-
tors’ tacit expertise reproducible. By instantiating
these templates with our carefully prepared parallel
corpus, the model can learn from reasoning pro-
cesses in real translation examples. Notably, the
instantiation process aims to provide explicit and
human-aligned insights into the model’s reasoning
pathways, which helps accelerate convergence of
further learning.

Reasoning Strategies in Human Translation.
We first elicited a broad set of translation reasoning
strategies through semi-structured interviews with
8 professional translators, whose backgrounds are

introduced in Appendix A. To standardize termi-
nology and reasoning scope, we cross-referenced
the elicited patterns with prior work in translation
studies and NLP literature, and validated the refor-
mulations with the translators.

With the pool of reformulated strategies, we con-
ducted three rounds of discussion to consolidate
candidate strategies by (i) merging overlapping
scopes that were not functionally distinguishable
in practice, (ii) refining strategy definitions, and
(iii) discarding strategies that either did not play a
distinct functional role in the translation process or
could not be reliably abstracted into stable, step-
by-step CoT procedures. This process resulted in
the final six reasoning strategies used in this work,
which capture the commonly recurring, function-
ally distinct patterns observed across translators.

The six strategies are detailed as follows:
(1) Hierarchical Translation: Reflecting human

translators’ practice of segmenting complex texts
into manageable components. By identifying es-
sential elements first, the model translates each seg-
ment with greater contextual awareness, reducing
errors from overlooked structural dependencies.

(2) Triangulation Translation: Also known as
relay translation (Ringmar, 2012), it employs an in-
termediate (pivot) language to bridge linguistic and
cultural gaps. When direct translation is difficult,
pivoting enhances grammatical accuracy, vocabu-
lary appropriateness, and cultural nuance.

(3) Round-trip translation: Translating a tar-
get sentence back to the original language to de-
tect and correct translation errors or inconsisten-
cies (Somers, 2005), ensuring improved fluency
and fidelity.

(4) Context-aware Translation: Emphasizing the
broader context (e.g., paragraph or document) in
translation decisions (Cabezas-García, 2023; Al-
manna, 2015), this strategy effectively preserves id-
iomatic expressions, cultural nuances, and domain-
specific terminologies.

(5) Translation Explanation: Providing ratio-
nales for translation choices when multiple inter-
pretations are possible (Bühler, 2002), enhancing
transparency and allowing for more informed and
justified translation outcomes.

(6) Structural Transformation: Systematically
adjusting sentence structures to adhere to target
language syntactic norms, essential for translations
between structurally distinct languages such as En-
glish to Japanese or German. This ensures gram-
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1. Break down the sentence into components 

and identify the subject, verb, and object.

2. Convert these elements into an intermediate 

language structure (e.g., syntactic rules).

……

Triangulation Translation

1. Analyze the sentence structure and identify 

the core elements (subject, verb, object).

2. Translate the sentence to the target language, 

focusing on these core elements.

……

Hierarchical Translation

1. Analyze the sentence and previous context 

to understand the overall conversation.

2. Identify key elements like tone, formality, 

or subject matter in the conversation.

.……

Context-Aware Translation

1. Analyze the sentence’s syntax in the source 

language (e.g., active or passive).

2. Identify the most appropriate structure in 

the target language (e.g., rephrase as needed)

.……

Structural Transformation

1. Analyze the source sentence and identify 

key elements (verbs, subjects, objects).

2. Choose the most suitable translation 

strategy (literal or idiomatic).

.……

Translation Explanation

1. Analyze the provided context in the source 

language.

2. Translate the source text to the target 

language.

……

Round-trip Translation

Input: Translate the following sentence from Chinese to 

English: 每个城市居民的“吃货”偏好并不相同，系统也通
过出行目的地餐饮类型的差异性做出比较。
Ref: Since urban residents vary in the eating preference, the 

system also compares the different types of catering in travel 

destinations.

Step 1: Begin by translating the subject: "每个城市居民" 

becomes "Residents of each city."

Step 2: Translate the key idea of differing preferences: "吃货偏
好并不相同" becomes "have different foodie preferences. "

Step 3: The next idea involves the system's role: "系统也通过"

……

Instantialized CoTs

Translator Expert

Human expert translation pipeline

Thinking

High quality translation

Construction of MT Reasoning Dataset

Stage I

Input: Translate the following 

sentence from Chinese to English:

每个城市居民的“吃货”偏好并不相
同，系统也通过出行目的地餐饮类
型的差异性做出比较。

Translation result

Since urban residents vary in the 

eating preference, the system 

also compares the different types 

of catering in travel destinations.

Self-adapting with RL

Human Calibration
2k MT Reasoning Dataset 

samples (with CoT)
Supervised 
Finetuning

Translation Reasoning 
LLM

Group Reward 
Sampling

Actor Policy 
Fitting

R1-T1

Input: Translate the following sentence from Chinese to English:

每个城市居民的“吃货”偏好并不相同，系统也通过出行目的地餐饮
类型的差异性做出比较。
Ref: Since urban residents vary in the eating preference, the system also 

compares the different types of catering in travel destinations.

A student is engaged in the task of translating a sentence from 

{source_lang} to {target_lang}. Now … from the source 

sentence to the given target sentence based on the provided 

Thinking Chain Guide. And output the chain-of-thought 

trajectory from source to target sentence…

The student continuously reflects on how to translate from the 

source sentence to the  given target sentence based on the 

thinking guidance provided. The given Thinking Chain Guide is 

as follows:

<Thinking Chain Guide>

{CoT_Templates}

</Thinking Chain Guide>

Incorporating CoT Templates

Reasoning Strategies in Human Translation and CoT Template 

Reasoning Knowledge Injection

Stage II

Translation Reasoning 
LLM

2K Parallel 
corpus

Figure 2: Illustration on the construction of MT reasoning dataset and training of R1-T1.

matical correctness and syntactic appropriateness.
In real-world practice, these six strategies form a

cohesive workflow for professional translators. For
example, Liu, a senior translator, encountered a
complex sentence in a cultural policy text: “面对错
综复杂的非遗保护现状，我们不应一刀切，而要

因地制宜。” (Given the complex landscape of in-
tangible heritage protection, we should avoid one-
size-fits-all measures and adopt locally tailored
approaches.) She first decomposed the sentence
into its core issue (heritage protection) and policy
stance to clarify the underlying logic (Hierarchi-
cal Translation). Recognizing the UNESCO pol-
icy context, she determined that the idiom “一刀
切” should be rendered in a formal rather than col-
loquial manner (Context-aware Translation). To
translate the culturally specific expression “因地制
宜,” she consulted equivalent expressions across
languages (e.g., the French sur mesure) as a con-
ceptual pivot, leading to the formulation “tailored
approaches” (Triangulation Translation). Among
multiple candidates, she justified the standardized
term “Intangible Cultural Heritage (ICH)” to en-
sure terminological consistency (Translation Expla-
nation). She then reorganized the sentence struc-
ture to align with English policy discourse con-
ventions (Structural Transformation), and finally
verified the draft by mentally mapping it back to
the source meaning to correct subtle modality shifts

(Round-trip translation). This example illustrates
how the six strategies function as complementary
reasoning lenses in professional translation prac-
tice.

