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Abstract

Recently, O1-like models have emerged as rep-
resentative examples, illustrating the effective-
ness of long chain-of-thought (CoT) in reason-
ing tasks such as math and coding tasks. In
this paper, we introduce DRT, an attempt to
bring the success of long CoT to neural ma-
chine translation (MT). Specifically, in view of
the literature books that might involve similes
and metaphors, translating these texts to a tar-
get language is very difficult in practice due
to cultural differences. In such cases, literal
translation often fails to convey the intended
meaning effectively. Even for professional hu-
man translators, considerable thought must be
given to preserving semantics throughout the
translation process. To simulate LLMs’ long
thought ability in MT, we first mine sentences
containing similes or metaphors from existing
literature books, and then develop a multi-agent
framework to translate these sentences via long
thought. In the multi-agent framework, a trans-
lator is used to iteratively translate the source
sentence under the suggestions provided by an
advisor. To ensure the effectiveness of the long
thoughts, an evaluator is also employed to quan-
tify the translation quality in each round. In
this way, we collect tens of thousands of long-
thought MT data, which is used to train our
DRT. Using Qwen2.5 and LLama-3.1 as the
backbones, DRT models can learn the thought
process during machine translation, and outper-
form vanilla LLMs as well as LLMs which are
simply fine-tuning on the paired sentences with-
out long thought, showing its effectiveness.!

1 Introduction

Recently, the emergence of the Ol-like LLMs
shows great performance in reasoning tasks, e.g.,
math and coding tasks (OpenAl, 2024b; Qin et al.,
2024; Huang et al., 2024; Zhang et al., 2024; Zhao
et al., 2024). With the help of long thought, LLMs

'The codes, synthesized data and model checkpoints will
be released upon publication.

tend to explore, reflect and self-improve the reason-
ing processes to achieve more accurate answers.

In this paper, we explore technical routes to bring
the success of long thought to MT. To this end, we
introduce DRT, a product of our exploration, and
we hope it could facilitate the research community.
There are two key points in achieving this goal:

i) A suitable translation scenario to employ
long thought in MT: Not all scenarios require long
chain-of-thought (CoT)? during translation. For
example, in simple expressions, literal translation
can meet most needs, and translation via long CoT
may be unnecessary. Inappropriate scenarios might
cause the overthinking issue (Chen et al., 2024).

ii) A method to synthesize MT data with
long thought: Long thought SFT (supervised fine-
tuning) data plays a vital role in simulating LLMs’
long thought ability (Huang et al., 2024). Previ-
ous work pays much attention to how to synthesize
long-thought data in math and coding tasks (Qin
et al., 2024; Huang et al., 2024; Zhao et al., 2024).

For 1), inspired by Van den Broeck (1981), a
possible scenario is translating sentences with simi-
les or metaphors, where literal translation often
fails to convey the intended semantics. Given
that, we decide to mine such sentences from lit-
erature books. The mining process uses an ad-
vanced large language model (LLM) to first judge
Q1: whether each literature sentence has any simi-
les or metaphors. If has, the LLM will be asked to
literally translate the sentence to a target language,
and give a final judgment on Q2: whether literal
translation is effective for native speakers of the tar-
get language to comprehend. If the answers of Q1
and Q2 are “yes” and “no”, respectively, the corre-
sponding literature sentences will be reserved, and
regarded as “suitable to translate via long thought”.

For ii), after collecting the literal sentences with

*Jong CoT” is equal to “long thought”, and we alterna-
tively use these two terms in this paper.



similes or metaphors, the next question is how to
synthesize long thought MT samples. Previous
work typically utilizes Monte Carlo Tree Search
(MCTS) (Qin et al., 2024; Zhao et al., 2024; Zhang
et al., 2024) or data distillation (Huang et al., 2024)
(from existing O1-like models) to collect long
thought SFT samples. Nevertheless, MCTS is typi-
cally used in math and coding tasks where multiple
reasoning behaviors should be considered, and the
method emphasizes complex reasoning that might
not be efficient for machine translation. Besides,
utilizing existing O1-like models for data distil-
lation might (1) constrain the potential quality of
the long-thought data; and (2) have a data gap in
MT since current O1-like models are typically op-
timized toward math and coding tasks.

Therefore, we propose a multi-agent framework
to synthesize MT data with long thought. In de-
tail, there are three agents in the framework, i.e., a
translator, an advisor and an evaluator. The synthe-
sis process is iterative, consisting of the following
three steps during each iteration: (1) the transla-
tor generates a new translation conditioned on the
previous step’s translation and the corresponding
refinement suggestions from the advisor; (2) the
advisor evaluates the current translation and offers
detailed feedback; (3) the evaluator assesses the
current translation and gives an evaluation score
using predefined scoring criteria. Once the trans-
lation score provided by the evaluator reaches a
pre-defined threshold or the number of iterations
reaches a maximum value, the iteration will stop.
After that, the translation and suggestions in every
step could form the long-thought MT samples. To
improve the readability and fluency of the long-
thought data, we employ GPT-40 (OpenAl, 2024a)
to reformulate the long-thought content.

Based on the collected long-thought MT sam-
ples, we train our DRT-7B, DRT-8B and DRT-
14B using the backbones of Qwen2.5-7B-Instruct,
Llama-3.1-8B-Instruct (Dubey et al., 2024) and
Qwen2.5-14B-Instruct (Yang et al., 2024a), respec-
tively. Experimental results on literature translation
verify their effectiveness. In particular, DRT-14B
outperforms QwQ-32B-preview and DeepSeek-R1-
Distill-Qwen-32B in terms of BLEU, CometKiwi,
CometScore and GPT-4 evaluations. Moreover,
human evaluation and case study show the strong
translation performance of DRT models.

