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Abstract
Recent advances in Large Reasoning Models (LRMs), particularly those leveraging Chain-of-Thought reasoning (CoT),
have opened brand new possibilities for Machine Translation (MT). This position paper argues that LRMs
substantially transform traditional neural MT as well as LLMs-based MT paradigms by reframing translation
as a dynamic reasoning task that requires contextual, cultural, and linguistic understanding and reasoning.
We identify three foundational shifts: 1) contextual coherence, where LRMs resolve ambiguities and preserve
discourse structure through explicit reasoning over cross-sentence and complex context or even lack of context;
2) cultural intentionality, enabling models to adapt outputs by inferring speaker intent, audience expectations, and
socio-linguistic norms; 3) self-reflection, LRMs can perform self-reflection during inference to correct the potential
translation errors, particularly in extremely noisy cases, showing better robustness compared to simply mapping X->Y
translation. We explore various scenarios in translation including stylized translation, document-level translation and
multimodal translation by showcasing empirical examples that demonstrate the superiority of LRMs in translation. We
also identify several interesting phenomena for LRMs for MT including auto-pivot translation as well as the critical
challenges such as over-localisation in translation and inference efficiency. In conclusion, we argue that LRMs
redefine translation systems not merely as text converters but as multilingual cognitive agents capable of reasoning
about meaning beyond the text. This paradigm shift reminds us to think of problems in translation beyond traditional
translation scenarios in a much broader context with LRMs - what we can achieve on top of it.
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1. Introduction

As a fundamental component of Natural Language
Processing (NLP), Machine Translation (MT) en-
ables cross-linguistic communication by automati-
cally converting text between different languages
(Tsujii, 1986; Sato and Nagao, 1990). As glob-
alization accelerates, the demand for accurate
and efficient translation systems has grown ex-
ponentially, making MT a cornerstone of modern
NLP research and applications. The introduction
of Neural Machine Translation (NMT) marked a
significant leap forward in the field. By leverag-
ing deep learning techniques, NMT systems have
demonstrated the ability to capture complex linguis-
tic patterns and contextual dependencies, signif-
icantly improving translation quality compared to
earlier approaches (Vaswani et al., 2017; Castilho
et al., 2017; Stahlberg, 2020; Kocmi et al., 2022).
However, despite these advancements, NMT sys-
tems still face challenges such as translating id-
iomatic expressions, handling low-resource lan-
guages, and maintaining coherence across long
documents (Koehn and Knowles, 2017; Wang,
2019; Yang et al., 2020; Haddow et al., 2022).
These limitations highlight the need for more ro-
bust and adaptive translation systems.
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The emergence of Large Language Mod-
els (LLMs), such as GPT-3, GPT-4, LLaMA, Qwen,
and many others (Brown et al., 2020; Chen et al.,
2021; Ouyang et al., 2022; Wei et al., 2022a; Hadi
et al., 2023; Touvron et al., 2023; Qwen et al., 2025),
has further revolutionized MT. Unlike traditional
NMT systems that rely on extensive parallel cor-
pora, LLMs excel in zero-shot and few-shot transla-
tion scenarios, often achieving performance com-
parable to supervised systems (Jiao et al., 2023;
Robinson et al., 2023; Moslem et al., 2023; Pang
et al., 2024; Lyu et al., 2024; Zhang et al., 2025).
Beyond their translation capabilities, LLMs have
demonstrated remarkable versatility in tasks such
as style transfer, summarization, and question an-
swering (Bang et al., 2023; Laskar et al., 2023;
Li et al., 2023a), opening new avenues for MT re-
search (He et al., 2023, 2024). However, LLMs also
introduce challenges, such as privacy concerns
and the need for interpretability in their decision-
making processes (Klymenko et al., 2022; Feyise-
tan et al., 2022; Li et al., 2023b).

