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Abstract

Reasoning-oriented large language models
(RLMs) achieve strong gains on tasks such as
mathematics and coding by generating explicit
intermediate reasoning. However, their impact
on machine translation (MT) remains under-
explored. We systematically evaluate several
RLMs on the WMT24++ benchmark and find
that enabling explicit reasoning consistently de-
grades translation quality across languages and
models. Our structural analysis shows that MT
reasoning traces are highly linear, lacking re-
vision, self-correction, and exploration of al-
ternative translations, which limits their use-
fulness. Controlled reasoning-injection experi-
ments demonstrate that providing high-quality
reasoning traces from stronger models does not
reliably improve weaker models’ performance,
indicating the failure lies within the format of
MT reasoning. To address this mismatch, we
propose a structured reasoning framework tai-
lored to translation, based on multi-step im-
provements, and dynamic iterative revision
over difficult segments. Post-training a 111B
RLM on such structured reasoning traces yields
consistent gains over standard translation fine-
tuning and injected generic reasoning baselines.
Our findings demonstrate that reasoning must
be task-structured to benefit MT.

1 Introduction

Reasoning-oriented language models (RLMs), that
is, large language models (LLMs) trained to spend
more compute generating intermediate thinking
tokens before answering, have recently delivered
large performance gains on reasoning-heavy bench-
marks, with especially strong improvements in
mathematics and coding tasks (Kimi Team, 2025;
Mistral-AI, 2025; Qwen Team, 2025; NVIDIA,
2025). This paradigm is increasingly viewed as
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a general strategy for improving model reliability,
controllability, and performance via test-time com-
pute scaling, making it a central design axis for
the next generation of foundation models (Wang
et al., 2025a,c). As a result, these improvements
have sparked interest in whether explicit reasoning
can also help on other challenging generative tasks,
including machine translation (MT).

At the same time, relative to the depth of
work on math and programming evaluations, MT
has seen fewer systematic studies of RLMs and
reasoning-style prompting as a first-class design
axis (Liu et al., 2025; Li et al., 2026; Zebaze et al.,
2025), leaving open whether reasoning-based scal-
ing transfers to high-stakes generative tasks.

This work bridges the gap by investigating
whether and how reasoning capabilities contribute
to machine translation performance. We begin by
evaluating a diverse set of RLMs on the WMT24++
benchmark (Deutsch et al., 2025), comparing
RLMs performance with and without thinking to-
kens. Contrary to findings on most reasoning-
demanding tasks (Jiang et al., 2025; Sun et al.,
2024), and contrary to the common assumption
that explicit reasoning is broadly beneficial across
domains, our results show that enabling explicit
reasoning does not improve translation quality. In
fact, we observe a decline in performance when
RLMs generate reasoning traces for MT.

To better understand this behavior, we conduct
a qualitative analysis of the generated reasoning
trajectories in Section 3.1. We find that these traces
exhibit a linear structure lacking exploration of
alternative translations, self-correction, and revi-
sion. This contrasts with math and code prob-
lems, where effective reasoning involves hypothe-
sis exploration, backtracking, and verification (Mar-
janovic et al., 2026; Cuesta-Ramirez et al., 2025),
behaviors that align well with search-based prob-
lem structures but appear mismatched with the in-
cremental, constraint-driven nature of translation.
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We further examine whether reasoning traces
generated by a stronger RLM can benefit a weaker
model, enhancing the performance. More specif-
ically, in Section 3.2, we inject reasoning traces
generated by a stronger RLM (called an inject-
ing model) into another RLM (called a receiving
model), allowing the receiving model to generate fi-
nal translations conditioned on the injected reason-
ing. Surprisingly, even when the injected reason-
ing traces are of high quality and accompanied by
strong translations, we do not consistently observe
an improvement in the receiving model’s perfor-
mance. This suggests increasing test-time compute
or transferring generic reasoning traces is insuffi-
cient for improving MT, raising questions about
the universality of current reasoning paradigms.

Based on these observations, we hypothesize that
the limitation is not the absence of reasoning per
se, but a misalignment between generic reasoning
formats and the structural requirements of trans-
lation. Our observation is furthermore reinforced
by the success of Chain-of-thoughts reasoning that
improves MT quality (Wu et al., 2025b).

To test our hypothesis, in Section 4, we design a
synthetic data generation pipeline that enforces a
structured reasoning style for MT (Figure 1). Our
proposed dynamic reasoning template explicitly
incorporates iterative refinements using a multi-
turn translation setup (Briakou et al., 2024) and
a dynamic format that adapts to the difficulty of
the given translation examples, enhancing the effi-
ciency of reasoning length. We show that reason-
ing can be beneficial for MT when it is explicitly
shaped around error revision, constraint satisfac-
tion, and iterative refinement, rather than leaving it
up to the model for generic reasoning.

Looking into the reason behind the effectiveness
of the structured reasoning, in Section 6.1, and
through controlled ablation studies with varying
reasoning trace quality and target translation qual-
ity, we show that having higher quality reasoning
traces (e.g., proposed structured reasoning) leads to
performance gain on translation quality, even when
paired with weaker final outputs. However, the
quality of the final translation has a more positive
role on the overall performance.