Construction of CoT Templates from Human
Experience. Drawing upon the six core transla-
tion reasoning strategies, we abstracted structured
CoT templates directly from human translator’s
workflows, formulating each strategy into detailed,
step-by-step instructions to enable LLMs to consis-
tently instantiate explicit reasoning trajectories.

For example, the Hierarchical Translation tem-
plate explicitly guides the LLM through several
structured stages: initially analyzing the source
sentence to identify core linguistic elements (sub-
ject, verb, object), then performing a preliminary
translation specifically focusing on these core el-
ements to ensure foundational accuracy. Subse-
quently, the model reviews the translation to iden-
tify areas needing refinement, such as word choice,
grammatical correctness, or contextual coherence,
and iteratively improves the translation’s fluency
and readability. Finally, it validates that the refined
translation accurately preserves the original mean-
ing and aligns well with the broader textual context.
We systematically developed similar step-by-step
instructions for each of the other five templates
and iteratively validated them with the translators.
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Each template has been meticulously crafted and
calibrated by experienced human translators to au-
thentically reflect human translation workflows, en-
hancing transparency, and facilitating clear and ef-
fective instantiation by LLMs (all templates are
available in our repository2).

Parallel Corpus Collection. Our seed dataset
consists of approximately 2k parallel translation
pairs sampled from open source real-world MT
datasets. 345 Data include translations at sentence
and paragraph level, with token lengths ranging
from 10 to 1200, yielding a length distribution
comparable to established MT benchmarks (Bañón
et al., 2020; Goyal et al., 2022). Token length
is computed by tokenizing the source text us-
ing the Qwen2.5-7B tokenizer (Yang et al., 2024)
and counting the length. Specifically, sources in-
clude (1) news data from the WMT corpus (Kocmi
et al., 2024a), (2) formal texts from the UN cor-
pus (Kocmi et al., 2024a), and (3) domain-specific
corpora containing terminology-rich translations.
For language coverage, we focus on six main lan-
guages: Russian (ru), French (fr), German (de),
Japanese (ja), Chinese (zh), and English (en), se-
lected for their large speaker populations and cross-
linguistic diversity (Bojar et al., 2018). From the
above sources, we identify 20 translation directions
within these six languages. For each direction, par-
allel pairs are randomly sampled from the source
corpora, with a light constraint on token-length
coverage to ensure diversity across short and long
inputs, resulting in approximately 2k translation
pairs after filtering. Table 1 displays the statistics.

Incorporating CoT Templates into Parallel Cor-
pus. With calibrated templates, we instantiate
translation CoTs for each sample in our seed
dataset using an annotation executor under a sys-
tematically controlled procedure, resulting in 2k
parallel pairs augmented with reasoning trajecto-
ries. In pilot annotation trials, we worked with hu-
man translators to evaluate several candidate LLMs
as annotation executors, including Qwen2.5-72B-
Instruct, Qwen2.5-Max (Yang et al., 2024), and
GPT-4o (Hurst et al., 2024), and adopted GPT-4o
as the annotation executor because it adhered most
reliably to our handcrafted reasoning templates and

3https://machinetranslate.org/wmt
4https://www.un.org/dgacm/zh/content/uncorpus/

ch
5https://huggingface.co/datasets/joefox/

newstest-2017-2019-ru_zh/tree/main

Language Pair Avg. Tokens
per Sample # Examples Domain

en→zh, ru,
fr, de, ja

398.5 493 Terminology, News

zh→en, ru,
fr, ja

116.2 400
UN Corpus, News

literature

fr→zh, ru,
de, en

320.4 399 UN Corpus, News

ja→zh, en 280.8 200 Terminology, News

de→en, fr 404.6 193 Terminology, News

ru→en, fr, zh 229.6 296 UN Corpus

Table 1: Statistics for seed parallel corpus. en, zh, ru,
fr, de, ja are the abbreviations for English, Chinese,
Russian, French, German and Japanese, respectively.
Avg. Tokens per Sample refers to the average number
of tokens in the source language input.

required the least human revision effort.
Given a source sentence and its reference transla-

tion, the executor is prompted to (i) extract key se-
mantic anchors from the source (e.g., core concepts,
entities, and critical relations), (ii) select suitable
template(s) from our six human-defined strategies
conditioned on these anchors, and (iii) instantiate
the selected template(s) into an explicit, step-by-
step reasoning trajectory. This forms a complete
training sample consisting of a source sentence,
a reference translation, and an explicit reasoning
trace.

All reasoning traces are instantiated in English,
following evidence that multilingual LLMs exhibit
latent reasoning centered on English and benefit
from pivot-language transfer, which stabilizes in-
termediate reasoning and facilitates cross-lingual
generalization (Schut et al., 2025; Zhang et al.,
2024b). To ensure data quality and human faith-
fulness, human translators manually inspected all
generated samples to verify source/reference faith-
fulness and correct template adherence before in-
clusion in training.

3.2 Translation Reasoning Learning
Stage I: SFT with Reasoning Dataset as Cold
Start In the process of translation reasoning
learning, we initiate the training process with
a cold start phase, leveraging the MT Reason-
ing Dataset in Section 3.1 to fine-tune the model.
This approach draws inspiration from Deepseek-R1
training strategies (DeepSeek-AI, 2025). During
this stage, the model is trained to jointly predict
the explicit reasoning process and the final transla-
tion output, conditioned on the source sentence.
The cold start phase establishes a foundational
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layer of reasoning-aligned generation, in which the
model learns to follow human-annotated step-by-
step reasoning trajectories while producing faithful
translations. More importantly, human professional
knowledge of translation is injected into the model
via paired reasoning–translation examples, which
facilitates convergence and stabilizes subsequent
reinforcement learning.

Stage II: Self-adapting with RL This part in-
troduces a self-adapting RL mechanism that al-
lows the model to progressively refine its reasoning
skills over time after the cold start phase. Notably,
only the 2k training parallel corpus in Table 1 with-
out CoT are used in this phase. This process facili-
tates a spontaneous improvement on its translation
strategies by a rewarding signal on long-term feed-
back (i.e., overall translation quality of its hypothe-
sis). The reward calculation and learning strategy
for RL are as follows:

RL Reward Modeling: For the RL stage, we
have designed a reward modeling system consist-
ing of two distinct types of rewards: (a) Format Re-
ward: This reward encourages the model to adhere
to a structured response format. We use regular-
expression extraction to ensure that the reasoning
process is placed within the “<think></think>” tags
and the final translation is enclosed within the
“<answer></answer>” tags. (b) Answer Reward:
This reward evaluates the translation quality of the
model output. We adopt COMET-20 (Rei et al.,
2020) as the reward model, as it produces scores
with wider separation across quality levels com-
pared to newer variants such as COMET-22 (Rei
et al., 2022) whose scores are bounded within [0,
1], which providing more informative reward dis-
tinctions for group-based advantage estimation in
our RL optimization.