Our main contributions are concluded as follows:
* We propose DRT aiming at building LLMs with

long-thought machine translation ability. To

achieve this, we mine literature sentences with
similes or metaphors, and collect MT samples
with long-thought processes.

* To synthesize the long-thought MT samples, we
propose a multi-agent framework that involves
a translator, an advisor and an evaluator. These
three agents collaborate in an iterative manner to
produce long thoughts during MT. Lastly, GPT-
40 is used to further improve the quality of the
synthesized long-thought MT samples.

* Experimental results on literature translation ver-
ify the effectiveness of our DRT. With the help
of long thought, LLLMs can learn to think during
the machine translation.

2 DRT Data

We focus on English-to-Chinese translation?, and
we introduce how to collect the long-thought MT
samples via three steps in this section: (1) col-
lecting English sentences that tend to require long
thoughts during translation (§ 2.1); (2) synthesiz-
ing the long-thought translation process for the col-
lected sentences by a designed multi-agent frame-
work (§ 2.2); (3) improving the readability and
fluency of the long-thought content to form the fi-
nal long-thought MT samples (§ 2.3). Next, we
provide data statistics and data analyses of the col-
lected data to give a deeper understanding (§ 2.4).
Finally, we discuss the data quality (§ 2.5).

2.1 Literature Book Mining

Following Kryscinski et al. (2022), we leverage the
literature books from the Project Gutenberg public-
domain book repository*, where the books are typi-
cally more than fifty years old and their copyrights
have expired. About 400 English books are used to
mine sentences with similes or metaphors.

First, we extract all sentences from these books,
and filter out too short or too long sentences, i.e.,
less than 10 words or more than 100 words, result-
ing in 577.6K literature sentences. Second, for each
sentence, we use Qwen2.5-72B-Instruct (Yang
et al., 2024a) to judge whether the sentence in-
volves similes or metaphors, and discard the sen-
tences that do not contain any ones. Third, for the
remaining sentences, we let Qwen2.5-72B-Instruct
literally translate them to Chinese, and then judge

3 Although we focus on English-to-Chinese translation in
this work, the methods we introduced can be trivially applied
to other languages or translation directions.

*https://www.gutenberg.org/
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The Last Conflict In the second week of September, Maggie
was again sitting in her lonely room, battling with the old
shadowy enemies that were forever slain and rising again.
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Figure 1: The illustration of the multi-agent framework to synthesize long-thought MT samples. (a) A translator
iteratively produces translations under the suggestions provided by an advisor; (b) An advisor reviews the translation
results and gives suggestions; (c) An evaluator assesses the translation results and gives an overall score to indicate

the translation quality.

whether the translation satisfies native Chinese peo-
ple. If the answer is negative, the corresponding
sentence will be reserved, and regarded as “suitable
to translate via long thought”. For prompt details,
please refer to Appendix A.1. Consequently, we
collect 63K (out of 577.6K) literature sentences
involving similes or metaphors whose literal trans-
lations have flaws, called pre-collected sentences.

2.2 Multi-Agent Framework

For each pre-collected sentence (denoted as s), we
design a multi-agent framework to translate it via
long thought. As shown in Figure 1, our multi-
agent framework includes three agents: a translator,
an advisor, and an evaluator, each of which use
Qwen2.5-72B-Instruct as the backbone. The syn-
thetic process is illustrated as follows:

(1) Word-level Translation. The translator first iden-
tifies the keywords that lie in the sentence, and
then provides their translations under the consider-
ation of the context. The keywords are denoted as
W = {wi, ws*, ..., wi}, where w;™ indicates
the i-th keyword in s, and k is the number of key-
words. The translation of keywords is denoted as
Wt = L' wit w}ft}. This step enables the
model to identify potential challenges in translat-
ing the entire sentence by breaking it down into
sub-problems (i.e., word-level translation).

(2) Preliminary Translation. The translator then
provides a preliminary sentence translation (£°)
conditioned on both the source sentence (s) and
its keyword bilingual pairs (WS W'eY).

(3) Translation Refine Loop. In the refine loop,
three agents work together to refine the transla-
tion iteratively. In each iteration step k (start from
k = 1), the advisor first evaluates the translation in

the previous step, i.e., t*~!, and provides detailed

feedback f*~! for polishing it. Then, the evalua-
tor gives an overall score of t*~! conditioned on
both pre-defined scoring criteria and f*~!, and the
score is denoted as s*~1. In the last of the iteration
step, the translator takes its previous translation
k=1, the corresponding feedback f*~! and overall
score s*~1 into account to provide a new transla-
tion ¢*. The translation refine loop will stop when
the overall score reaches a pre-defined threshold or
the number of iteration steps meets the maximum.
For prompt details of the translator, advisor and
evaluator, please refer to Appendix A.2.

2.3 Long Thought Reformulation

After the multi-agent collaboration, we obtain a
long thought process:

P(s): 5= W W) = (1%, 1%,5)

= (' flsh) = o= (™ T s™) M
where P(s) denotes the multi-agent thought pro-
cess for s, and m is the number of iteration steps.
To emphasize the valid thought process, transla-
tions without score change will be removed. That
is, if s’ is equal to s*~! (i = 1,2, ..., m), we will
discard (t, f%, s*) in P(s), resulting in:

77/(5) cs = (W WEY = (to, f0,80>

T T T T T T (2)
= (", fM, ") = o= ™ s™)

where 1 < ri < rg < ... <1, < m,and n is
the number of remaining steps. If n < 3, we will
discard the whole sample, i.e., P(s).