We summarize our contributions as follows:
• We present a comprehensive evaluation and

analysis of reasoning large language models
for machine translation. Beyond benchmark-
ing, we conduct structural analysis showing
that existing reasoning formats in RLMs, with-

out revision, self-correction, or exploration,
do not benefit MT. We also demonstrate that
injecting reasoning traces in the same format
but with higher-quality translations does not
consistently improve RLM’s performance in
MT (Section 3).

• We propose a structured reasoning framework
tailored to machine translation, a designed
synthetic reasoning generation pipeline that
enforces iterative revision and self-correction.
Training on the structured reasoning traces
leads to a significant improvement in transla-
tion performance (Sections 4 and 6).

• We disentangle the roles of reasoning trace
and final translation quality through controlled
ablation studies on RLMs, showing that both
have a complementary effect. Structured rea-
soning improves the performance over linear
reasoning even when the target translation
quality is fixed, and the gain amplifies when
stronger targets are provided (Section 6.1).

Together, these findings challenge the assump-
tion that test-time scaling via longer generic reason-
ing traces will reliably improve performance across
tasks, and instead point to the need for task-specific
structural priors when generating synthetic reason-
ing data. More generally, they motivate viewing
reasoning not as a single transferable skill, but as
a family of task-dependent deliberation strategies
that must be learned in a task-aware manner.

2 Related Work

Reasoning Language Models. Prompting lan-
guage models to generate intermediate steps (com-
monly referred to as Chain-of-Thought (CoT) (Wei
et al., 2022)) has yielded significant performance
gains across complex, reasoning-demanding tasks
like mathematics (Cobbe et al., 2021; Yu et al.,
2025), logic reasoning (Sprague et al., 2025), and
programming (Min et al., 2024; Wang et al., 2025d).
In a similar direction, it has been shown that reason-
ing capabilities can also emerge through pure rein-
forcement learning (RL) training (DeepSeek Team,
2025; Mistral-AI, 2025). Beyond performance
gains, recent studies have also looked into reason-
ing trajectories, investigating their structures and
features, and validating the intermediate steps (Mar-
janovic et al., 2026; Liao et al., 2025; Liu et al.,
2024; Zhang et al., 2024).

Reasoning for MT. Several studies have ex-
plored CoT prompting for machine transla-
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Figure 1: An overview of our structured reasoning framework tailored for machine translation.

tion, reporting remarkable gains on the perfor-
mance (Nguyen and Xu, 2025; Wang et al., 2025b).
Moreover, it has been shown that multi-step transla-
tion focusing on different aspects of translations in
each step (e.g., drafting or fluency) (Briakou et al.,
2024), as well as simple iterative translation re-
finements (Wu et al., 2025a), boost the translation
quality. Designing reward modeling using MT met-
rics or human feedback in the RL-based methods
is another effective way to improve the machine
translation performance (He et al., 2024; Ramos
et al., 2024, 2025; Feng et al., 2025).

In a nutshell, we show that thinking tokens are in-
effective for MT across four reasoning model fami-
lies, a conclusion that aligns with concurrent find-
ings by Zebaze et al. (2025), whose benchmarking
covers the Qwen3 family (Qwen Team, 2025) and
DeepSeek-R1-Distill variants. Our broader eval-
uation across different reasoning families shows
that the negative result is persistent. Beyond this,
we take a further step and dig into the structural
features of reasoning traces for MT. We charac-
terize how current RLMs reason for MT (Sec-
tion 3.1), showing traces are highly linear and lack
exploration or self-correction. We also design a
reasoning-injection experiment (Section 3.2) that
demonstrates the observed failure to the format of
reasoning rather than to the quality of translations
in the traces. Building on these findings, we pro-
pose a structured reasoning framework based on
adaptive successive self-revision over difficult seg-
ments of a given input, with explicit adequacy- and
fluency-oriented steps. To show the effectiveness
of our structured reasoning framework, we post-
train a reasoning model on the generated structured
traces and observe a solid performance improve-

ment across a variety of languages. We further
analyze the trained model’s behavior through an
ablation study that disentangles the contributions
of structured reasoning traces and target translation
quality to performance.

3 Reasoning Capability Inspection

Reasoning skills have gained special attention in
recently developed large language models. It has
been shown that explicit reasoning, also known
as thinking tokens, through decomposition, self-
verification, and iterative refinement substantially
improves LLMs’ performance across complex
tasks, such as mathematical problems. However,
the extent to which the reasoning capabilities bene-
fit open-ended generation tasks like machine trans-
lation (MT) remains less explored.

To investigate the role of reasoning on
MT, we begin by evaluating four open-
and closed-weight reasoning language mod-
els, Command-A-Reasoning (Cohere Team,
2025), Claude-4-Opus (Anthropic, 2025),
DeepSeek-R1 (DeepSeek Team, 2025), and
Gemini-2.5-Flash (Gemini Team, 2025). We
evaluate these models on nine language pairs from
the WMT24++ benchmark and compare the quality
of generated translation with and without reasoning
using the XCOMET-XL metric (Guerreiro et al.,
2024), a state-of-the-art metric for automatic
evaluation (Freitag et al., 2024) and the original
recommended WMT24++ prompt. Additional
experimental details are provided in Appendix A.