However, several challenges arise during the de-
sign of this system: a. In practical applications,
relatively large negative rewards cause the agent to
become overly conservative, potentially trapping it
in local optima (Schulman et al., 2017). b. When
the scale of translation reward is much lower than
the format reward, the model prioritizes format
correctness over translation quality, leading to sub-
optimal behavior. To address these challenges, we
first set the lower bound of the reward functions to
0 to prevent negative rewards. To further balance
the rewards, we set the upper limit of the format
reward to 0.2, as suggested by Kocmi et al. (2024b)
for cases of low translation quality. This ensures

Hyper-Parameter SFT RL

Optimizer

Batch size 64 16
Epochs 2 2
Learning rate 1× 10−4 4× 10−7

Warmup ratio 0.05 0.1

Token Limits
Max prompt length 2300 2300
Max response length 4000 4000

Sampling
Temperature – 0.8
Num. Rollout – 12

RL Policy

KL coefficient (β) – 0.001
PPO mini-batch size – 256
PPO micro-batch size – 128

Table 2: Hyperparameter settings.

that the format reward does not overly interfere
with the translation quality, allowing the model to
focus on both translation quality and formatting.
Thus, the reward system r is computed as:

rform =

{
0.2 if the format is correct
0 if the format is incorrect

(1)

rans =

{
0 if x ≤ 0

Com(trans, ref) if x > 0
(2)

r =

{
0 if rform = 0

rans + rform if rform > 0
(3)

Here, Com refers to the COMET-20 score, x
refers to Com(trans, ref), trans is the generated
translation and ref is the reference translation. rform
and rans denote the Format Reward and Answer
Reward, respectively.

RL Strategy: For the RL phase, we employ the
Group Relative Policy Optimization (GRPO) algo-
rithm (Shao et al., 2024), which was first publicly
proposed to optimize reasoning LLMs using com-
plex rewards without a critic model, employing
group-based advantage estimation.

4 Experiment

4.1 Experiment Setting

In this section, we provide an overall evaluation for
R1-T1, covering general MT, domain-specific MT,
ablation study, and the case study of self-evolution
translation CoT during RL.
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Implementation Details we selected Qwen2.5-
7B-Instruct as a backbone model due to its superior
multilingual performance among open source mod-
els with fewer than 10 billion parameters (Yang
et al., 2024). This choice helps minimize potential
negative impacts from insufficient base model capa-
bilities. The MT Reasoning Dataset was randomly
split into a training set and a validation set at a ratio
of 9:1. For GRPO implementation, we develop it
based on VeRL Platform6. Both SFT and GRPO
are conducted with full-parameter training, and all
detailed hyperparameters are listed in Table 2.

Dataset ru fr de ja zh en

Flores101 0.142 0.137 0.097 0.113 0.110 0.097
Common sense - - - - 0.071 0.089
Terminology - - 0.106 - - 0.108
Culture - 0.135 0.106 - 0.102 0.123
Literature - - - - 0.102 0.105

Table 3: Token overlap between test set and our training
set. The overlap is measured by Jaccard overlap, which
is the intersection-over-union of unique tokens between
train and test corpus.

Evaluation Dataset We evaluated our model un-
der general purpose and domain-specific bench-
marks. For general multilingual translation, we
employ Flores-101 (Goyal et al., 2022), which of-
fers extensive coverage of diverse languages across
a wide range of topics, making it suitable for eval-
uating general MT capabilities. In addition, we
added four domain-specific benchmarks to evalu-
ate robustness under challenging translation sce-
narios. CommonsenseMT (He et al., 2020) evalu-
ates models’ ability to resolve lexical and syntac-
tic ambiguities using commonsense knowledge in
Chinese-English translation. RTT (Zhang et al.,
2023a) assesses MT robustness to terminology
constraints using an English-German benchmark
with multi-term inputs that challenge constraint fi-
delity. CultureMT (Yao et al., 2024) measures cul-
tural translation adequacy via a multilingual bench-
mark annotated with culture-specific items requir-
ing pragmatic adaptation. DRT Literature (Wang
et al., 2025a) offers literary texts rich in figura-
tive language, testing models’ ability to preserve
metaphors, similes, and stylistic fidelity. To avoid
data leakage, Table 3 summarizes the token-level
overlap between these evaluation sets and our train-
ing data, which produced a similarity score of less
than 0.15.

6https://github.com/volcengine/verl

Metric We use both automatic and manual eval-
uation. For automatic evaluation, we employ
xCOMET-XL (Guerreiro et al., 2024) and MetricX-
24-XXL (Juraska et al., 2023) to measure the
quality of translation hypotheses given references.
xCOMET (ranging from 0 to 1) is an explainable
learned metric that provides a sentence-level qual-
ity score and has shown strong correlation with hu-
man judgments. MetricX-24 (ranging from 0 to 25)
is a learned regression-based metric trained to pre-
dict translation quality scores aligned with MQM-
style(Freitag et al., 2021) ratings. For human eval-
uation, we cooperated with 30 professional transla-
tors covering 12 languages across EN/ZH → XX
and XX → EN/ZH directions. Each translation
was independently scored by three annotators as a
standalone, anonymous item, blind to system iden-
tities and without access to other systems’ outputs
for the same source. Annotators assigned scores
following the evaluation guidelines and provided
brief comments on observed issues. The evaluation
assesses Accuracy, Fluency, and Direct Assessment
(DA). Accuracy and Fluency are rated using a 5-
point Likert scale (1: severe breakdown; 5: no
critical errors), while DA is assigned on a 0–100
scale. Sentence-level averages are reported. De-
tailed guidelines are provided in Appendix B.

4.2 Main Results

Our main experiment focuses on model perfor-
mance of multilingual MT, investigating how well
its translation quality in both trained and unseen
languages against existing approaches.

Baselines We compare our R1-T1 against sev-
eral representative models with multilingual
MT capability, including (1) General-Purpose
LLMs: Qwen2.5-7B-base, Qwen2.5-7B-Instruct,
Qwen2.5-14B-Instruct, Llama3.1-8B; (2) Rea-
soning LLMs: DeepSeek-R1-Distill-Qwen-7B,
DeepSeek-R1-Distill-Qwen-7B-Multilingual 7, and
Marco-o1 (Zhao et al., 2024); and (3) Translation
models: ParroT-7B (Jiao et al., 2023a), TEaR (Feng
et al., 2025), and NLLB (NLLB Team et al., 2022).
For fair comparison, TEaR is instantiated with
Qwen2.5-7B-Instruct as its underlying LLM, fol-
lowing the original setup. All baselines are publicly
available, and DRT is only compared in the domain
en2zh translation setting due to its design and lin-
gual limitations.