For the remaining samples, we follow Qin et al.
(2024), and leverage GPT-40 (OpenAl, 2024a)
to modify and polish P’ (s) into a self-reflection



[Source Sentence] Passing by the tower with her husband on the path to the gate she could feel the vibrant air humming round them from the
louvred belfry in the circle of sound, and it matched the highly-charged mental atmosphere in which she was living.

[Thought During Translation] I start by identifying and translating the key terms from the English sentence: 'tower' as '#", 'husband' as '3 K",
'gate' as "K', 'vibrant' as "FEW G J74, 'humming' as ISR, louvred' as A T B (4, 'belfry' as "BE', ‘circle' as [ &', 'sound' as "7,
‘highly-charged' as '#& J% 5K ()", 'mental' as "5 411}, and 'atmosphere' as 55",

With these translations in mind, I attempt my first translation: Z85E 850}, WAL RGEFEE AR T TR L, ABERSZ 345 -6 i e 7
PRV BRI P v G 14 FEG 3 00 2 CLEAAT D o] BT ), 3K -5 b T ALk 4 5 3 X S A i 450 P AR DL

I reflect on this attempt and realize that while it is generally accurate, the phrasing could be improved for better fluency and clarity. The segment '
A B A R A S T [ P B SRS 1043 feels cumbersome and could be simplified. Additionally, ' 5 S 5K Atk 45U L
might not fully capture the nuance of 'highly-charged mental atmosphere.'

I revise my translation: £ B0, AN SEHRGETERAE AT I L, BRSZ B AT -G 1y bl A b Py S 0635 13 194 22 “CHE AT 1l et Ll

X5 il T ALk S 5 R I R BB B AU L AR
This revision feels more fluent and natural, effectively conveying the original meaning. The phrase "5 [H]1i]' improves the flow and captures the

sense of the air humming around them. The term "1 &% R (145 1 55U ]" seems a better fit for 'highly-charged mental atmosphere,' making the
translation more accurate and easier to understand for a Chinese reader.

I make another revision: Z8 BN, T SUIGELERAEAT TR L, JESZH AT TT 2 1 B £ of 14 SR 10 99 B AE AT A L [
5, GO BE I BRI A

This version is very smooth and natural, effectively conveying the original meaning. The use of 54135 is particularly apt, capturing the sense

AT EEl At Il 7, 30Kt A o 1 0 RSB A R AR

of the air humming around them. The phrase 'i /& 1% BRAYHRG Hi55F]' accurately reflects the 'highly-charged mental atmosphere,’ making the
translation both precise and fluent. There are no significant issues that would hinder understanding for a Chinese reader.

Finally, I decide on the final translation: Z2 3834}, HbAN S RGEZEBAT T IHE b, sz 3 AT -5 B A% SR 19 70 D0 i U e At

Figure 2: An example of long thought synthesized by the designed multi-agent framework and GPT-40 reformulation.

# Sample Query Thought Output
ol-journey 327 41.53  486.05 341
Marco-O1 CoT data 10,000  52.73  673.98  52.73
DRT data (yaining) 19,264  37.25 527.64  44.67
DRT data (yalidation) 1,000 37.43  531.36 4498
DRT data (esting) 2,000 37.19 52544 4470

Table 1: The number of samples and average token-
level length of query, thought and output. “Query” and
“Output” in DRT data mean the source sentences and the
translated outputs, respectively.

description (the used prompt is provided in Ap-
pendix A.3). Finally, we obtain 22,264 MT sam-
ples with long thought. Figure 2 gives an example
sample to illustrate the synthetic results.

It is also worth noting that during the GPT-40
reformulation, we specify the translation with the
highest score s”7 as the final translation. Thus,
the final translation is not necessarily the last one
during refinement, i.e., t"".

2.4 Data Statistics and Data Analyses

We split the collected 22,264 samples into training,
validation and testing sets with 19,264, 1,000 and
2,000 samples, respectively. Table 1 shows the
data statistics of DRT data and previous O1-like
data. For Marco-O1 CoT data (Zhao et al., 2024),
since it is not fully released, we use its demo data
to calculate the data statistics.” As we can see,
the average number of tokens in our synthesized

Shttps://github.com/AIDC-AI/Marco-ol
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Figure 3: The distribution of the number of refinement
steps in DRT data.

thought reaches 500+ tokens, showing the long
thought process in our data.

Refine Loop Analyses. Figure 3 shows the num-
ber of refinement steps in the DRT data, which
ranges from 3 to 8 steps. We can find that most
samples (73.22%) involve 3 refinement steps, while
only one sample involves 8 steps. Furthermore, to
provide a deeper understanding of the refinement
process, we calculate the average edit distance be-
fore and after each refinement step. Specifically,
the first three refinement steps cause 21.44, 13.16
and 10.90 character-level edit distance. This obser-
vation is consistent with intuition. As the refine-
ment progresses, the magnitude of the modification
gradually decreases. To further understand the im-
provement brought by the translation refine loop,
we calculate the average overall scores (provided
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Figure 4: Trends in average scores (provided by the evaluator agent) over the refinement steps. The trends for
samples with three, four, five, and six refinement steps are illustrated in (a), (b), (c), and (d), respectively.