Table 1 summarizes the results. At a high-
level glance and looking into the average perfor-
mance, we observe that all the reasoning mod-
els consistently have a significantly higher per-
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Model en-ar en-cs en-fa en-fr en-hi en-ja en-ko en-ru en-zh Avg.
Command-A-Reasoning (w) 70.4 83.0 78.6 82.5 59.8 80.6 81.4 82.0 77.2 77.3
Command-A-Reasoning (w/o) 72.6 83.5 81.2 83.0 60.4 80.7 81.7 82.6 78.6 78.3

Claude-4-Opus (w) 74.9 84.9 81.5 83.2 64.4 83.9 83.5 84.2 80.7 80.1
Claude-4-Opus (w/o) 75.1 85.2 81.0 83.4 64.6 84.0 83.8 85.1 81.6 80.4

DeepSeek-R1 (w) 69.5 82.5 76.8 82.0 61.0 74.8 74.2 83.0 70.4 74.9
DeepSeek-R1 (w/o) 73.0 83.7 79.2 82.7 63.1 81.3 81.8 83.8 79.3 78.7

Gemini-2.5-Flash (w) 71.2 83.9 79.9 82.5 63.6 81.9 81.3 83.4 79.4 78.6
Gemini-2.5-Flash (w/o) 74.0 85.5 81.2 83.8 63.8 82.7 83.6 84.5 80.1 79.9

Table 1: Performance evaluation of reasoning language models on the WMT24++ benchmark using the XCOMET-
XL score. We observe that having reasoning traces hurts the translation quality across almost all languages and
models.

Model Avg. # Reasoning Paths Std.

Command-A-Reasoning 1.56 0.23
Claude-4-Opus 0.01 <0.01
DeepSeek-R1 0.11 0.16
Gemini-2.5-Flash 0.01 <0.01

Table 2: Average number of reasoning paths in a gen-
erated reasoning trace per model, aggregated over the
selected WMT24++ language pairs. Std. is computed
across language pairs (i.e., the spread of per-pair means),
not across individual traces. Values are rounded to two
decimals; < 0.01 denotes a non-zero value below the
rounding threshold. All the RLMs show a high degree
of linearity in their reasoning process.

formance without reasoning. The pattern holds
for all the language pairs as well, except for
Farsi in Claude-4-Opus where we see that reason-
ing improves the translation quality. Our find-
ings show that while it has been widely reported
in previous studies that reasoning abilities help
LLMs to improve their performance on a variety of
tasks (Huang et al., 2025; Son et al., 2026), it has
an opposite effect on the translation performance.

To further investigate the characteristics of rea-
soning traces in MT, we conduct a series of qual-
itative and quantitative analyses, focusing on the
open-weights models, in the following sections.

3.1 Structural Analysis

To better understand why having reasoning traces
fails to improve MT performance, we analyze the
structure of reasoning traces for the translation task.
Appendix B shows an example of a generated rea-
soning trajectory by DeepSeek-R1.

Looking into the generated reasoning traces, we
notice that, unlike other reasoning-demanding tasks
(like math problems), where the RLM explores
multiple scenarios, evaluates intermediate steps,

and can backtrack (An et al., 2025), MT reasoning
style exhibits a linear structure. The RLMs split the
source text into segments, translate each segment
in isolation without considering possible alterna-
tive translations, and proceed sequentially without
revisiting earlier translations.

To put this in a numerical perspective, we calcu-
late the number of distinct reasoning paths (i.e., ex-
ploring different possible translations) that an RLM
explores in its generated reasoning traces for MT.
Following previous studies (An et al., 2025; Cuesta-
Ramirez et al., 2025), we use linguistic cues, Wait
and Alternatively as a signal for a reasoning path
and count their occurrences. It is worth mention-
ing that since we evaluate on En-X direction, the
models always reason in English.

We report the average number of different rea-
soning paths within the whole reasoning trace in
Table 2. The numerical results confirm our qual-
itative observation that MT reasoning traces are
highly linear, lacking exploration or self-correction
in the reasoning process. Among the selected mod-
els, Command-A-Reasoning has the highest num-
ber of reasoning paths in the reasoning traces on
average, meaning that the model explores alterna-
tive translations for an average of 1.56 segments in
the given text. It is worth mentioning that a given
text could have multiple segments.

3.2 Reasoning Injection

In our primary experiment, we have shown that
reasoning does not improve performance on the
machine translation task for RLMs, and this pat-
tern is consistent across all the models. However,
the absolute translation performance varies across
models, with Claude-4-Opus achieving the highest
overall performance. In this part, we investigate
whether a higher-quality reasoning trace generated
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Figure 2: The performance of RLMs when their reason-
ing traces are generated and injected from other models.
The dash-line represents the baseline performance of
the receiving RLM with thinking tokens. The injecting
RLMs are presented at the top. The strength of the in-
jecting model used to generate reasoning traces does not
correlate with final translation quality.

by a stronger model on MT provides other models
with a hint to improve their performance.

We conduct a controlled reasoning injection
experiment. For each example, we generate a
reasoning trace using an injecting model (e.g.,
Claude-4-Opus), insert it into a receiving model
(e.g., Command-A-Reasoning), and let the receiv-
ing model generate the final translation using the
provided reasoning trace. To have control over
the reasoning traces between thinking tokens, we
limit ourselves to the open-weights models, namely
Command-A-Reasoning and DeepSeek-R1, as the
receiving models, while using all four models as
injecting ones to generate traces.