7https://huggingface.co/lightblue/
DeepSeek-R1-Distill-Qwen-7B-Multilingual
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Models xx⇔en (MetricX (↓) & Xcomet (↑)) xx⇔zh (MetricX (↓) & Xcomet (↑)) Avg.
zh ja ru fr de en ja ru fr de

General-purpose LLMs

Q2.5a-7b 1.81 / 0.892 4.23 / 0.657 3.25 / 0.673 2.41 / 0.938 2.35 / 0.709 1.81 / 0.892 3.30 / 0.613 2.90 / 0.834 2.49 / 0.820 2.48 / 0.644 2.80 / 0.753
Q2.5-7b-Insb 2.36 / 0.811 4.16 / 0.753 3.73 / 0.775 2.69 / 0.823 2.35 / 0.855 2.36 / 0.811 3.81 / 0.725 4.13 / 0.703 3.39 / 0.738 3.21 / 0.774 3.31 / 0.773
Q2.5a-14b-Insb 1.72 / 0.904 3.36 / 0.882 3.16 / 0.886 2.25 / 0.940 1.99 / 0.954 1.72 / 0.904 3.31 / 0.841 3.32 / 0.788 2.28 / 0.828 2.24 / 0.880 2.63 / 0.878
la3.1c-8b-Insb 7.90 / 0.701 3.81 / 0.872 8.95 / 0.713 15.71 / 0.434 10.00 / 0.663 7.90 / 0.701 4.79 / 0.784 4.74 / 0.794 7.46 / 0.700 4.69 / 0.845 7.56 / 0.723

Reasoning LLMs

DS-R1-Dd 12.54 / 0.657 19.37 / 0.645 21.08 / 0.650 20.42 / 0.765 18.87 / 0.792 12.54 / 0.657 12.41 / 0.627 14.38 / 0.607 13.49 / 0.625 15.02 / 0.687 16.40 / 0.673
DS-R1-DMe 6.48 / 0.847 15.67 / 0.594 19.15 / 0.651 17.51 / 0.765 16.53 / 0.805 6.48 / 0.847 7.54 / 0.626 6.97 / 0.614 6.07 / 0.622 11.03 / 0.695 11.88 / 0.691
Marco-o1 1.80 / 0.903 3.75 / 0.870 3.19 / 0.915 2.62 / 0.929 2.40 / 0.952 1.80 / 0.903 3.56 / 0.827 2.98 / 0.828 2.52 / 0.817 2.45 / 0.878 2.81 / 0.880

Translation Models

ParroT-7b 5.20 / 0.730 7.21 / 0.634 7.12 / 0.786 3.67 / 0.890 3.06 / 0.939 5.20 / 0.730 5.34 / 0.781 4.26 / 0.842 4.43 / 0.819 3.24 / 0.879 4.84 / 0.811
NLLB 6.74 / 0.714 8.30 / 0.680 7.88 / 0.759 7.85 / 0.738 7.03 / 0.804 6.74 / 0.714 8.23 / 0.598 9.16 / 0.584 8.83 / 0.538 8.39 / 0.634 8.05 / 0.672
TEaR 1.79 / 0.902 3.68 / 0.868 3.60 / 0.887 2.92 / 0.917 2.57 / 0.948 1.79 / 0.902 3.64 / 0.816 3.65 / 0.794 2.79 / 0.796 2.78 / 0.862 3.05 / 0.866

R1-T1 1.55† / 0.915† 3.15† / 0.902† 2.73† / 0.929† 2.20 / 0.944 1.99 / 0.962† 1.55† / 0.915† 3.11† / 0.847‡ 2.44† / 0.850‡ 2.12† / 0.838† 2.03† / 0.895† 2.37 / 0.898

Table 4: R1-T1’s translation quality on Trained languages in Flores-101. xx⇔en means the average quality of xx
to English and English to xx (the same for xx⇔zh). Q2.5 means Qwen2.5. Ins means Instruction. DS-R1-D(M)
means DeepSeek-R1-Distill-Qwen-7B(-Multilingual). Bold and underline denote the best and second-best scores in
each translation direction, respectively. ↑ / ↓ indicate that higher / lower values are better. † and ‡ denote statistically
significant improvements over the second-best baseline with p < 0.01 and p < 0.05, respectively. zh, ja, ru, fr, de
are Chinese, Japanese, Russian, French, and German, respectively.

Models xx⇔en (MetricX / XCOMET) xx⇔zh (MetricX / XCOMET) Avg.
th nl vi tr cs th nl vi tr cs

General-purpose LLMs

Q2.5a-7b 3.22 / 0.863 3.33 / 0.918 2.79 / 0.906 7.25 / 0.716 6.40 / 0.855 3.38 / 0.776 2.97 / 0.819 2.63 / 0.834 7.58 / 0.637 6.21 / 0.746 4.58 / 0.807
Q2.5-7b-Insb 4.60 / 0.710 3.68 / 0.796 3.73 / 0.767 8.37 / 0.639 6.62 / 0.710 4.67 / 0.650 4.39 / 0.699 3.99 / 0.705 8.59 / 0.553 7.25 / 0.626 5.59 / 0.686
Q2.5a-14b-Insb 3.23 / 0.853 3.62 / 0.905 3.44 / 0.853 6.98 / 0.774 5.06 / 0.887 3.39 / 0.768 2.79 / 0.830 4.40 / 0.755 6.60 / 0.682 4.86 / 0.784 4.44 / 0.809
la3.1c-8b-Insb 11.27 / 0.643 10.94 / 0.622 9.27 / 0.715 16.54 / 0.426 9.54 / 0.736 7.10 / 0.681 4.25 / 0.825 5.43 / 0.779 8.46 / 0.689 5.36 / 0.769 8.82 / 0.689

Reasoning LLMs

DS-R1-Dd 15.03 / 0.546 12.11 / 0.661 13.75 / 0.501 16.44 / 0.447 15.27 / 0.519 10.86 / 0.533 10.63 / 0.558 11.92 / 0.517 15.29 / 0.435 14.55 / 0.455 13.58 / 0.517
DS-R1-DMe 14.06 / 0.542 11.25 / 0.684 12.42 / 0.555 17.78 / 0.393 14.81 / 0.538 13.11 / 0.449 10.55 / 0.588 13.60 / 0.575 15.82 / 0.409 13.34 / 0.474 13.67 / 0.521
Marco-o1 3.62 / 0.852 3.46 / 0.917 2.87 / 0.898 7.94 / 0.762 6.68 / 0.841 3.60 / 0.767 3.07 / 0.817 3.00 / 0.819 7.03 / 0.695 5.89 / 0.750 4.72 / 0.812

Translation Models

ParroT-7B 18.43 / 0.283 4.37 / 0.881 16.27 / 0.387 18.11 / 0.367 7.90 / 0.795 12.82 / 0.522 4.14 / 0.767 10.83 / 0.584 10.56 / 0.599 5.21 / 0.772 10.86 / 0.596
NLLB 11.39 / 0.560 7.46 / 0.764 7.11 / 0.738 9.81 / 0.692 9.66 / 0.711 10.86 / 0.485 8.72 / 0.572 7.62 / 0.617 10.95 / 0.531 11.94 / 0.520 9.55 / 0.619
TEaR 4.24 / 0.805 4.20 / 0.877 3.65 / 0.848 9.15 / 0.702 6.98 / 0.824 4.10 / 0.737 3.66 / 0.787 3.60 / 0.787 7.87 / 0.636 7.05 / 0.691 5.45 / 0.769

R1-T1 3.11‡ / 0.869‡ 3.03† / 0.928† 2.47† / 0.912† 6.82† / 0.796† 6.13 / 0.859 3.00† / 0.793† 2.70‡ / 0.837 2.41† / 0.841‡ 5.96† / 0.715† 5.58 / 0.767 4.12 / 0.832

Table 5: R1-T1’s translation quality on Unseen languages in Flores-101. th, nl, vi, tr, and cs refer to Thai, Dutch,
Vietnamese, Turkish and Czech, respectively. Definition of notations are the same as Table 4.