Building on the success of LLMs, the develop-
ment of Large Reasoning Models (LRMs) (Jaech
et al., 2024; Zhao et al., 2024; Team, 2024b;
DeepSeek-AI, 2025)represents the next evolution
in MT. LRMs integrate reasoning capabilities, such
as Chain-of-Thought (CoT) reasoning (Wei et al.,
2022b), enabling them to tackle translation as a
dynamic reasoning task. This approach allows
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Figure 1: Promising directions for MT using LRMs (e.g., DeepSeek-R1), including some foundational and
classical MT scenarios such as stylized translation, new challenges with LRMs like self-reflection, and
some new challenges for LRMs.

LRMs to address challenges like contextual co-
herence, cultural intentionality, and compositional
generalization, making them more robust and inter-
pretable than traditional LLMs (Wang et al., 2024a;
Chen et al., 2025). For example, LRMs exhibit
self-reflection capabilities, allowing them to correct
errors during inference, particularly in noisy or am-
biguous cases.

In this position paper, we explore the transforma-
tive potential of LRMs in redefining MT systems. By
leveraging CoT reasoning, LRMs reframe transla-
tion as a dynamic reasoning task that goes beyond
traditional text-to-text mapping, requiring deep con-
textual, cultural, and linguistic understanding. We
identify three foundational shifts brought by LRMs:
1) contextual coherence, where LRMs resolve am-
biguities and preserve discourse structure through
explicit reasoning over cross-sentence and com-
plex contexts, even in cases of limited or noisy input;
2) cultural intentionality, enabling models to adapt
translations by inferring speaker intent, audience
expectations, and socio-linguistic norms; and 3)
self-reflection, where LRMs are able to iteratively re-
fine translations during inference, correcting errors
and demonstrating superior robustness in challeng-
ing scenarios. These capabilities position LRMs
as a significant advancement over both traditional
neural MT and LLM-based approaches.

We investigate various translation scenarios to
demonstrate the superiority of LRMs, including styl-
ized translation (Wang et al., 2022; Sennrich et al.,
2016), document-level translation (Wang et al.,
2024b), and multi-modal translation (Sulubacak
et al., 2020). Through empirical case examples, we
showcase how LRMs demonstrate impressive ca-

pability in tasks such as preserving stylistic features,
maintaining consistency across long documents,
and integrating visual context for multi-modal in-
puts. Additionally, we identify various interesting
phenomena in LRMs for translation, such as auto-
pivot translation, where LRMs automatically use En-
glish/Chinese as the pivotal language to bridge the
translation between two other languages without
explicit instructions, and over-localization, a chal-
lenge where models may over-adapt translations
to local norms at the expense of global coherence.
We also discuss critical challenges, such as infer-
ence efficiency (Xia et al., 2025), which remains
a key problem for optimization as LRMs scale to
more complex tasks.

This position paper argues that LRMs rede-
fine MT systems not merely as text converters
but as multilingual cognitive agents capable of
reasoning about meaning beyond the text. By
enabling translation systems to reason dynamically
about context, culture, and intent, LRMs open up
new possibilities for translation with their superior
reasoning capability. We conclude by highlighting
opportunities and challenges for future research,
including the need to address over-localization, im-
prove inference efficiency, and explore the broader
implications of LRMs in rethinking translation as a
reasoning-driven task. This paradigm shift invites
us to envision translation not just as a linguistic
challenge but as a gateway to deeper cross-cultural
understanding and communication.
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2. Foundational Challenges in MT for
LRMs

In this section, we explore how LRMs perform when
addressing challenges that have plagued MT from
the past to nowadays. We focus on three classical
yet critical tasks: stylized translation, document-
level translation, and the use of multi-modal rea-
soning with translation. These challenges have his-
torically served as benchmarks for evaluating the
capabilities of MT systems, and we demonstrate
how LRMs, equipped with reasoning abilities, of-
fer innovative solutions while also revealing new
complexities.

2.1. Stylized Translation

Stylized translation involves generating translations
that preserve the stylistic features of the source text,
such as tone, formality, or genre-specific expres-
sions. Traditional MT systems often rely on multi-
parallel datasets or post-processing techniques
like style transfer to achieve this (Niu and Carpuat,
2020; Wang et al., 2022). Although LLMs simpli-
fied stylized translation through natural language
prompts, their performance can be inconsistent in
zero-shot scenarios. Without explicit instructions,
LLMs may fail to analyze the stylistic nuances of the
source text, leading to translations that lack cultural
or contextual appropriateness (Lyu et al., 2024).