First, in Figure 2, we do not observe a notable
performance drop in the receiving models, indi-
cating that RLMs are not biased toward their own
reasoning style for machine translation. Secondly,
although reasoning traces from stronger injecting
models, such as Claude-4-Opus, lead to perfor-
mance improvement of DeepSeek-R1, this pattern
does not hold for Command-A-Reasoning, mean-
ing that reasoning traces generated by stronger
models do not consistently yield higher translation
quality across receiving models.

In summary, we find the reasoning styles for
machine translation differ from other reasoning-
demanding tasks. In their current format, trans-
lation reasoning trajectories follow a linear pro-

cess and rarely include translation revision or ex-
ploration of possible translation options, and even
higher-quality reasoning traces from stronger mod-
els cannot benefit other RLMs to enhance their
translation, suggesting the ineffectiveness of the
existing reasoning format in the MT task.

Building on our findings and inspired by previ-
ous studies on the effectiveness of step-wise trans-
lation methods, in the next section, we propose
a framework for creating dynamic, step-by-step
reasoning traces for machine translation.

4 Structured Reasoning Trace for MT

We design a synthetic data generation pipeline to
train reasoning skills beneficial for machine trans-
lation in reasoning language models. Building on
our findings in the previous section showing that
the state-of-the-art reasoning language models do
not generate useful reasoning traces for machine
translation and the success of chain-of-thoughts
techniques used in MT (Nguyen and Xu, 2025; Wu
et al., 2025b; Briakou et al., 2024), we aim to cre-
ate structured reasoning traces, teaching the model
how to do step-by-step reasoning, and improve
translation through successive refinements. In the
following subsections, we describe our data gen-
eration process, quality check of reasoning traces,
and the construction of reasoning templates.

4.1 Multi-turn Translation Annotation

We begin with a high-quality monolingual cor-
pus of documents spanning 23 languages. All the
documents pass quality control and difficulty sam-
pling (Proietti et al., 2025; Kocmi et al., 2025). Fol-
lowing Briakou et al. (2024), for each source docu-
ment, we generate a sequence of four translation re-
finements using an offline, step-wise procedure em-
ploying the Command-A-Translate (Kocmi et al.,
2025). Each step focuses on a distinct and impor-
tant aspect of translation.

1. Initial Draft: Command-A-Translate is
prompted to generate an initial draft intended
to be rough and as a foundation for the next
steps of translation.

2. Adequacy Enhancement: Given the draft
translation, the model is asked to revise the
translation with an explicit emphasis on se-
mantic accuracy.

3. Fluency Refinement: In this step, the LLM
improves the readability and fluency of the
adequate translation in the target language.
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Dynamic Structured Reasoning Template

Step 1 — Initial Draft
Let me start by producing an initial,
faithful translation of the source text into
{target_language}, which will serve as the
foundation for later refinements.
{initial_draft}

Step 2 — Adequacy
In this step, I focus on adequacy,
ensuring that the full meaning of the
challenging sentences is conveyed accurately
and completely in {target_language}.
{challenging_sentences_adequacy}

Step 3 — Fluency
At this stage, I refine the challenging
sentences, ensuring they read smoothly
and naturally in {target_language}, as if
originally written in it.
{challenging_sentences_fluency}

Step 4 — Final Translation
Finally, I bring together all the work from
the previous steps, addressing any remaining
issues or translation errors to produce a
polished final version in {target_language}.

Figure 3: An example of the dynamic template used
to generate structured reasoning traces. Curly-braced
fields denote placeholders. Steps 2 and 3 are applied
only to selected challenging sentences; all other seg-
ments are discarded from the initial draft.

4. Final Translation: In this final stage,
Command-A-Translate considers all the pre-
vious translations, resolving remaining errors,
and generates its best possible translation.

We consider this four-step trajectory as a structured
approximation of a useful reasoning process for
translation. In this step, we discard samples whose
translated documents are not line-aligned with the
source documents, a requirement for the follow up
quality estimation, resulting in 320k high-quality
samples. Detailed prompts used for each step of
translations are presented in Appendix C.

4.2 Quality-based Data Selection

Having the multi-turn translations for 320k exam-
ples, we notice only a small subset shows mean-
ingful improvements across the refinement steps.
We quantify the improvement for each intermedi-
ate translation using the Quality Estimation (QE)
version of MetricX (Juraska et al., 2024). Since
MetricX has a limited context window, we evalu-
ate all lines in isolation, averaging them into the
document-level score.

We observe that less than 10% of examples show
substantial quality gains (e.g., more than 0.5 Met-
ricX improvement, technically meaning half a mi-
nor error in the MQM terminology (Lommel et al.,
2013)) across different steps. This is expected

as SOTA MT systems like Command-A-Translate
have remarkably high performance and often trans-
late well in a single pass, meaning most of the
translation examples are not challenging for them.
Therefore, we calculate the MetricX for each seg-
ment of a given document and consider the average
MetricX score as the whole document score. As
stated before, we keep only examples where the
improvement between the initial draft and the final
translation is at least 0.5 MetricX score. We find
the filtering step critical for improving RLMs per-
formance. This filtering yields a collection of 28k
high-quality samples, each demonstrating a non-
trivial translation. A breakdown of language-pair
distribution for this subset is provided in Figure 4.