Result of Trained Languages As shown in Ta-
ble 4, R1-T1 consistently achieves the best over-
all translation quality in all translation directions
involving languages with training data in Flores-
101, with the lowest average MetricX score of 2.37
and the highest average XCOMET score of 0.898.
Compared to general-purpose LLMs such as the
Qwen2.5 series and LLaMA3.1-8B-Instruct, R1-
T1 demonstrates clear and statistically significant
improvements in most translation directions, par-
ticularly for xx⇔zh. Reasoning-oriented models
like DS-R1-D series show less stable translation
quality, with large variances across directions, sug-
gesting that their reasoning mechanisms are not
as effective in multilingual translation. Marco-o1,
on the other hand, performs more competitively
in several directions, though it still trails R1-T1
overall. Translation-specific models like TEaR per-
form well, but it is a multi-agent translation system,

which differentiates its translation quality from the
single-agent R1-T1. ParroT-7B and NLLB also
show competitive translation quality in certain di-
rections, but still trail R1-T1. This highlights the
advantages of explicitly integrating reasoning su-
pervision into translation-oriented training.

Result of Unseen Languages As shown in Ta-
ble 5, the advantage of R1-T1 is more significant
in unseen language translation (i.e., achieving 16
best out of the 20 testing terms), highlighting its
robust generalization. Due to the relative limited
resources of the five languages in Table 5 (e.g., not
covered by the WMT news corpus), most exist-
ing methods struggle to achieve a steady transla-
tion quality compared with the common languages
in Table 4 (e.g., average XCOMET drops sharply
from 0.773 to 0.686 for Qwen2.5-7B-Ins). In con-
trast, R1-T1, despite not training on these lan-
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Models Cmn. Literature Term

zh2en en2zh zh2en en2de

Qa2.5-7b-Insb 2.31 4.39 4.19 4.20
Qa2.5-14b-Insb 1.75 4.01 3.33 2.84
la3.1c-8b-Insb 8.58 8.27 9.63 2.49
Marco-o1 1.71 5.43 3.37 4.06
ParroT-7B 4.41 10.66 7.33 2.34
TEaR 2.00 4.39 3.46 4.21
DRT-o1-7b – 3.56 – –

R1-T1 1.62‡ 3.95 3.02† 3.08

Models Culture avg
zh2en en2zh es2en en2es fr2en en2fr

Qa2.5-7b-Insb 4.14 4.16 4.30 3.73 5.98 4.68 4.50
Qa2.5-14b-Insb 3.65 3.67 4.21 3.28 5.90 4.16 4.15
la3.1c-8b-Insb 11.40 8.96 16.50 10.43 17.58 12.13 12.83
Marco-o1 3.83 3.88 4.69 3.95 6.45 5.12 4.65
ParroT-7B 8.21 8.50 4.35 4.15 6.08 5.32 6.10
TEaR 3.97 3.97 4.51 5.08 6.11 6.20 4.97
DRT-o1-7b – 3.46 – – – – –

R1-T1 3.47† 3.32† 4.13‡ 3.19‡ 5.79† 4.09‡ 4.00

Table 6: R1-T1’s translation quality on Domain-specific
MT evaluated by MetricX (↓). Cmn. means Common
Sense. Each cell reports MetricX. Definition of nota-
tions are the same as Table 4.

guages, benefiting from RL-enhanced reasoning,
consistently achieves superior COMET and Met-
ricX scores. This confirms that the step-by-step
reasoning paradigm can decompose complex and
unfamiliar problems into solvable steps, enhancing
generalizability.

4.3 Evaluation on Domain-specific MT

As stated in Section 4.1, we evaluate R1-T1 across
four challenging domains: commonsense, terminol-
ogy, culture, and literature. The results, shown in
Table 6, indicate that R1-T1 outperforms all base-
line models in average translation quality across
these domains. Note that DRT-o1-7b achieves
higher scores in the literature for en2zh, possi-
bly due to its extensive exposure to en2zh liter-
ary data during training. LLaMA3.1-8B-Instruct
and ParroT-7B perform strongly in terminology for
en2de, but struggles in other domains (e.g., 5.43
and 10.66 in literature for en2zh). These findings
align with our central hypothesis that RL-enhanced
reasoning training enables better generalization to
challenging domain tasks. For common sense or
terminology scenarios, reasoning encourages the
model to better preserve critical expressions and
maintain contextual accuracy. In cultural or literary,
CoT guidance helps the model disambiguate nu-
anced expressions and interpret figurative symbols
within the appropriate situational context.

Models F101 Cmn. Lit Term Culture

Q2.5-7b 4.84 2.31 4.29 4.20 4.50
Q2.5-7b + SFT 4.19 1.97 3.82 3.53 4.10
Q2.5-7b + RL (w/ reasoning) 3.54 1.71 3.64 3.75 4.28
Q2.5-7b + RL (w/o reasoning) 3.66 1.83 3.73 4.03 4.36
Q2.5-7b (w/ human CoT) + SFT 4.53 1.95 4.72 6.16 5.15
Q2.5-7b (w/o human CoT) + SFT + RL 4.97 2.36 4.71 5.98 4.91
Q2.5-7b + RL (w/ comet22) 6.19 2.53 6.97 7.81 7.60
R1-T1
Q2.5-7b (w/ human CoT) + SFT + RL 3.20† 1.67‡ 3.48‡ 3.08† 4.00

Table 7: Ablation study evaluated by MetricX (↓). F101
= Flores-101; CmnS = Common Sense; Lit = Literature.
Notation definitions are consistent with Table 4.