With LRMs, the model will first figure out the sce-
nario of the original text. With such reasoning, the
model will have a better understanding of the style
of translation should it apply to the translated output.
The reasoning ability also provides the models with
a better performance in understanding the idea of
the original text, understanding what the original
text wants to express, and choosing suitable words
for the generated output without changing what
the original text wants to express. However, this
approach can sometimes lead to over-localization,
where the translation adheres more closely to the
target language’s norms than to the source text’s
original style. By asking the LRMs to analyze the
format and style of the original text and generate
an output which follows the format and style it has
analyzed with the original text, the LRMs are more
likely to generate an output which does not follow
the style of the original text, but rather generate
a translation closer to the style of the target lan-
guage. Figure 2 illustrates this phenomenon with
a Japanese Haiku translated into Chinese. While
DeepSeek-R1 successfully adapts the Haiku to a
Chinese poetic format, it occasionally deviates from
the strict 5-7-5 syllable structure, favoring patterns
more familiar to Chinese readers. This raises impor-
tant questions about the trade-off between preserv-
ing the source text’s authenticity and ensuring the

Stylized Translation

Prompt: Please translate the following text
into Chinese. Analyze the style of the original
text and translate following the style you have
analyzed: 荒海や　佐渡によこたふ　天河

Output:

DeepSeek-R1
怒海接佐渡，天河横空流 (generation 1)
怒涛涌佐渡，天河横亘贯长空 (generation 2)
怒涛涌荒海，佐渡孤横亘，天河悬夜空 (gen-
eration 3)
DeepSeek-V3
荒海阔　横跨佐渡　银河落
OpenAI-o3-mini
荒海上，佐渡横卧处，天河遥望。
QwQ-32B-Preview
狂海呀，佐渡横，银河。

Prompt: Please translate the following
Japanese Haiku into Chinese following Haiku
format: 荒海や佐渡によこたふ天河

Output:

DeepSeek-R1
怒海接苍茫，
佐渡横悬天汉淌，
星涛夜未央。

Figure 2: An example of prompting DeepSeek-R1
to translate a Japanese Haiku into Chinese and
following Haiku format. In the above case, when we
tell the model to analyze the format of the original
text first and generate the translation with the format
which is analyzed by the model itself, R1 model will
usually generate an over-localized translation and
does not follow the 5-7-5 format of Haiku. Other
models also do not generate the 5-7-5 format, but
they will at least generate a three line translation.
However, in the lower case, if we tell the R1 model
to generate translation following Haiku format, R1
model will usually generate the translation following
the Haiku 5-7-5 format.

translation’s accessibility and appeal in the target
language.

2.2. Document-Level Translation
Document-level translation (Wang et al., 2023,
2024b) has been a challenge for MT systems for a
long time due to the complexity of maintaining con-
sistency, coherence, and stylistic integrity across
lengthy texts. Issues such as keyword unification,
pronoun resolution, and tone consistency are par-
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ticularly problematic. While LLMs have made sig-
nificant strides in this area, LRMs further enhance
document-level translation by leveraging their rea-
soning capabilities to better understand and unify
context across sentences and paragraphs.

For instance, LRMs show strong ability at identify-
ing and consistently translating key terms, resolving
ambiguous pronouns, and adapting the tone of the
translation to suit the target language’s conventions.
We tested this capability with the translation of a sci-
entific abstract. DeepSeek-R1 not only maintains
consistency in terminology but also adapts the tone
to match the formal style expected in Chinese aca-
demic writing. In contrast, non-reasoning models
often overuse certain phrases (e.g., Using "我们"
to translate "we", which is grammatically true, but
not suitable in this situation) and fail to adhere to
the target language’s stylistic norms. The ability
of LRMs to reason about context at the document
level also enables them to handle complex narra-
tive structures, such as those found in novels or
legal documents. By understanding the relation-
ships between sentences and paragraphs, LRMs
can generate translations that preserve the logical
flow and coherence of the original text. This rep-
resents a significant advancement over traditional
MT systems, which often struggle with long-range
dependencies and contextual ambiguities.