4.3 Constructing Reasoning Traces
Having instances where step-by-step translation
is beneficial, we next convert the multi-step out-
puts into reasoning traces. We hypothesize that
training the model with a step-by-step style of rea-
soning helps it use this structure for reasoning in
the machine translation task. We later verify our
hypothesis through empirical experiments.

Static Template The first way to create the rea-
soning trajectories is to chain the four transla-
tions into a single trace. We treat a set of human-
generated sentences as connectives to connect four
translations. To diversify the reasoning structure,
for each step translation, we randomly insert one
of the predefined sentences into the reasoning trace
reflecting a natural thinking flow in the model.
An illustration of this template is provided in Ap-
pendix D. A concern raised by this template is that
the trace length scales with document size, which
may introduce inefficiencies for long inputs.

Dynamic Template As mentioned above, hav-
ing all four steps for the whole document is not
efficient, as not all the segments of a document
need translation through iterative reasoning. To
enhance the efficiency of the reasoning traces, we
develop a dynamic template that, after the initial
draft, includes reasoning only for challenging seg-
ments. We consider sentences challenging that the
translation quality between the initial drafting step
and the adequacy or fluency stage improves by at
least 1 MetricX point. More specifically, in this
template, we include the initial draft translation of
the entire document. Then, we drop the translation
of segments without meaningful improvement in
the fluency and adequacy steps from the reasoning
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trace. We also discard the final translation from the
trace to reduce repetition. Figure 3 shows an exam-
ple of the dynamic template strategy. More details
on dynamic templates are presented in Appendix E.

4.4 Final Training Examples
Each training sample in our dataset consists of the
triple (source text, reasoning trace, target text) in
which reasoning traces are constructed using the
explained dynamic template, and the target text
is adopted as the Command-A-Translate final-step
translation. The resulting 28k data provides ex-
plicit, structured reasoning for translation, which
we use to train reasoning models to carry out step-
by-step reasoning and improve their reasoning ca-
pability for machine translation.

5 Experimental Setups

As a post-training stage, we do supervised
fine-tuning (SFT) on the Command-A-Reasoning
model with 111B parameters using our curated
28k translation-reasoning examples. We pick this
model as it is among the strongest open-weights
reasoning models. All the experiments are con-
ducted with a maximum sequence length of 32768
tokens, and we evaluate the impact of different data
selection strategies by training models on subsets
of 1k, 10k, and the full 28k dataset. More details
are presented in Appendix A.

5.1 Baselines
We compare our approach to following baselines:

Direct Translation To disentangle the effect of
additional MT supervision from explicit reasoning,
we finetune the same base model using only direct
translations without reasoning traces. This setup
is a strong baseline, as it benefits from the same
high-quality Command-A-Translate target transla-
tions. We employ a set of ten templates within the
thinking tokens, instructing the model to skip step-
by-step reasoning. More details in Appendix F.

Injected Reasoning Traces As a contrastive ab-
lation, we train the same base model on reason-
ing traces generated for the same 28k examples
using Command-A-Reasoning and DeepSeek-R1.
Note that only the reasoning traces are generated
from these models, and the target text translation
is kept from the Command-A-Translate as in the
other experiments. This allows us to assess the role
of structured reasoning traces compared to linear
reasoning trajectories.

6 Results

We evaluate all models on the WMT24++ bench-
mark (Deutsch et al., 2025), focusing on nine di-
verse language pairs. Translation quality is eval-
uated using the XCOMET-XL metric (Guerreiro
et al., 2024). For all evaluations, we set the de-
coding temperature to 0 to minimize variance and
maximize reproducibility.

Table 3 summarizes the results. In the first block
of the table, we compare the performance of our
structured reasoning approach against both the base
model and the direct translation finetuning setup.
Direct Translation is a strong baseline as we en-
sure the performance improvement is not solely
due to additional high-quality training data. Across
all language pairs, structured reasoning shows sub-
stantial performance improvements over these base-
lines, indicating that the structured dynamic tem-
plate is effective in developing a reasoning process
that meaningfully supports translation quality. It
is worth mentioning that 0.5 XCOMET-XL score
improvement is considered noticeable by humans
as +1 BLEU improvement (Kocmi et al., 2024).

The middle part of the table compares our syn-
thetic reasoning traces with the models trained
on the trajectories generated by DeepSeek-R1 and
Command-A-Reasoning. Comparing these mod-
els against the direct translation baseline, we see
that the injected reasoning does not offer additional
benefits. This finding is consistent with our earlier
analysis in Section 3, where we show that the exist-
ing reasoning capabilities of reasoning models are
not beneficial for the machine translation task.

In the bottom of Table 3, we conduct an ablation
on the size of the training data. We see a monotoni-
cally increasing trend in the performance as we use
more data for training, aligning with Li et al. (2025)
observations on the positive effect of training size.

6.1 Reasoning vs. Translation Quality

To further examine the relative contribution of rea-
soning trace quality and target translation quality,
we design a controlled ablation study using our 28k
samples. As we mentioned earlier, each training
example includes a triple of (source text, reasoning
trace, target text). Therefore, the quality of both
the reasoning trace and the target text affects the
model performance.