Metric ACC. (%)
CometKiwi 56.0
Evaluator Agent (Qwen2.5-72B-Instruct) 92.5
Evaluator Agent (GPT-40) 93.5

Table 2: Accuracy of automatic metrics for translation
quality estimation (ACC.: accuracy).

by the evaluator agent) along with each refinement
step. As shown in Figure 4, as the number of refine-
ment steps increases, the average score generally
increases, demonstrating that the refine loop could
iteratively increase the quality of translations.

2.5 Quality Analyses

The Effectiveness of the Evaluator Agent. Previ-
ous work has shown that the state-of-the-art LLMs
can be used as evaluators for various text gener-
ation tasks (Kocmi and Federmann, 2023; Wang
et al., 2023; Li et al., 2024). To figure out the ef-
fectiveness of our evaluator agent, we randomly
select 200 source sentences from DRT data, and
for each of them, we further select its two transla-
tions as well as scores (provided by the evaluator
agent) during refinement. We next employ human
annotators to compare the two translations of each
source sentence, and judge which translation is
better, or two translations are similar in quality (an-
notation details can be found in Appendix B). After
obtaining the quality labels, we calculate the ac-
curacy of the evaluator agent according to its eval-
uation score. For comparison, we also calculate
the accuracy of CometKiwi (Rei et al., 2022) and
GPT-40 evaluator agent. As shown in Table 2, our
evaluator agent achieves a high accuracy (92.5%),
demonstrating its effectiveness in evaluating litera-
ture translation quality. Besides, the widely-used
CometKiwi metric only achieves 56.0% accuracy.
Thought CometKiwi is powerful in the general do-
main (e.g., news) (Kocmi and Federmann, 2023),

its effectiveness in the literature domain is lim-
ited and unreliable, which is also pointed out by
Karpinska and Iyyer (2023). Furthermore, the GPT-
40 evaluator agent slightly outperforms the origin
evaluator agent (with Qwen2.5-72B-Instruct back-
bone). Considering the tradeoff between cost and
effectiveness, we finally decide to use Qwen2.5-
72B-Instruct as our evaluator agent.

Translation Quality. Based on the effectiveness of
the evaluator agent and the observation that evalua-
tion scores of final translations typically reach 90.0
(c.f., Figure 4), we can ensure a high level of trans-
lation quality in the constructed data. According
to the pre-defined scoring criteria of the evaluator
agent (c.f., Appendix A.2), a score of 90.0 indicates
excellent translations.

3 Experiments

3.1 Experimental Setups

Metrics. Following previous work, we adopt
“BLEU” (Papineni et al., 2002), “CometKiwi” and
“CometScore” (Rei et al., 2022) to evaluate the
model translations. Among them, BLEU evalu-
ates n-grams overlap between model translations
and references, while CometScore evaluates the
semantic similarity of model translations against
references. CometKiwi uses a language model to
judge whether a model translation conveys the se-
mantics of the source sentence.

As pointed out by Karpinska and Iyyer (2023),
BLEU and COMET may be ineffective for eval-
uating literature translation. Meanwhile, recent
studies also show the strong ability of LLMs in
NLP evaluation (Li et al., 2024). Therefore, we use
evaluators implemented using GPT-40 in reference-
based and reference-free styles, which we refer to
as “GRB” and “GRF”, respectively. The evalua-
tion prompts borrow from Kocmi and Federmann
(2023), and are illustrated in Appendix C. Further-



reference-free

reference-based

Model
GEA GRF CometKiwi GRB BLEU CometScore
Vanilla LLMs
Llama-3.1-8B-Instruct 59.58  79.25 70.14 7330 18.55 74.58
Qwen2.5-7B-Instruct 66.21  81.53 70.36 7792 27.02 76.78
Qwen2.5-14B-Instruct 70.86 8474 72.01 80.85 30.23 78.84
Marco-o1-7B 6424 8241 71.62 7750 29.48 77.41
QwQ-32B-preview 7550  86.31 71.48 83.08 27.46 78.68
DeepSeek-R1-Distill-Llama-8B 56.89 7631 67.13 69.49  15.83 71.82
DeepSeek-R1-Distill-Qwen-7B 43.66  65.16 63.49 5813 10.99 69.21
DeepSeek-R 1-Distill-Qwen-14B 70.64  83.92 71.01 80.29 2555 77.66
DeepSeek-R 1-Distill-Qwen-32B 71.88 8478 71.93 8159  29.36 78.93
SFT LLMs (w/o CoT)
Llama-3.1-8B-SFT 69.33  84.10 70.25 80.18  30.03 78.26
Qwen2.5-7B-SFT 7229 85.06 71.03 81.72  35.44 80.10
Qwen2.5-14B-SFT 7453 85.66 72.08 83.08 37.63 80.82
DRT
DRT-8B (Backbone: Liama-3.1-8BInstructy ~ 09.65T  84.49F  70.851  80.80" 32.671 78.811
DRT-7B (Backbone: Qwen2.5-7B-Instruety  75.057  85.578 71787 82.38F 3554 80.19*
DRT-14B Backbone: Qwen2.5-14B-Instructy  77-417  87.19F 72.11 83.20f  36.46 80.64

Table 3: Experimental results on literature translation. The bold and the underline denote the best and second-best
performances, respectively. “” and“}” denote statistically significant better than the corresponding SFT LLMs (w/o

CoT) with t-test p < 0.01 and 0.05, respectively.

more, as demonstrated in § 2.4, the GPT-40 evalua-
tor agent achieves great accuracy in literature trans-
lation. We also leverage it as the evaluation metric
in experiments, which is referred to as “GEA”.
Since GRB, GRF and GEA need the API costs, we
randomly select 400 samples to conduct evaluation.