2.3. Multi-Modal Reasoning with
Translation

The integration of multi-modal inputs, such as im-
ages, videos, or audio, has expanded the capabili-
ties of MT systems. LLMs like GPT-4o (Hurst et al.,
2024) have demonstrated the ability to process and
translate text in conjunction with visual or auditory
context, enabling more accurate and context-aware
translations. For example, when translating a sen-
tence like "他在看报纸," an accompanying image
can help the model to determine whether the sub-
ject is reading a physical newspaper or browsing a
digital one. This multi-modal approach allows LLMs
to resolve ambiguities that are difficult to address
with text alone. LRMs further enhance multi-modal
translation by incorporating reasoning capabilities
into the process (Team, 2024a). Unlike traditional
LLMs, which primarily rely on pattern recognition,
LRMs can infer relationships between textual and
non-textual inputs, enabling deeper contextual un-
derstanding. For instance, when presented with
an ambiguous sentence and an accompanying im-
age, LRMs can reason about the visual context to
generate translations that align with the intended
meaning. Figure 3 illustrates how an LRM lever-
ages visual context to disambiguate translations,
demonstrating their superior ability to handle com-
plex multi-modal scenarios.

Contextual Reasoning with Image

Prompt:

请基于图片，将以下文本翻译成英文: "捕猎
的是老虎"
<think> (Too long, can’t provide) </think>
Output:

QvQ-72B-preview
Final answer: Yes, the translation “The an-
imal being hunted is a tiger” is accurate
based on the photograph provided.

Prompt:

请基于图片，将以下文本翻译成英文: "捕猎
的是老虎"
Output:

QvQ-72B-preview
<think> (Too long, can’t provide) </think>
Final Answer: It is the tiger that is hunting.

Figure 3: An example of asking the reasoning
model to translate an ambiguous sentence and pro-
viding an image as the context. It shows that the
model could translate correctly with the provided
image.

However, challenges remain in handling special-
ized multi-modal inputs, such as sign language
or highly domain-specific visual content. Figure 4
shows an example where OpenAI-o3-mini fails to
interpret an American Sign Language gesture from
an image. This highlights the limitations of current
multi-modal reasoning capabilities, particularly in
areas requiring fine-grained understanding of non-
textual inputs. To address these challenges, future
research could explore the integration of domain-
specific knowledge, such as sign language dictio-
naries or gesture recognition algorithms, into LRMs.
Additionally, advancements in multi-modal training
datasets and architectures could further enhance
the ability of LRMs to process and translate com-
plex multi-modal inputs effectively.
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Sign Language Translation

Prompt:

Which number does this sign show in Ameri-
can Sign Language?
Output:
OpenAI-o3-mini
The hand sign shown in the image corre-
sponds to the number "3" in American Sign
Language (ASL). This is made by extending
the index, middle, and thumb fingers while
keeping the other fingers folded down.
QVQ-72B-Preview
Final Answer: 4

Figure 4: An example of prompting the OpenAI
GPT-3o-mini to translate American Sign Language
numbers into Arabic numbers. However, the model
failed to understand the image.

3. New Challenges and Opportunities
with Reasoning-Enhanced MT

As LRMs introduce reasoning capabilities to MT,
they also bring new challenges and opportunities.
In this section, we explore several new character-
istics of LRMs in MT such as self-reflection and
the use of intermediate language during translation,
while also identifying areas for further improvement.