4.4 Ablation Study

Ablation on the RL incentivization for MT We
trained and compared models with identical train-
ing settings except for distinct training paradigms
and evaluated their translation quality on various
benchmarks. Specifically, Table 7 reports eight set-
tings in total. Settings (1)–(6) are used to analyze
the effect of different RL training paradigms, the
comparison between (6) and (7) examines the con-
tribution of human expert-aligned CoT data, and
setting (8) investigates the effect of reward model
choice: (1) Q2.5-7b: Original Qwen2.5-7b-instruct
without additional fine-tuning. (2) Q2.5-7b + SFT:
SFT applied directly using the 2k parallel transla-
tion corpora without CoT. (3) Q2.5-7b + RL (w/
reasoning): Directly conducting stage II of the
translation reasoning learning (i.e., RL with rea-
soning tokens). (4) Q2.5-7b + RL (w/o reasoning):
Conducting RL optimization without introducing
explicit reasoning tokens. (5) Q2.5-7b (w/ human
CoT) + SFT: Conducting only stage I (i.e., SFT
with human CoT). (6) Q2.5-7b (w/ human CoT) +
SFT + RL: The full R1-T1 training pipeline with
both stages. (7) Q2.5-7b (w/o human CoT) + SFT
+ RL: A counterpart initialized with CoT trajec-
tories directly distilled from GPT-4o without our
human-designed reasoning templates. (8) Q2.5-7b
+ RL (w/ comet22): Replacing COMET-20 with
COMET-22 as the reward model for (3).

As demonstrated in Table 7, the following key
findings emerge clearly: a. Direct RL optimiza-
tion with reasoning (setting (3)) consistently outper-
forms the original model (setting (1)) and pure SFT
baselines (setting (2)) on most benchmarks, demon-
strating that reward-driven optimization effectively
improves translation quality. b. Directly applying
human CoT supervision through SFT alone (set-
ting (4)) leads to inferior results across benchmarks.
This suggests that rigid reasoning templates, when

2112



used only as supervised targets, may restrict model
flexibility without adaptive reward optimization.
c. In contrast, when human CoT is used as cold-
start initialization for subsequent RL (setting (6)),
the full R1-T1 pipeline achieves the best overall
translation quality, showing that structured human
priors and adaptive RL training are complemen-
tary. d. Replacing COMET-20 with COMET-22 as
the reward model (setting (7)) leads to substantial
degradation, even underperforming the base model.
This suggests that COMET-22 provides less stable
advantage estimates in our GRPO setting, thereby
preventing effective reward optimization.

Ablation on human expert-aligned CoT data
We further examine the contribution of the pro-
posed MT Reasoning Dataset by comparing set-
tings (5) and (6). Under identical RL settings,
replacing our expert-aligned CoT with reasoning
traces generated from GPT-4o leads to consistent
quality degradation, confirming that the gains stem
from the structured human translation priors in
our reasoning templates rather than the executor
model’s own capability.

4.5 Human Evaluation

As automatic metrics may not fully capture nu-
anced translation defects (Freitag et al., 2021;
Agrawal et al., 2024), we conduct human evalu-
ation on 570 uniformly sampled instances from
the five test domains, following the rigorous eval-
uation criteria outlined in Appendix B. Table 8
shows that R1-T1 achieves the best DA and Ac-
curacy scores among the three models across all
domains. In particular, the improvements are statis-
tically significant on Flores-101, Common Sense,
and Term in both DA and Accuracy, and on Term
for Fluency. This pattern aligns with our objec-
tive of improving translation via reasoning: the
human-prior reasoning strategies and their RL re-
finement are particularly effective for multilingual
and terminology-related domain MT tasks. The
summarized translator comments in Table 9 fur-
ther illustrate recurring advantages over both base-
lines in terminology usage, structural organization,
and source faithfulness. Improvements in Liter-
ature and Culture are more moderate. Table 9
indicates that these domains involve knowledge-
intensive challenges, such as culturally grounded
word-choice issues in culture-related cases. Since
such errors require background knowledge and cul-
turally grounded interpretation beyond structural

Models Flores-101 Common sense Literature

Flu Acc DA Flu Acc DA Flu Acc DA

Q2.5-7b + SFT 4.34 4.21 86.16 4.50 4.05 82.17 4.37 3.93 77.36
Marco-o1 4.19 4.06 82.11 4.43 4.08 81.61 4.11 3.75 74.13
R1-T1 4.36 4.33‡ 87.41‡ 4.46 4.47‡ 87.57‡ 4.48 4.03 79.02

Models Term Culture

Flu Acc DA Flu Acc DA

Q2.5-7b + SFT 4.03 4.50 88.16 4.58 4.17 83.92
Marco-o1 3.88 4.41 86.56 4.25 4.02 79.67
R1-T1 4.68† 4.80‡ 93.17† 4.49 4.20 84.25

Table 8: Human evaluation results across five domains.
Fluency (Flu.), Accuracy (Acc.), and Direct Assess-
ment (DA), respectively. Higher is better. Overall inter-
annotator agreement ICC(A,3)=0.796.

reasoning and contextual coherence, the advan-
tages brought by our reasoning-oriented training
are less directly reflected in these domains, leading
to smaller translation quality gaps. Overall, the hu-
man evaluation confirms reliable gains of R1-T1 in
multilingual and terminology-related domain MT
tasks.

4.6 Reasoning Impact on Translation Analysis

To provide a more intuitive understanding of how
reasoning affects translation quality, as shown in
Fig. 1, we compare different reasoning paradigms
to highlight their impact on translation quality. The
base model (Q2.5-7b-Ins) relies on literal transla-
tion, leading to frequent calque errors. CoT-SFT
(Stage I) introduces fixed human-prior templates,
reducing errors but lacking flexibility, as its rea-
soning does not adapt to the context, leading to
occasional omissions. In contrast, RL-only (Stage
II) introduces shallow reasoning through reinforce-
ment learning, improving the base model by bet-
ter capturing context but still lacking structured
decision-making, limiting consistency. R1-T1 com-
bines the strengths of both, using adaptive CoT tem-
plates that refine reasoning and actively constrain
translation output, ensuring both flexibility and ac-
curacy. This progression from rigid reasoning tem-
plates to adaptive control highlights how R1-T1
optimizes translation by dynamically adjusting rea-
soning based on context, resulting in more accurate
and contextually aware translations. We further
compare R1-T1 with two reasoning-oriented base-
lines in Fig. 3. DeepSeek-R1-Distill-Qwen-7B ex-
hibits term mis-identification and hallucinated con-
tent, while Marco-o1 produces verbose but weakly
grounded reasoning that leaves key ambiguities un-
resolved. R1-T1 remains source-grounded through-
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Language EN/ZH → XX XX → EN/ZH

Arabic R1-T1 generally shows accurate wording and clear
expression. Q2.5+SFT has occasional imprecise
wording. Marco exhibits grammar issues, mistrans-
lations, and excessive literal translation in some
cases.

R1-T1 produces accurate terminology with
concise expression. Q2.5+SFT shows lexical
imprecision in some cases. Marco has occa-
sional natural phrasing but errors in names
and currency terms.

German R1-T1 uses accurate wording with fluent output,
though both R1-T1 and Q2.5+SFT show occa-
sional vocabulary and grammar errors. Marco mis-
translates domain terms, invents non-existent com-
pounds, and has grammar errors.

R1-T1 overall shows fluent logical flow, es-
pecially in conjunction usage and restructur-
ing. Q2.5+SFT has occasional mistransla-
tions. Marco shows named-entity errors and
occasionally produces untranslated content.