Backbones. We adopt the following three LLMs
as the backbones of our DRT: Llama-3.1-8B-
Instruct (Dubey et al., 2024), Qwen2.5-7B-Instruct
and Qwen2.5-14B-Instruct (Yang et al., 2024b).
All model checkpoints are publicly available.

For evaluation toolkits and the implementation
details of all models, please refer to Appendix D.

3.2 Comparison Models

Vanilla LLMs. We leverage vanilla Llama-3.1-8B-
Instruct, Qwen2.5-7B-Instruct and Qwen2.5-14B-
Instruct (Yang et al., 2024a) as the comparison mod-
els. Besides, six O1-like LLMs are also conducted
as baselines: Marco-01-7B (Zhao et al., 2024),
QwQ-32B-preview (Qwen, 2024), DeepSeek-R1-
Distill-Qwen-7B, DeepSeek-R1-Distill-Llama-8B,
DeepSeek-R1-Distill-Qwen-14B and DeepSeek-
R1-Distill-Qwen-32B (Guo et al., 2025).

SFT LLMs (w/o CoT). We also fine-tune LLMs with
only paired sentences of DRT training data (without
thought). This setting allows LLMs to learn the
mapping from source literature sentences to the
corresponding Chinese translations directly. We

denote the fine-tuned LLMs as Llama-3.1-8B-SFT,
Qwen2.5-7B-SFT and Qwen2.5-14B-SFT, serving
as strong baselines in the experiments.

3.3 Main Results

Table 3 shows the experimental results, we analyze
the performance from the following aspects:

SFT LLMs (w/o CoT) vs. Vanilla LLMs. After
instruction tuning on the paired sentences of our
training data, SFT LLMs (w/o CoT) significantly
outperform the corresponding vanilla LLMs. For
example, Llama-3.1-8B-SFT outperforms Llama-
3.1-8B-Instruct by 9.75 GEA, 4.85 GRF and 6.88
GRB. Qwen2.5-7B-SFT outperforms Qwen2.5-7B-
Instruct by 6.08 GEA, 3.53 GRF and 3.80 GRB.
This finding demonstrates the effectiveness of our
multi-agent framework and the quality of the syn-
thesized translation. Please also note that the fi-
nal translations are synthesized by Qwen2.5-72B-
Instruct, indicating that we can leverage off-the-
shelf open-source LLMs to collect high-quality lit-
eration translation data. And the data could help
smaller LLMs (such as 7B and 14B ones) to boost
their literature translation skills.

DRT vs. Vanilla LLMs. After fine-tuning on
the long-thought MT training data, our DRT-series
LLMs also significantly outperform the correspond-
ing vanilla backbones. Particularly, DRT-14B out-
performs QwQ-32B-preview and DeepSeek-R1-



Model Flu. Sem. Lit.

Qwen2.5-14B-Instruct  -0.353 -0.363 -0.442
QwQ-32B-Preview -0.063  0.022 -0.007
Qwen2.5-14B-SFT 0.103  0.108  0.087
DRT-14B 0313  0.233  0.362

Table 4: Human evaluation results in terms of fluency,
semantic accuracy and literary quality.

Distill-Qwen-32B in terms of all metrics, showing
its effectiveness in literature MT.

DRT vs. SFT LLMs (w/o CoT). Using Llama-
3.1-8B-Instruct and Qwen2.5-7B-Instruct as back-
bones, LLMs tuned with long thought achieve
better performance than those tuned without long
thought in terms of all metrics. For example, DRT-
7B outperforms Qwen2.5-7B-SFT by 2.76 GEA,
0.51 GRE, 0.75 CometKiwi, 0.66 GRB, 0.10 BLEU
and 0.09 CometScore. When using Qwen2.5-14B-
Instruct as the backbone, we find that DRT-14B
outperforms Qwen2.5-14B-SFT in terms of GEA,
GREF, CometKiwi and GRB, but underperforms in
terms of BLEU and CometScore. In detail, BLEU
and CometScore evaluate the translations from the
perspective of similarity between model transla-
tions and golden references. We conjecture that
the higher BLEU and CometScore performance of
Qwen2.5-14B-SFT is due to the model’s ability to
quickly learn domain-specific translations through
tuning without long thoughts, allowing it to adapt
to the literature translation more straightforwardly.
However, training without long thoughts might lead
the model to a sub-optimal solution, like learning
shortcuts. When adopting evaluation metrics that
are not significantly dependent on the golden ref-
erences (i.e., GEA, GRF, CometKiwi and GRB),
DRT-14B shows its superior performance. Note
that although GRB is a reference-based metric, it
does not assess the model translations simply based
on how similar they are to the golden references.

DRT vs. Commercial LLMs. To give a deeper un-
derstanding of our DRT models’ performance, we
further compare DRT models with GPT-40 (Ope-
nAl, 2024a) and ol-preview (OpenAl, 2024b). The
experimental results and corresponding analyses
are provided in Appendix E.