3.1. Self-Reflection
One of the key advantages of LRMs is their abil-
ity to perform self-reflection during the translation
process (DeepSeek-AI, 2025). This allows them
to identify and correct errors, particularly in am-
biguous or noisy input scenarios like when typos
existed in the input, or the input sentence has
been randomly rearranged into an unreadable or-
der. For example, when translating an ambiguous
Chinese sentence like "捕获的是猎人," DeepSeek-
R1 initially interprets it as "The hunter is the one
who hunts." However, through self-reflection, the
model revisits its reasoning and considers an al-
ternative interpretation: "The one who captures is
the hunter." This iterative process demonstrates the
potential of LRMs to refine translations dynamically,
though further research is needed to fully under-
stand the scope and limitations of this capability.

Self-reflection also enables LRMs to handle noisy
or incomplete input more effectively. For instance,
when presented with a sentence containing typos
or grammatical errors, LRMs can infer the intended

meaning and generate a coherent translation. This
capability is particularly valuable in real-world appli-
cations, where input quality can vary significantly.
However, the effectiveness of self-reflection de-
pends on the model’s ability to accurately assess
its own reasoning process, which remains an area
of active research.

3.2. Auto-Pivot Translation
An interesting behavior observed in LRMs is their
automatic use of a pivot or bridge language dur-
ing the translation process, even without explicit
instruction (Wu and Wang, 2007; Kim et al., 2019;
Dabre et al., 2021). This phenomenon, which we
call auto-pivot translation, occurs when LRMs in-
ternally reason through a high-resource language
(such as English or Chinese) to translate between
less-resourced languages. For example, when
translating from Irish to Chinese, an LRM might
first translate the Irish text into English and then
generate the final Chinese translation based on
the English intermediate output. This behavior is
evident in the reasoning chains of LRMs, as shown
in Figure 5.

The auto-pivot translation phenomenon high-
lights the model’s reliance on high-resource lan-
guages as a scaffolding mechanism for reason-
ing. This approach leverages the extensive training
data and linguistic knowledge available for high-
resource languages, enabling LRMs to handle low-
resource language pairs more effectively. However,
it also raises important questions about the trans-
parency and efficiency of the translation process.
For instance, the automatic insertion of an inter-
mediate language step may introduce additional
computational overhead and potential distortions,
particularly when the pivot language lacks equiv-
alent expressions. One of the key implications of
auto-pivot translation is its impact on translation
quality and cultural fidelity. While the use of a pivot
language can improve fluency and coherence, it
may also lead to inaccuracies or loss of meaning,
especially for idiomatic expressions or culturally
specific terms. For example, a proverb in Irish might
lose its cultural significance when first translated
into English and then into Chinese. Additionally,
the choice of pivot language can influence the fi-
nal output, as different high-resource languages
may capture different aspects of the source text’s
meaning.

4. New Challenges beyond
Conventional Translation

In this section, we explore unique challenges that
go beyond traditional text-to-text translation tasks.
Specifically, we investigate the ability of LRMs to
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Auto-pivot Translation

Prompt: Please translate the following Irish sentence into Chinese: Ní leor teanga amháin