In this analysis, we vary these two fac-
tors independently. We consider three sources
of reasoning traces: reasoning traces gener-
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Setup en-ar en-cs en-fa en-fr en-hi en-ja en-ko en-ru en-zh Avg.
Baselines

Base model 70.4 83.0 78.6 82.5 59.8 80.6 81.4 82.0 77.2 77.3
Direct Translation 76.7 86.3 82.7 85.7 66.2 83.7 84.5 85.5 81.9 81.5

Structured Reasoning ours 77.8 87.1 83.6 86.4 66.3 83.8 84.7 86.2 82.1 82.0

Injected Reasoning
Command-A-Reasoning 76.9 86.7 82.9 85.7 66.1 83.4 84.5 85.8 82.3 81.6
DeepSeek-R1 76.5 86.5 83.1 85.7 66.1 83.7 84.5 85.6 82.3 81.6

Structured Reasoning
1k Samples 74.3 80.2 81.0 83.5 60.9 80.0 80.6 83.8 79.4 78.2
10k Samples 77.6 86.7 83.4 85.9 65.9 83.6 84.7 86.1 81.8 81.7

Table 3: The evaluation of reasoning-based translation systems. At the top, we have the Command-A-Reasoning
as the backbone model and Direct Translations, where the base model is trained on MT without reasoning. The
structured reasoning is the base model trained on our proposed structured reasoning. Injected Reasoning represents
a comparison between the performance of the base model trained on injected reasoning from different reasoning
models. At the bottom, a comparison between different training sizes of structured reasoning.

Setup en-ar en-cs en-fa en-fr en-hi en-ja en-ko en-ru en-zh Avg.
R-Src: Command-A-Reasoning

Command-A-Reasoning 73.4 83.4 79.5 83.4 60.3 80.4 81.0 82.6 78.6 78.1
Command-A-Translate 76.9 86.7 82.9 85.7 66.1 83.4 84.5 85.8 82.3 81.6

R-Src: DeepSeek-R1
DeepSeek-R1 72.0 82.3 77.9 81.9 59.9 80.2 81.0 81.9 76.9 77.1
Command-A-Translate 76.5 86.5 83.1 85.7 66.1 83.7 84.5 85.6 82.3 81.6

R-Src: Structured reasoning
DeepSeek-R1 74.3 84.0 80.4 83.1 62.2 82.1 82.6 83.3 76.4 78.7
Command-A-Reasoning 74.4 84.3 81.0 83.4 61.6 81.9 82.4 83.3 80.0 79.1

Table 4: Comparing the role of reasoning and final translation quality on the performance. R-Src represents the
injecting model of reasoning traces. Each row represents the model that generated the final translations. Both the
quality of reasoning traces and final translations contribute positively to performance across languages, indicating
that reasoning traces from stronger models improve performance and that higher-quality final translations in the
training data lead to better performance.

ated by Command-A-Reasoning, DeepSeek-R1,
and our proposed structured reasoning. Sep-
arately, we consider three sources of tar-
get translations: translations generated by
Command-A-Reasoning, DeepSeek-R1, and the
stronger model Command-A-Translate. By pairing
each reasoning trace source with each target trans-
lation source, we build multiple training datasets in
which the reasoning traces and target translations
may originate from different models. We then run
SFT on the same base model using each dataset
and evaluate the resulting model’s performance.

The results are reported in Table 4. Each
block is dedicated to a reasoning trace source,
and each row within a block presents the target
translation source model. Focusing on the top
two blocks, we observe that for a fixed reason-
ing source, using target translations generated by
the stronger model (i.e., Command-A-Translate)
leads to higher performance than using target trans-
lations from the other models. Interestingly, for

the Command-A-Translate’s target translation set,
we do not observe meaningful performance dif-
ferences between reasoning traces generated by
Command-A-Reasoning and DeepSeek-R1.

In the bottom block of Table 4, we evaluate
structured reasoning paired with target transla-
tions from Command-A-Reasoning. This con-
figuration yields higher performance than using
DeepSeek-R1 translations. However, the gains re-
main notably smaller than those obtained when
using Command-A-Translate as the target transla-
tion (Table 3). Interestingly, when target quality
is fixed, structured reasoning improves over linear
reasoning by about 1.3 XCOMET-XL on average,
disentangling the contribution of reasoning format
from translation quality.

Overall, these results indicate that reasoning for-
mat and target translation quality contribute com-
plementarily to downstream performance. Struc-
tured reasoning consistently improves performance,
and the gain amplifies when accompanied by strong
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target translations. This suggests that effective
reasoning-based MT requires both task-structured
traces and high-quality target translations.

7 Conclusions

In this paper, we conduct an in-depth study on the
role of reasoning capabilities of reasoning language
models in machine translation. Despite the substan-
tial benefits that reasoning has provided for most
reasoning-intensive tasks, our experiments show
that current reasoning degrades translation qual-
ity across RLMs and languages. Through detailed
analyses, we notice that the structure of current rea-
soning traces is highly linear, lacking key features
such as revision, self-correction, and exploration of
possible alternatives. Building on our findings, we
propose a structured reasoning framework specifi-
cally designed for MT that dynamically adapts the
length of reasoning to the difficulty of translation.
We show that post-training an RLM on a small set
of structured reasoning substantially improves the
translation performance. Finally, we disentangle
the contributions of reasoning trace quality and
target translation quality through controlled abla-
tions. We find that the two factors complement
each other. Structured reasoning provides consis-
tent gains, while higher-quality target translations
amplify the gains further.