3.4 Human Evaluation

We conduct human evaluation to further evaluate
the performance of DRT-14B and strong baselines
(Qwen2.5-14B-Instruct, QwQ-32B-Preview and
Qwen2.5-14B-SFT). We randomly select 200 sam-
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Figure 5: Time cost during inference on the testing set.

ples from our test set, and employ three human
evaluators with high levels of fluency in English
and Chinese to assess the generated translations
from three aspects: fluency (Flu.), semantic accu-
racy (Sem.) and literary quality (Lit.). Following
the Best-Worst Scaling method (Kiritchenko and
Mohammad, 2017), evaluators are asked to select
the best and the worst generated translation on each
aspect. The result scores are calculated based on
the percentage of times each model is selected as
best minus the times it is selected as worst. Thus,
the final scores should range from -1 (worst) to 1
(best). As shown in Table 4, DRT-14B significantly
outperforms these strong baselines, especially in
the aspect of literary quality. These results demon-
strate the superiority of our DRT models. The
Fleiss’ Kappa scores (Fleiss, 1971) of Flu., Sem.
and Lit. are 0.75, 0.69 and 0.85, respectively, in-
dicating a good inter-agreement among evaluators.

3.5 Inference Time Analysis

During evaluating LLMs’ literature translation per-
formance on our test set, we leverage vLLM to
accelerate the model generation. A single NVIDIA
A100 GPU (40G) is used to deploy each LLM. As
shown in Figure 5, the average time costs of DRT
models are significantly higher than LLMs (w/o
CoT). This is because DRT models should first
generate the long thought and then provide the fi-
nal translation, thus needing more inference time
(x11.9~13.9). This also indicates that the O1-like
LLMs may not be applicable to some scenarios
with high real-time requirements.

3.6 Case Study

Table 5 provides some literature translation cases
of Qwen2.5-14B-Instruct, QwQ-32B-Preview,
Qwen2.5-14B-SFT and DRT-14B. With the help
of long thought, the translations of DRT-14B align



Source Sentence Qwen?2.5-14B-Instruct

QwQ-32B-Preview

Qwen2.5-14B-SFT DRT-14B

And if their words had taken Tfi Zzu RAATHF BT
another turn...if he himself had 7
been less fastidious about intrud- T %% £ 4t A B ZASHL 4 A
ing on another man’s secrets...it . ..... B FE & A0 2 1
was cruel to think how thin a film [
had shut out rescue from all this X — ] ] §¢
guilt and misery.
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I see on your cheek two tears F& & UL {4 & ¥ b w7 I H
which I know are hot as two 7K. %’t%ﬂ K

EANGMERIE  KIE,
sparks, and salt as two crystals L 18 K
of the sea.
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The night wore out, and, as he
stood upon the bridge listening & 7K 78714 B2 5 & ¥ 52 1) 75
to the water as it splashed the ¥, H TGRS HEN %

WIRT , HMbvheER L, Of WERH#T T, X Mhui £
b RUOK AT E B
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river-walls of the Island of Paris, 1 Z(H) 5 RINMEEETEN . BCEM AL T — @RS 058 KBRS — Ik ’\Hﬁu KEHEE T, N & K
where the picturesque confusion % VKUK RFKIRT , 07 WAHES, EAXTANESE 5 fsifg%'ﬁg R ANEHE. A H % Kok
of houses and cathedral shone & M K725 F i 1 —3K A0 A BASEAETE, T E R A >’7 an MR B i WL 0] a0 I K B 7 TR A — 3K
bright in the light of the moon, [ - WEIR, iRz H—ik ) g -

the day came coldly, looking like FN =

a dead face out of the sky.

Table 5: Case Studies of literature translation. Green indicates good translations, while red indicates bad ones.

more closely with the conventions of the Chinese
language and exhibit a greater literary quality. In
addition to DRT-14B, some translation snippets
of other LLMs can also show a great performance
(marked in green). This indicates that vanilla LLMs
might have the capability to translate literature, and
long thought could further activate this capability.

4 Related Work

O1-like LLMs. Recently, Ol-like LLMs have
shown great performance in reasoning tasks, espe-
cially math and coding tasks. After the emergency
of OpenAl O1 model (OpenAl, 2024b), many ef-
forts are given in reproducing OpenAl O1. For
example, Qin et al. (2024) propose journey learn-
ing, a training paradigm, to encourage LL.Ms to
learn not just shortcuts, but the complete explo-
ration process. Huang et al. (2024) explore the data
distillation from existing O1-like models, and show
the effectiveness of data distillation. Zhang et al.
(2024) leverage Monte Carlo Tree Search (MCTS)
to synthesize reasoning-enhanced code data, and
train O1-Coder. Marco-ol (Zhao et al., 2024) is
proposed to deal with open-ended text generation.
More recently, DeepSeek-R1 (Guo et al., 2025) and
Kimi K1.5 (Team et al., 2025) are proposed, and
show their promising reasoning ability.

Literature Translation. Different from translating
standard MT corpora (e.g., news articles), translat-
ing literature books is more difficult since it often
requires equivalence beyond the word level (Thai
et al., 2022). Besides, it is also difficult to evalu-
ate literature translation using automatic metrics,

and previous literature translation work typically
relies on human evaluation (Fonteyne et al., 2020;
Karpinska and Iyyer, 2023). Due to its difficulty,
early work is limited to small-scale attempts (Gen-
zel et al., 2010; Jones and Irvine, 2013; Besacier
and Schwartz, 2015; Toral et al., 2018). Recently,
Karpinska and Iyyer (2023) utilize LLMs to per-
form literature translation, and show that discourse-
level LLM translators achieve better performances
compared with sentence-level approaches. Thai
et al. (2022) introduce Par3 to benchmark LLMs’
literature translation capability from non-English
languages to English.