Output:
DeepSeek-R1
<think> Okay, I need to translate the Irish sentence "Ní leor teanga amháin" into Chinese. Let me start by
breaking down the sentence word by word.
First, "Ní" is a negative particle in Irish, so it means "not". Then "leor" translates to "enough" or "sufficient".
"Teanga" means "language", and "amháin" is "one" or "single". Putting that together, the literal translation
would be "Not enough language one" or more naturally, "One language is not enough."
Now, I need to make sure that the translation into Chinese is both accurate and natural. The user probably
wants a concise and correct translation. The phrase "One language is not enough" emphasizes the
insufficiency of a single language. In Chinese, a common way to express this might be “掌握一种语言
是不够的” which translates back to "Mastering one language is not enough." However, the original Irish
sentence doesn’t explicitly mention "mastering"; it’s more about the language itself being insufficient.
Alternatively, a more direct translation could be “一种语言不够” which is shorter and closer to the original
structure. But maybe that’s too terse. Another option is “只懂一种语言是不够的” meaning "Knowing only
one language is not enough." This adds "knowing" which isn’t in the original, but it makes the sentence
more complete in Chinese.
I should check if the verb is necessary in Chinese. Sometimes in Chinese, the subject can be implied. So
maybe “一种语言不够” is acceptable, but it might feel a bit abrupt. Adding a verb like “掌握” (master) or
“懂” (understand/know) makes it clearer. However, since the original sentence doesn’t specify the action
(like master, know, etc.), perhaps the best approach is to stick with the simplest structure that conveys the
meaning without adding extra words.
Wait, the original is "Ní leor teanga amháin." "Teanga amháin" is "one language", and "ní leor" is "not
enough". So the structure is "[Not enough] [one language]." In Irish, the word order is different from English
or Chinese. So the literal translation is "Not enough one language," which in correct English becomes
"One language is not enough."
In Chinese, the equivalent structure would be “一种语言不够” (Yı̄ zhǒng yǔyán bùgòu), which is direct and
matches the original structure. However, in Chinese, it’s more natural to sometimes include a verb. But in
this case, since the Irish sentence doesn’t have a verb, maybe the direct translation is acceptable.
Alternatively, if the context is about language proficiency or learning, adding a verb might be better. But
without context, the safest translation is the direct one. Let me confirm with some examples. If I search for
similar phrases, "One language is not enough" in Chinese is often translated as “只会一种语言是不够的”
(Zhı̌ huì yı̄ zhǒng yǔyán shì bùgòu de), which includes "会" (know/how to). But again, that’s adding a verb
not present in the original.
So, to balance between faithfulness and naturalness, maybe “一种语言是不够的” (Yı̄ zhǒng yǔyán shì
bùgòu de) – "One language is not enough." This includes "是...的" structure, making it a complete sentence
in Chinese. That seems accurate and natural.
Therefore, the translation should be “一种语言是不够的” or “只一种语言不够”. But the former is more
standard. Let me check again. The original is "Ní leor teanga amháin." "Leor" as an adjective meaning
sufficient, so the structure is "Not sufficient (is) one language." In Chinese, adjectives can function as
predicates without a verb, so “一种语言不够” is correct. Adding “是” and “的” makes it more emphatic.
In summary, both translations are possible, but the more natural and commonly used one would be “一种
语言是不够的” to include the “是...的” structure for emphasis and completeness in Chinese. Alternatively, if
brevity is preferred, “一种语言不够” works too. But considering standard translations, the former is better.
</think>
The Irish sentence "Ní leor teanga amháin" translates to "一种语言是不够的" in Chinese.

DeepSeek-V3: "一种语言是不够的。"

OpenAI-o3-mini: "只用一种语言是不够的" (Zhı̌ yòng yı̄ zhǒng yǔyán shì bùgòu de), which means
"One language is not enough."

GPT-4o: "只需要一种语言" (Zhı̌ xūyào yı̄ zhǒng yǔyán). This means "One language is not enough"
or "One language alone is not enough."

Figure 5: An example of translating minor language into Chinese when the Reasoning Language is
English rather than Chinese, causing the intermediate translation language problem. The Reasoning
model will first tries to understood the original text into English and translating it into English first, then
translating it into Chinese by using the English translation generated in the thinking step.

handle encoded or ciphered text, a task that re-
quires not only linguistic understanding but also
cryptographic reasoning. This scenario tests the
limits of LRMs in deciphering and translating text
that has been intentionally obfuscated, providing

insights into their reasoning capabilities and limita-
tions.



8562

4.1. Deciphering Encoded Text
A key strength of LRMs lies in their ability to reason
through complex tasks, including the deciphering of
encoded text. For example, when presented with a
Caesar cipher—a simple substitution cipher where
each letter is shifted by a fixed number—LRMs
can often deduce the shift and decode the text
without explicit instructions. Our experiment suc-
cessfully shows that reasoning models can deci-
pher a Caesar-encoded text by inferring the shift
value through reasoning from " Wsqixlmrk ria erh
wsqixlmrk sph" to "Something new and something
old".