Impact Statement

In this work, we present in-depth analyses on the
reasoning capabilities of RLMs for MT. We pro-
pose a structured reasoning generation pipeline to
enhance translation performance in RLMs. We
do not foresee any significant negative societal im-
pacts directly resulting from this work.

Limitations

In this work, we use WMT24++ as our primary
evaluation benchmark, focusing on 9 language
pairs. While we have tried to select a diverse set
of language pairs, adding more could strengthen
our conclusions and findings. Moreover, we solely
employ automatic metrics for evaluation and to in-
vestigate the role of reasoning on the translation
quality. While costly, incorporating human evalua-
tion could provide additional support for our find-
ings.
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A Experimental Setups

In this paper, we consider nine language pairs to study the reasoning capabilities of RLMs using WMT24++
benchmark, including Arabic (ar), Czech (cs), Farsi (fa), French (fr), Hindi (hi), Japanese (ja), Korean
(ko), Russian (ru), and Chinese (zh). In selecting language pairs, we made sure to cover a diverse set of
languages. The Models trained on 28k samples are finetuned for 4 epochs. Models trained on 1k and 10k
subsets are trained for 8 and 6 epochs, respectively. We use a peak learning rate of 1× 10−5, decayed to
1× 10−6, with additive weight decay of 0.1. All the SFT runs are done on 64 first class GPUs. We set the
temperature to 0 to enhance the reproducibility of our results.

A.1 Evaluation prompt
We employ the originally suggested WMT24++ evaluation prompt with a slight adjustment (Deutsch
et al., 2025), presented in the following box.

WMT24++ Evaluation Prompt

You are a professional src_lang to tgt_lang translator, tasked with providing translations suitable
for use in tgt_region (tgt_code). Your goal is to accurately convey the meaning and nuances of the
original src_lang text while adhering to tgt_lang grammar, vocabulary, and cultural sensitivities.
Produce only the tgt_lang translation, without any additional explanations or commentary. Please
translate the following src_lang text into tgt_lang (tgt_code):

A.2 Training data distribution
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Figure 4: The distribution of language pairs in 28k structured reasoning traces as the training data. Most language
pairs have a very low frequency. We put them in the Other category for presentation.
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B A Reasoning Example

A generated reasoning trace and final translation for the given en-fr example by DeepSeek-R1.

Source Text (Input)
While the Louisiana Republican can avoid confronting the issue for now, on January 19 the country
will face its deadline to pass four of 12 annual spending bills. Johnson has publicly stated that he
would not support a "continuing resolution" (CR) to extend the deadline on these four bills to the
February 2 due date for the remaining eight.

Reasoning
Hmm, the user wants me to translate an English political text about US budget deadlines into French.
They’ve specified I should act as a professional translator focusing on French (France) conventions
without any explanations.
This text discusses Louisiana Republican Mike Johnson’s position on government spending bills. The
key elements are: temporary avoidance of an issue, January 19 deadline for four bills, Johnson’s
rejection of a "continuing resolution" (CR), and the February 2 deadline for eight other bills.
For the translation, I need to consider several aspects. "Louisiana Republican" should become "le
républicain de Louisiane" to maintain political context. "Confronting the issue" translates best to
"confronter ce problème" in French political discourse. The term "continuing resolution" requires
keeping the English abbreviation "CR" with French explanation in parentheses - "une ’continuing
resolution’ (CR)" - as this is standard practice for technical terms.
The dates need European formatting: "19 janvier" and "2 février". For "publicly stated", "a publique-
ment déclaré" sounds more natural than literal translations. The structure about extending deadlines
to February 2 requires careful handling - "reporter l’échéance au 2 février" flows better than word-for-
word translation.
I should ensure all verbs agree properly in tense and that the sentence structure maintains the original’s
urgency while sounding natural in French. The final translation needs to be polished and ready for
professional use without any translator’s notes.

Generated Translation (Final output)
Si le républicain de Louisiane peut éviter de confronter ce problème pour l’instant, le pays devra
faire face, le 19 janvier, à l’échéance pour l’adoption de quatre des douze projets de loi de dépenses
annuelles. Johnson a publiquement déclaré qu’il ne soutiendrait pas une "continuing resolution" (CR)
pour reporter l’échéance de ces quatre textes au 2 février, date limite pour les huit autres.
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C Translation Prompts

We use the following prompts to generate translations at each step of our 4-step template using
Command-A-Translate.