5 Conclusion

In this paper, we introduce DRT, an attempt to bring
the success of long-thought reasoning to neural ma-
chine translation (MT). Specifically, we synthesize
the machine translation long-thought samples by
a designed multi-agent framework and GPT-4o re-
formulation. To collect the source sentences that
are suitable for translation via long thought, we
mine sentences with similes or metaphors from
existing literature books. To synthesize the long
thought machine translation process for these sen-
tences, a translator, an advisor and an evaluator
collaborate to translate the source sentence itera-
tively. Based on the synthesized data, we train DRT
models. Extensive experiments on literature trans-
lation demonstrate the effectiveness of DRT models
in terms of automatic evaluation. Case study and
human evaluation further verify their superiority.



Limitations

While we show the effectiveness of long thought
in MT, there are some limitations worth noting:
(1) We focus on English-to-Chinese translation in
this work, and future work could extend the data
and the method to other translation directions. (2)
There is still a lack of accurate automatic eval-
uation metrics for literary translation. Previous
literature translation work typically relies on hu-
man evaluation (Fonteyne et al., 2020; Karpinska
and lyyer, 2023), and points out that BLEU and
Comet might not be suitable for evaluating litera-
ture translation (Karpinska and Iyyer, 2023). This
is because literary translations carry the responsi-
bility of both semantic and critical interpretation,
as they must address the challenge of achieving
equivalence that often extends beyond the level of
individual words (Thai et al., 2022).

Ethical Considerations

We discuss the main ethical considerations of DRT
models as follows: (1) Copyright. We mine litera-
ture sentences from 400 English books provided by
the Project Gutenberg public-domain book reposi-
tory®, where the books are typically more than fifty
years old and their copyrights have expired. The
book data also has been extracted and released by
Kryscinski et al. (2022). Therefore, we can con-
struct DRT data based on these books, and further
release our synthesized data. (2) Licenses. We will
release our model checkpoints and synthesized data
under CC-BY-NC-SA 4.0 license.
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A Prompt in Data Synthesis

A.1 Prompts in Literature Book Mining

r

SYSTEM PROMPT:

You are assigned to translate an English literary work
into Chinese. The text may include descriptions or
expressions that embody English cultural nuances,
which may not resonate with Chinese language
habits. In such instances, a literal translation may
not be appropriate; instead, these sentences should
be paraphrased to convey their intended meaning
effectively.

USER PROMPT:

The English sentence is provided as follows:
<english sentence>

{sentence}

</english sentence>

Please begin by assessing whether the English
sentence contains any metaphors or similes. If
there are none, respond with "no metaphors and no
similes."

If the English sentence does contain metaphors or
similes, provide a literal translation of them, and then
evaluate whether the literal translation is appropriate
and easy for Chinese natives to understand.

If it is suitable, format your response as follows (two
lines):

"your literal translation for metaphors/similes here
(in Chinese)"

"suitable"

If it is unsuitable, please provide the reason for the
unsuitability. Format your response as follows (three
lines):

"your literal translation for metaphors/similes here
(in Chinese)"

"unsuitable"

"reason for unsuitability here (in Chinese)"

A.2  Prompts in Multi-Agent Framework

Translator Agent (Word-level translation)

Given an English sentence, identify the important
words (usually nouns, verbs, technical terms, and
named entities that require special attention in
translation) and translate them into Chinese. Output
the translations in JSON format, for example:

{"EnglishWord1": "ChineseTranslation", "English-
Word2": "ChineseTranslation" }

The Chinese translations can be a single translation
or multiple options as deemed appropriate.

Translator Agent (Preliminary translation)
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SYSTEM PROMPT:

Given an English sentence and a JSON object
containing potential translations of important
keywords, produce a Chinese literal translation of the
entire sentence. Please directly output the Chinese
translation without any descriptions.

USER PROMPT:

<English Sentence>

{sentence}

</English Sentence>

<Potential Keyword Translation>
{keyword translation }

</Potential Keyword Translation>

Translator Agent (Refinement translation)

In the refine loop, the translator agent receives
the feedback of the previous translation, and then
provides a new translation. The prompt is a multi-
turn dialogue between the translator and advisor,
where the system prompt is the same as the prelim-
inary translation.

Adyvisor Agent

Please rate the Chinese translation of the following
English text and provide your comments and sugges-
tions.

Evaluator Agent

' )

SYSTEM PROMPT:

Please evaluate the following Chinese translation of
an English 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 and
awkward phrasing that greatly hinder comprehension
for a Chinese reader.

- 30 points: Fair translation; the text conveys the
basic meaning but lacks fluency and contains
several awkward phrases or inaccuracies, making it
challenging for a Chinese reader to fully grasp the
intended message.

- 50 points: Good translation; the text is mostly fluent
and conveys the original meaning well, but may have
minor awkwardness or slight inaccuracies that could
confuse a Chinese reader.

- 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 for a Chinese reader.

- 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 for a Chinese reader.

Please provide the reason first, followed by a score.
Format your evaluation in the JSON structure below:

reason for the score", "score": int}

n,on

"reason":




A.3 Prompts in Thought Reformulation

e N

A student is engaged in the task of translating an
English sentence into Chinese.