However, the performance of LRMs degrades sig-
nificantly when faced with more complex ciphers,
such as the Vigenère cipher, which uses a keyword
to determine the shift for each letter. In this case,
the lack of a known key increases the complexity of
the task exponentially. For instance, when provided
with the encoded text "Mwsimpqv pm ss" (which
corresponds to "Together we go" encoded with the
key "TIME"), the LRM struggles to deduce the cor-
rect key and often generates hallucinated outputs.
Instead of admitting uncertainty, the model may
produce an incorrect key and a fabricated decoded
message, such as "The key is ’KEY’ and the de-
coded text is ’MESSAGE TO HI’." This behavior
highlights a critical limitation of LRMs: their ten-
dency to generate plausible but incorrect answers
when faced with tasks beyond their reasoning ca-
pabilities.

This phenomenon underscores the challenges of
applying LRMs to tasks that require not only linguis-
tic and contextual understanding but also advanced
problem-solving skills. While LRMs excel in tasks
with clear reasoning pathways, their performance
in highly ambiguous or computationally intensive
scenarios remains inconsistent. Future research
could explore methods to improve the robustness
of LRMs in such tasks, such as integrating cryp-
tographic algorithms or enhancing their ability to
recognize and handle uncertainty.

5. Discussion

The exploration of LRMs in MT reveals both their
transformative potential and their inherent limita-
tions. LRMs represent a significant advancement
over traditional MT systems and even LLMs, par-
ticularly in their ability to reason about context, cul-
ture, and intent. However, their performance varies
across different tasks, highlighting the need for fur-
ther research and refinement.

5.1. Strengths of LRMs in MT
One of the key strengths of LRMs is their ability
to handle complex translation tasks, such as

stylized translation and document-level translation,
by leveraging reasoning capabilities. For example,
LRMs can preserve stylistic features and maintain
coherence across long documents, tasks that have
historically challenged traditional MT systems. Ad-
ditionally, their self-reflection capabilities enable
them to iteratively refine translations, improving ac-
curacy in ambiguous or noisy scenarios. These
advancements position LRMs as powerful tools for
applications such as low-resource language trans-
lation, interactive translation, and multi-modal trans-
lation.

5.2. Limitations and Challenges

Despite their strengths, LRMs face several limita-
tions that hinder their widespread adoption. One
major challenge is their performance in highly com-
plex reasoning tasks, such as deciphering Vigenère
ciphers without a known key. In such cases, LRMs
often generate hallucinated answers rather than
admitting uncertainty, highlighting a critical area
for improvement. Similarly, the use of intermediate
languages in translation, while beneficial for lever-
aging high-resource language knowledge, can in-
troduce biases or inaccuracies, particularly when
translating between less-resourced languages.

Another challenge lies in the integration of multi-
modal inputs. While LRMs show promise in leverag-
ing visual or auditory context to disambiguate trans-
lations, their performance in specialized domains,
such as sign language interpretation, remains lim-
ited. This suggests the need for domain-specific
training and the integration of external knowledge
sources to enhance their capabilities.

5.3. Inference Efficiency and Long
Chain-of-Thought Reasoning

A significant practical challenge for LRMs is their in-
ference efficiency, particularly due to the generation
of long CoT reasoning steps. While CoT reasoning
enables LRMs to tackle complex tasks by breaking
them down into interpretable sub-problems, it also
increases computational overhead and latency (Xia
et al., 2025). For example, in tasks like document-
level translation or deciphering encoded text, LRMs
may generate extensive reasoning chains to arrive
at a solution, which can slow down inference and
increase resource consumption.

This inefficiency poses a barrier to real-time ap-
plications of LRMs, such as interactive translation
or live multi-modal translation. To address this
issue, future research could explore methods to
optimize CoT generation, such as: 1)Pruning Re-
dundant Reasoning Steps: Identifying and elimi-
nating unnecessary or repetitive reasoning steps
to streamline the inference process. 2) Model
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Method Lexical Contextless Contextual
COMET BLEURT COMET BLEURT COMET BLEURT

DeepSeek-R1 84.3 73.9 84.7 73.9 84.0 73.3
DeepSeek-V3 84.7 74.2 84.4 74.1 84.1 73.2
QwQ-32B 84.1 73.0 84.0 72.8 84.1 72.9
GPT-4o 84.8 74.1 84.6 73.7 85.0 74.9
o3-mini 84.8 73.8 84.7 74.0 83.6 73.2
Gemini 2.0 Flash 83.2 72.7 84.1 72.7 71.0 72.8

Table 1: Result of commonsense translation performance on commonMT (He et al., 2020).