Step-wise Translation Prompt Templates

Draft (Initial Translation)
Your goal is to translate a piece of text into {target_language} that accurately conveys the
meaning and structure of the source text. Your translation should closely reflect the original
content without omitting or adding information. If certain contextual details are missing, aim
for a general translation that remains flexible across different contexts, and do not include any
explanations or commentary. Keep the same number of lines as in the source text.
Provide your best single translation of the original text enclosed in triple backticks:

```{source_text}```

Refinement (Adequacy-Focused Translation)
Now, produce a new translation into {target_language} that focuses primarily on the adequacy of
translation.

Refinement (Fluency-Focused Translation)
Now, produce a new translation into {target_language} that focuses primarily on the fluency of
translation, ensuring it reads as if it were originally written in {target_language}. Provide
only one refined translation enclosed in triple backticks and do not output anything else after that.

Proofreading (Final Translation)
You are tasked with proofreading and final editing of a translation. You will be provided
with three different translations: first draft, translation focused on adequacy, and translation
focused on fluency. Your goal is to provide a polished final translation of the source text into
{target_language}. Keep the same number of lines as in the source text.
For your reference, below are the source text, the draft translation, and refined translations,
each enclosed in triple backticks:

Source ({source_language}):
```{source_text}```

Draft translation:
```{preprocess_analysis}```

Refined translation (adequacy):
```{draft_translation}```

Refined translation (fluency):
```{refined_translation}```

Proofread the refined text for grammar, spelling, punctuation, terminology, and overall fluency.
Ensure the translation accurately reflects the original meaning, intent, style, and structure,
while sounding fully natural and idiomatic in {target_language}. Provide only the final polished
translation enclosed in triple backticks and nothing else.
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D Static Template

Here we bring an example of the static template. At each step, all the document translation is presented,
making the reasoning trace lengthy and inefficient.

Static Reasoning Template

Step 1 — Initial Draft
Let me start by producing an initial, faithful translation of the source text into {target_language},
which will serve as the foundation for later refinements.
{initial_draft}

Step 2 — Adequacy
In this step, I focus on adequacy, ensuring that the full meaning of the challenging sentences is
conveyed accurately and completely in {target_language}.
{adequacy_focused_translation}

Step 3 — Fluency
At this stage, I refine the challenging sentences, ensuring they read smoothly and naturally in
{target_language}, as if originally written in it.
{fluency_focused_translation}

Step 4 — Final Translation
Finally, I bring together all the work from the previous steps, addressing any remaining issues or
translation errors to produce a polished final version in {target_language}.
{final_translation}
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E Structured Reasoning Templates

To make a diverse training set and avoid overfitting on the predefined sentences in the structured reasoning
template, we consider a diverse set of transitional sentences for each step. We randomly pick a sentence
for each step to generate a reasoning trace. Below, you find the set of sentences we considered.

Transitional Sentences for Structured Reasoning

Initial Draft

• Let me start by producing an initial, faithful translation of the source text into
{target_language}, which will serve as the foundation for later refinements.

• To begin, I’ll create an initial, precise translation of the given text into {target_language},
laying the groundwork for further adjustments.

• I’ll translate the source text faithfully into {target_language} to form the base for
refinement.

• For the first step, I’ll produce a faithful initial translation into {target_language}.

• Let’s begin with an accurate initial translation of the source into {target_language}, which
I’ll refine in later steps if needed.

Adequacy Refinement

• In this step, I focus on adequacy, ensuring that the full meaning of the challenging sentences
is conveyed accurately and completely in {target_language}.

• My attention here is on adequacy, making sure the difficult sentences preserve every nuance
and idea from the source in {target_language}.

• This step centers on adequacy, confirming that each complex sentence accurately communicates
the original message in {target_language}.

• Adequacy guides my work in this step. I translate the challenging sentences so their sense
remains complete and precise in {target_language}.

Fluency Refinement

• At this stage, I refine the challenging sentences, ensuring they read smoothly and naturally
in {target_language}, as if originally written in it.

• This step focuses on improving fluency, making the difficult sentences sound idiomatic in
{target_language}.

• I rework the challenging parts to produce fluent, native-like versions in {target_language}.

• I dedicate this step to refining the harder sentences, aiming for smooth and natural expression
in {target_language}.

Final Translation

• Finally, I bring together all the work from the previous steps, addressing any remaining
issues to produce a polished final version in {target_language}.

• I conclude by integrating all prior revisions and delivering a coherent, high-quality
translation in {target_language}.

• This step pulls together all prior improvements, correcting residual errors and finalizing
the translation in {target_language}.
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F Direct Translation Baseline

Here we present the templates we use for direct translation baseline. In this setup, we have discarded the
reasoning traces, and one of the randomly picked following sentences is put within the thinking tokens.

Direct Translation Templates (No Reasoning)

• The user is asking for a translation from {source_language} into {target_language}. Analyzing
the source text, I noticed that it is not particularly challenging to translate. Therefore,
I will skip the reasoning steps and proceed directly with the translation.

• This looks like an easy translation request. I’ll skip step-by-step reasoning and directly
translate it into {target_language}.

• Translate this from {source_language} to {target_language}. Since the text doesn’t appear
complex, I’ll skip detailed reasoning and translate it directly.

• A translation from {source_language} to {target_language} is requested. The source seems easy,
so I’ll provide a direct translation right away.

• Let’s translate this into {target_language}. The text isn’t difficult, so I’ll proceed without
intermediate reasoning.

• I understand the task: translate the given text to {target_language}. It’s straightforward,
so I’ll skip the reasoning process.

• This is a straightforward translation query. I’ll respond with a direct translation into
{target_language}, without a stepwise explanation.

• The user needs a translation from {source_language} into {target_language}. I’ll create the
final translation directly, as the text poses no challenge.

• I’ll translate this from {source_language} into {target_language}. Because the content is
easy, I won’t follow a step-by-step translation process.

• The task is to translate from {source_language} to {target_language}. The text looks simple
enough, so I’ll go straight to the translation.
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