Spanish R1-T1 generally provides accurate and natural trans-
lations with occasional minor errors. Q2.5+SFT
shows redundancy, omissions, and mistranslations.
Marco has serious entity/geography term errors and
non-standard expressions.

R1-T1 generally achieves accuracy and flu-
ency with occasional term or logic errors.
Q2.5+SFT has terminology errors and unnat-
ural phrasing. Marco shows unclear refer-
ences and less fluent expression.

French R1-T1 is generally natural and source-faithful,
though sometimes has term issues. Q2.5+SFT
shows additions, omissions, and mistranslations.
Marco has unnatural style and entity mistransla-
tions.

R1-T1 generally achieves accuracy and flu-
ency. Q2.5+SFT reads fluently in some sub-
sets. Marco underperforms both with literal
renderings and omissions.

Russian R1-T1 generally shows accurate terminology and
faithful structure. Q2.5+SFT tends to add unsup-
ported content. Marco is faithful but occasionally
uses imprecise word choices.

R1-T1 and Q2.5+SFT show similar quality.
R1-T1 is faithful to source; Q2.5+SFT reads
naturally. Marco performs better in this di-
rection but shows named-entity errors.

Chinese–
English

R1-T1: accuracy and faithfulness. Q2.5+SFT: omis-
sions and additions. Marco: source closeness but
lexical errors.

R1-T1 and Q2.5+SFT: similar adequacy;
both show named-entity errors. Marco: natu-
ral but frequent named-entity errors.

Table 9: Summary of human evaluator comments on R1-T1, Q2.5-7B+SFT and Marco-o1 across representative
translation directions and languages. Each entry is summarized by the authors from per-example annotator comments
collected during independent evaluation. EN/ZH → XX means translation directions from English or Chinese to
target languages, and vice versa.

<Thought>

Alright, I need to translate the given Chinese text into English. The text is: "明
代“御赐诗书礼乐”山水人物黑寿山石章，孔府旧藏". Let's break it down 

to understand each part. First, “明代” refers to the Ming Dynasty, which sets the 

time frame for the artifact in question. Next, “御赐诗书礼乐” translates to 

“Imperial Gift of Poetry, Books, Rituals, and Music”.  This suggests that the 

artifact was bestowed upon someone by the emperor, and it includes elements 

related to literature, etiquette, and music. Then, “山水人物” means “mountain 

and water figures” or “landscape and human figures”. This likely describes the 

subject matter depicted on the artifact, possibly a painting or a seal. “黑寿山石
章” translates to “Black Shou Mountain Stone Seal”. "黑寿山" refers to Black 

Shou Mountain, and "石章" means stone seal. This indicates that the artifact is a 

seal made from stone found in Black Shou Mountain, which is known for its 

quality stone used in such seals. Finally, "孔府旧藏" means "Old Collection of 

the Kong Family". ... 

But wait, is there more to it? Maybe the seal was used for official purposes or 

had ceremonial significance. ... Is there any specific significance to Black Shou

Mountain in this context? It might be known for its unique stone quality... 

Perhaps the seal was used in official documents or as a symbol of authority 

within the family. The inclusion of "山水人物" might indicate that it was used 

in contexts related to Confucian ideals of harmony between man and nature. But 

I should double-check the translation to ensure accuracy. "御赐诗书礼乐" is a 

bit of a mouthful, and I need to make sure that "Imperial Gift of Poetry, Books, 

Rituals, and Music" captures the essence correctly. Maybe "Imperial Gift of 

Poetry, Literature, Rituals, and Music" sounds better. Also, "山水人物" is 

straightforward, but I should confirm if "landscape and human figures" is the 

best translation. It might also be "mountain and water figures" depending on the 

context. "黑寿山石章" is clear, but I should verify if "Black Shou Mountain" is 

the correct translation. It might be "Black Shou Mountain" or "Black Mountain 

Shou".  Lastly, "孔府旧藏" is straightforward, but I …ccurately reflects the 

meaning. After considering all these points, I think the translation is accurate 

and captures the essence of the original Chinese text. </ Thought >

<Output>Ming Dynasty "Imperial Gift of Poetry, Literature, Rituals, and 

Music" Landscape and Human Figures Black Shou Mountain Stone Seal, 

formerly in the Kong Family Collection</Output>

<think>

嗯，用户给了一个中文句子，让我翻译成英文。首先，我得仔细看
看这个句子是什么意思。句子是：“明代‘御赐诗书礼乐’山水人
物黑寿山石章，孔府旧藏。”看起来是关于明代的某个物品，可能
和孔府有关。首先，分解一下句子结构。前半部分是“明代‘御赐
诗书礼乐’山水人物黑寿山石章”，后半是“孔府旧藏”。可能是
在描述一件来自明代的礼物，内容包括诗书礼乐，特别是山水人物，
黑寿山石章，然后孔府有这个旧藏。
“御赐”通常翻译为“granted by the emperor”或者“granted by the 

emperor’s command”，但可能更准确的是“granted by the emperor’s 

imperial command”。“诗书礼乐”是“poetry, calligraphy, music, 

and etiquette”，合起来就是“poetry, calligraphy, music, and etiquette 

items”。

“山水人物”指的是山水画和人物画，可能是指其中的一部分。
“黑寿山石章”中的“黑寿”可能是指黑松石，常用于雕刻，而
“山石章”可能是指刻在山石上的作品，或者石章指的是刻在石头
上的文字或图像。所以整体可能是指明代皇帝赐予的诗书礼乐中的
山水人物作品，特别是刻在黑松石上的石章。后半部分“孔府旧藏”
指的是孔府的旧藏，可能是指孔氏家族收藏的这些物品，或者是指
这些物品原本属于孔府，现在被收藏起来。所以，综合起来，翻译
的时候要准确表达出明代、御赐、诗书礼乐、山水人物、黑松石上
的石章，以及孔府的旧藏。可能需要调整一下结构，让英文更通顺。
可能的翻译是：“Imperially granted poems, calligraphy, music, and 

etiquette items depicting landscapes and figures, particularly the black松
石 inscriptions on Mount Tai, found in the old collections of the Kong 

family.” 这样既保留了原意，又让英文表达清晰。

另外，要注意“黑寿山石章”中的“黑寿”可能是指黑松石，而
“山石章”可能是指刻在山石上的作品，所以可能需要分开说明。
但为了简洁，可能合并成“black松石 inscriptions”。

最后，检查一下语法和用词是否正确，确保翻译准确且流畅。
</think>

<answer> Imperially granted poems, calligraphy, music, and etiquette 

items depicting landscapes and figures, particularly the black松石
inscriptions on Mount Tai, found in the old collections of the Kong 

family. </answer> 

Unstructured reasoning with redundant self-questioning
<think>  

As I begin the translation process, I first focus on understanding the core 

elements of the Chinese sentence. The sentence is about a specific item 

from the Ming Dynasty, a black Shoushan stone seal with a poem, book, 

ritual, and music theme, which was once part of the collection of the Kong 

family. The key concepts here are the Ming Dynasty, the “御赐诗书礼乐” 

(imperial gift of poetry, books, rituals, and music), the black Shoushan

stone, and the historical context of the Kong family‘s collection.。。.