Compression: Applying techniques like quanti-
zation or distillation to reduce the computational
load of LRMs without significantly compromising
performance. Improving inference efficiency will be
crucial for scaling LRMs to real-world applications,
where speed and resource constraints are critical
considerations.

5.4. Future Directions
To summarise, while LRMs represent a significant
step forward in MT, their full potential has yet to be
realized. Future research should focus on improv-
ing their robustness in complex reasoning tasks,
enhancing their ability to handle uncertainty, and
expanding their capabilities in specialized domains.
Additionally, addressing the inference efficiency
problem will be essential for enabling real-time and
resource-efficient applications of LRMs. By tack-
ling these challenges, LRMs can further redefine
the boundaries of MT and enable new applications
in cross-cultural communication and beyond.

6. Experiment with CommonMT -
Comparing models with and

without Reasoning

This section presents an experimental result and
analysis the performances of various LLMs with or
without reasoning ability on translating Chinese-to-
English sentence with commonsense understand-
ing (He et al., 2020). These LLMs are evaluated
on BLEURT and COMET.

As shown in Table 1, we could not see signifi-
cant difference between the results generated by
the four models we chose for the experiment under
automatic evaluation metrics. However, when we
examine the MT result of each model and compare
with them, we see that in some cases, a model
might get a lower comet score even if the MT re-
sult is correct, but using different words which is
different than the reference translation. For exam-
ple, for sentence "正在采收的是果园里的果农," the
reference translation is "The orchard worker in the
orchard is harvesting." DeepSeek-R1 translated
it as "The orchard farmers are harvesting" which

received a COMET score of 0.7748, and the trans-
lation generated by DeepSeek-V3 is "The orchard
farmers are currently harvesting the fruits" which
received a COMET score of 0.8039. We could
see that DeepSeek-R1 generated a probably better
translation than DeepSeek-V3, but the score of it
is actually lower than the other model. We believe
that this happens because COMET and BLEURT
require a reference translation as a standard, and
any translation which is close to the reference will re-
ceive a higher score. However, reasoning models
could generate more diverse translations, which
could be different than the reference translation,
thus receiving a lower score under the metrics re-
quiring a reference. To better scoring this situation,
new automatic scoring metric are needed in the
future to solve such problem.

7. Conclusion

In this paper, we have explored the transformative
potential of LRMs in the field of MT. By leverag-
ing reasoning capabilities, LRMs can tackle long-
standing challenges in MT, such as stylized trans-
lation, document-level translation, and multi-modal
translation, while also introducing new capabilities
like self-reflection and auto-pivot language transla-
tion. However, our findings also highlight the limi-
tations of LRMs, particularly in complex reasoning
tasks and specialized domains. For example, while
LRMs can decipher simple ciphers, they struggle
with more complex cryptographic challenges and
may generate hallucinated answers when faced
with uncertainty. Similarly, their performance in
multi-modal translation, such as interpreting sign
language, remains limited, underscoring the need
for further advancements in domain-specific rea-
soning. These insights provide promising direc-
tions for future research in LRM-based MT. The
main areas worth for exploration include improving
the robustness of LRMs in ambiguous or compu-
tationally intensive tasks, enhancing their ability to
handle uncertainty, and expanding their capabilities
in specialized domains. By addressing these chal-
lenges, LRMs can further redefine the boundaries
of MT and enable new applications in cross-cultural
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communication and beyond. In conclusion, LRMs
represent a paradigm shift in MT, transforming sys-
tems from mere text converters into multilingual
cognitive agents capable of reasoning about mean-
ing beyond the text. This evolution urges us to re-
think translation not just as a linguistic task but as
a gateway to deeper cross-cultural understanding.
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