The English sentence is as follows:
<English Sentence>

{sentence}

</English Sentence>

This student constantly thinks about and optimizes
his translation. The whole process is shown as
follows:

<Translation Process>
{translation process}
</Translation Process>

Please polish the whole translation process into a
long first-person self-reflection description (use the
present tense).

The self-reflection should begin with selecting the
keywords from the English sentence, translating
the keywords, and then attempt to translate the
whole sentence, and then think about whether the
translation is good or not, and iteratively make
translation attempts. Finally, make a final translation
decision.

Output the self-reflection description directly without
any additional descriptions or explanations. Each line
in the self-reflection description can be regarded as a
reasoning step to the translation.

\

B Details of Human Annotation

In Section 2.4, we employ human annotation to pro-
vide the quality comparison between two transla-
tions for a source sentence. Specifically, we employ
three Chinese master students with high levels of
fluency in both English and Chinese as our human
annotators. For each sample, we give the source
sentence and its two translation (without the scores
provided by our evaluator agent) to all three annota-
tors, and every annotator should provide one of the
following judgments: (1) the first translation is bet-
ter than the second one; (2) the second translation
is better than the first one; (3) two translation are
similar in quality. During annotation, we encourage
the annotators to give differentiated judgments, i.e.,
judgment (1) or judgment (2). If three annotators
give the same judgment for a sample, the judgment
will be regarded as the final label. Otherwise, its la-
bel will be decided by a group meeting of all three
annotators and a senior data scientist.

C GPT-40 Evaluator

For GRB and GRF, we prompt GPT-40 (2024-08-
06 version) as the MT evaluator in the reference-
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based and reference-free manners, respectively.
The corresponding prompts borrow from Kocmi
and Federmann (2023), and make some adaptions
to literature translation.

GRB Prompt:

,

Score the following translation from English to
Chinese with respect to the human reference on a
continuous scale from 0 to 100, where score of zero
means "no meaning preserved" and score of one
hundred means "perfect preservation of meaning,
with faithfulness, expressiveness, and elegance".

English source: {src}
Chinese human reference: {ref}
Chinese translation: {hyp}

Score:

\.

GRF Prompt:

,

Score the following translation from English to
Chinese on a continuous scale from 0 to 100, where
score of zero means "no meaning preserved" and
score of one hundred means "perfect preservation
of meaning, with faithfulness, expressiveness, and
elegance".

English source: {src}
Chinese translation: {hyp}

Score:

D Implementation Details.

Automatic Evaluation. To calculate CometKiwi
and CometScore, we leverage the official codes’
and the official models®. To calculate the BLEU
score, we use the sacrebleu toolkit® to calculate the
corpus-level BLEU.

Training Details. Llama-Factory (Zheng et al.,
2024) is used to instruct-tune LLMs. All LLMs
are tuned on 8 x NVIDIA A100 GPUs (40G) with
le-5 learning rate and 8 (8 x 1) batch size. We use
the DeepSpeed ZeRO-3 optimization (Rasley et al.,
2020). Following Qin et al. (2024), we set the
number of training epochs to 3, and the training
process costs 70 GPU hours and 124 GPU hours
for 7B and 14B models, respectively.

Inference Details. When evaluating model perfor-
mance on the test set, we use VLLM toolkit (Kwon
et al., 2023) to accelerate the model generation. We

"https://github.com/Unbabel/COMET

$https://huggingface.co/Unbabel/
wmt22—-cometkiwi-daand https://huggingface.
co/Unbabel/wmt22-comet-da

‘https://github.com/mjpost/sacrebleu


https://github.com/Unbabel/COMET
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
https://huggingface.co/Unbabel/wmt22-comet-da
https://huggingface.co/Unbabel/wmt22-comet-da
https://github.com/mjpost/sacrebleu

reference-free reference-based

Model
GEA GRF CometKiwi GRB BLEU CometScore
Commercial LLMs
GPT-40 71.88 85.57 73.01 82.78 34.51 79.41
ol-preview 78.01 87.11 73.70 83.86 30.65 80.12

DRT

DRT-8B (Backbone: Llama-3.1-8B-Instructy ~ 09.65  84.49 70.85 80.80 32.67 78.81
DRT-7B (Backbone: Qwen2.5-7B-Instruct) 75.05 85.57 71.78 8238 35.54 80.19
DRT-14B (Backbone: Qwen2.5-14B-Tnstruct) 7 7.41  87.19 72.11 83.20 36.46 80.64

Table 6: Experimental results of comparing DRT with commercial LLMs. The bold and the underline denote the
best and second-best performances, respectively.

use the sampling decoding strategy with 0.1 tem-
perature, and set the repetition penalty to 1.05. For
DeepSeek-R1 series (DeepSeek-R1-Distill-Qwen-
7B, DeepSeek-R1-Distill-Llama-8B, DeepSeek-
R1-Distill-Qwen-14B and DeepSeek-R1-Distill-
Qwen-32B), we follow the instruction'? to enforce
them to avoid blank thinking. All experimental
results listed in this paper are the average of 3 runs.

E Comparison with Commercial LLMs

As shown in Table 6, DRT-14B achieves competi-
tive results with ol-preview, showing its superiority.
Additionally, we observe that ol-preview signifi-
cantly outperforms GPT-4o0 in terms of GEA. This
finding highlights the effectiveness of long thought
in machine translation. When applied to appropri-
ate translation contexts, long thought can further
enhance the authenticity of translations.

"nttps://github.com/deepseek-ai/
DeepSeek—-R1
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