Next, I translate the sentence into English, .... I use "Ming Dynasty" for the 

time period, as it is a standard translation. For "御赐诗书礼乐," I translate 

it as "imperial gift of poetry, books, rituals, and music," which is a direct 

and commonly used translation in English for this concept. The term 

"black Shoushan stone" is straightforward, and I keep it as "black 

Shoushan stone" since it is a well-known term in the context of 

Chinese art and collectibles. I also note that "孔府旧藏" refers to the old 

collection of the Kong family, so I translate it as "the old collection of the 

Kong family. " 

After completing the initial translation, I review the sentence for any 

potential ambiguities or areas where the meaning might be unclear. I 

check the accuracy of the terms used, ensuring that they align with the 

cultural and historical context. For example, "imperial gift" is a 

precise translation for "御赐," and "black Shoushan stone" is a 

commonly used term in English for this type of stone. I also make sure 

that the sentence flows naturally in English, avoiding overly literal 

translations that might sound awkward or stilted…. For instance, I 

change "the old collection of the Kong family" to "the Kong family's 

old collection" to make the sentence more fluid and idiomatic. I also 

ensure that the sentence is grammatically correct and that the 

meaning is preserved without unnecessary complexity. Finally, I review 

the entire translation to ensure that it is both accurate and stylistically 

appropriate…. </think>

<answer> Ming Dynasty "Imperial Gift of Poetry, Books, Rituals, and 

Music" black Shoushan stone seal with a landscape and figure theme, 

formerly part of the Kong family's collection.</answer>

Marco-o1 R1-T1DeepSeek-R1-Distill-Qwen-7B

❌ Verbose reasoning that revisits decisions without resolving; key 

domain terms left unaccruacy

❌ Confused reasoning with term misidentification and hallucinated 

content in output. Critical omission in answer (Ming Dynasty) CoT decisions constrain output, ensuring accuracy and 

completeness

Executes human priors as adaptive control to constrain and refine 

translations
Confused reasoning with term misidentification and hallucination

Figure 3: Case study comparing two reasoning baselines (DeepSeek-R1-Distill-Qwen-7B and Marco-o1) and R1-T1
on the same translation example.
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out, highlighting a clearer link between reasoning
grounding and translation quality.

5 Conclusion

In this paper, we revealed the benefits of perform-
ing general MT tasks with inference-time reason-
ing, by combining human-aligned translation CoTs
and RL strategies tailored for MT tasks. The suc-
cess of R1-T1, our proposed MT framework, on
MT tasks across multiple domains and languages
reflects the necessity and wide existence of the rea-
soning processes in human translations, which are
ignored by existing methods. Moreover, the self-
adapted paradigm of CoTs in translation reasoning
learning provide R1-T1 with high flexibility in gen-
eralizing its translation ability to unseen languages,
domains and tasks, as indicated by the improved
translation quality in these unseen scenarios. Fu-
ture work include incorporating more languages
and CoTs in training and testing in more scenar-
ios.
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A Professional Translators Introduction

To ensure the quality and linguistic faithfulness of
both CoT template construction and human eval-
uation, we collaborated with the language service
division of a large international enterprise and re-
cruited a pool of full-time professional translators.

In total, 30 human translators participated in this
project. All translators are native Chinese speak-
ers, hold formal degrees in linguistics, translation,
or related fields, and possess certified advanced
English proficiency as required by the company’s
translation workflow. In their routine professional
practice, they work with a diverse set of languages,
including English, French, German, Spanish, Ara-
bic, Portuguese, Greece, Malay, Japanese, Korean,
Italian, and Russian. Table 10 summarizes their
roles and experience.

Task # Translators Experience
Translation 30 3–12 years
Localization 30 3–9 years
Editing 8 5–9 years
Technical Writing 8 5–9 years
Linguistic Testing 10 5–9 years

Table 10: Work position and experience of the 30 human
translators involved in this study. # Translators refers to
the number of translators with experience in each task,
counted from the same group of 30.

From the translator pool, we selected 8 senior
professionals (each with over five years of experi-
ence) as core experts for CoT template construction.
They participated in semi-structured interviews, it-
erative refinement, and pilot evaluations to consoli-
date the six CoT reasoning strategies, ensuring that
the resulting templates reflect authentic translation
workflows while remaining stable and reproducible
as structured reasoning instructions.

B Human Evaluation Protocol

Evaluation Criteria. The human evaluation as-
sesses each translation along three dimensions: Ac-
curacy, Fluency, and Overall Direct Assessment
(DA). Accuracy and Fluency are rated on a 5-point
Likert scale (1: severe meaning or fluency break-
down; 5: accurate and fluent with no critical errors)
indicating the overall quality level in each dimen-
sion. In addition, DA is assigned independently on
a 0–100 scale following the rubric in Table 11.

Error Taxonomy and Scoring Guideline. To
ensure consistent judgments, annotators referred

DA Rubric
0–20 Meaning unclear or completely wrong;

only small fragments are correct; ex-
tremely hard to understand.

21–40 Only very limited meaning preserved;
key information missing/wrong; poor
readability with many disfluencies/gram-
mar issues.

41–60 Partially conveys meaning but many key
errors remain; readability acceptable but
lacks naturalness.

61–80 Mostly conveys key meaning; some non-
critical errors; may contain grammatical
issues or mildly unnatural expressions.

81–100 Meaning largely faithful; only minor
non-critical errors; fluent and natural
overall.

Table 11: DA scoring rubric used in our human evalua-
tion.

to a predefined error taxonomy (Table 12) adapted
from established MQM-style categories (Freitag
et al., 2021). The DA score bands and rubric
(Table 11) were defined as a task-specific scoring
guideline inspired by standard Direct Assessment
practice in MT evaluation (Barrault et al., 2019).
The taxonomy distinguishes between Accuracy-
related (meaning-level) issues and Fluency-related
(surface-level) issues.

During evaluation, annotators identified whether
a translation issue was present, determined its di-
mension, and assessed its severity (e.g., minor, ma-
jor, or critical). These severity judgments guided
the assignment of Accuracy and Fluency Likert per-
formance levels and DA score bands. No explicit
error counting or weighted MQM aggregation was
performed.

Dimension Error types
Accuracy Terminology misuse; lexical mistranslation;

named-entity errors; date/time errors; nu-
merical errors; logical errors; over-literal
translation; addition; omission; DNT viola-
tions; untranslated segments.

Fluency Spelling/casing/symbol errors; punctua-
tion errors; whitespace/formatting errors;
grammar/syntax errors; repetition; locale-
specific conventions (numbers, currency,
units, dates, names, addresses); style is-
sues (awkward/unnatural phrasing); incon-
sistency; unintelligible output.

Table 12: Error taxonomy used for human evaluation.
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