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Abstract

The Reasoning LLMs are transforming Al
by simulating human cognitive processes, but
their performance in multilingual machine
translation (MMT) remains underexplored.
This study examines: (1) how Reasoning
LLMs perform in MMT tasks and (2) what
factors influence their translation quality.
We evaluate multiple Reasoning LL.Ms and
compare them with traditional LLMs like
ChatGPT and GPT-40. Results show that
Reasoning LLMs establish new multilingual
translation benchmarks. They demonstrate
strengths in historical and cultural translation
but exhibit a tendency for rambling issues
in more challenging scenarios.  Further
analysis reveals three key insights: (1) High
inference costs and slower processing speeds
make complex translation tasks more resource-
intensive. (2) Translation quality improves
with model size, enhancing commonsense
reasoning and cultural translation. (3) The
temperature parameter significantly impacts
output quality—lower temperatures yield more
stable and accurate translations, while higher
temperatures reduce coherence and precision. !

1 Introduction

Large Language Models (LLMs) have demon-
strated significant potential in the field of Machine
Translation (MT) (Zhu et al., 2024; Peng et al.,
2023; Jiao et al., 2023a; Hendy et al., 2023a; Tyen
et al., 2023; Liang et al., 2023; Guerreiro et al.,
2023; Ranaldi et al., 2023; Chen et al., 2024c¢).
Currently, Reasoning LL.Ms—such as OpenAI’s
ol model (OpenAl, 2024) and its replicated
versions like QwQ (Qwen, 2024), Marco-ol (Zhao
et al., 2024), and DeepSeek-R1 (Guo et al., 2025)
are profoundly transforming the AI landscape,
enabling models to handle increasingly complex
tasks. These models are renowned for their

'Our code will be made available at https://github.
com/anonymous.

strong reasoning capabilities, exhibiting human-
like deep thinking in extended tests, exploring
diverse reasoning strategies, and refining answers
through decision reflection and iterative refinement.
This allows them to simulate human cognitive
processes in problem-solving.

Consequently, how do these models perform in
Multilingual Machine Translation (MMT) tasks?
Currently, the real capabilities of reasoning LL.Ms
in MMT still require systematic investigation.
MMT is a highly challenging task (Wang et al.,
2024b; Huang et al., 2024a; Gao et al., 2024; Wu
et al., 2024; Chen et al., 2024a), requiring models
not only to achieve semantic alignment across
languages but also to ensure translation accuracy in
aspects such as commonsense reasoning, historical
and cultural context, and terminology.

This study focuses on the performance of
Reasoning LLMs in Multilingual Machine Transla-
tion (MMT) tasks, addressing two key research
questions: 1) Whether Reasoning LLMs have

potential to become stronger translation
models. 2) In which translation tasks these models
show neutral performance or negative limitations?
3) Which model characteristics influence their
translation quality?

To answer the above questions, we evaluate
multiple mainstream Reasoning LLMs. To provide
a more comprehensive comparison between Rea-
soning LLMs and traditional LLMs in translation
performance, we introduce ChatGPT (Ouyang
et al.,, 2022), GPT-4o0 (Achiam et al., 2023),
and DeepSeek-v3 (DeepSeek-Al et al., 2024) as
baseline models. We conducted a systematic
analysis across five types of translation tasks,
including: Flores-200 (Goyal et al., 2022) for
evaluating multilingual capability, Commonsense
MT (He et al., 2020) for testing commonsense
reasoning in translation, RTT (Zhang et al.,
2023) for terminology constraint translation, and
CultureMT (Yao et al.,, 2023) for culturally
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contextualized translation.

For the first question, the results show that,
compared with traditional LLMs, reasoning
LLM:s achieve clear gains in general multilingual
translation and perform even better on reasoning-
oriented Commonsense MT tasks, indicating their
positive potential for translation. For the second
question, our analysis shows several limitations.
Reasoning LLMs do not have inherent advantages
in historical-cultural or terminology-constrained
translation. They also have higher reasoning
costs and slower speed, requiring more time
and computation for complex tasks. Large-scale
testing further reveals typical failure modes, such
as Instruction Following Issue and Rambling
Issue. We infer that the rambling issue arises
from a misactivation of the reasoning paradigm
when translation tasks are mistakenly treated as
reasoning problems.

For the third question, our results show that
translation quality generally improves as model
size increases. We also find that the temperature
parameter has a substantial impact on translation
performance: in complex linguistic settings, a
lower temperature typically produces more stable
and accurate outputs. These findings reveal key
characteristics of reasoning LLMs in multilingual
translation and offer actionable directions for
further optimizing their translation performance.
The main contributions of this study are as follows:

* We evaluate multiple mainstream reasoning

LLMs on four benchmark tests that cover
different dimensions of multilingual machine
translation, offering a comprehensive analysis
of their translation abilities.

* We systematically compare reasoning LLMs
with traditional LLM translation systems,
revealing their positive behaviors, neutral
behaviors, and negative behaviors, and
analyzing the root causes of these negative
behaviors.

* We identify and summarize new performance
patterns of reasoning LLMs in MMT tasks,
and empirically examine how their reasoning
features correlate with translation quality,
providing directions for future improvement.

2 Related Work

Reasoning LLMs Recently, Reasoning LLMs
have shown exceptional performance in reasoning
tasks, especially in mathematics and coding.

Following OpenAI’s O1 model (OpenAl, 2024),
significant efforts have been made to replicate
its success. Qin et al., 2024 introduced journey
learning, a training paradigm that enhances long-
term reasoning with only 327 training samples.
Huang et al., 2024b demonstrated the effectiveness
of data distillation from existing reasoning LLMs.
Zhao et al., 2024 proposed the Marco-ol model,
combining Chain-of-Thought (CoT) fine-tuning,
Monte Carlo Tree Search (MCTS), and reflection
mechanisms to tackle open-ended problems. Guo
et al., 2025 introduced the DeepSeek-R1 model,
enhancing reasoning through multi-stage training
and reinforcement learning (RL). QwQ (Qwen,
2024) model based on the Qwen architecture
excel in mathematics and coding tasks but facing
challenges like language mixing and circular
reasoning. Wang et al., 2024a proposed the DRT-01
model, applying long CoT to MT, showing superior
translation capabilities, especially with literature
texts involving metaphors and similes.

Machine Translation with Large Language
Models (LLM-MT). Large language models, such
as ChatGPT (Ouyang et al., 2022), have shown
significant effectiveness in machine translation
across various language pairs (Chen et al., 2024d;
Hendy et al., 2023b; Jiao et al., 2023b; Le Scao
et al., 2023; Iyer et al., 2023; Zeng et al., 2023;
Karpinska and Iyyer, 2023; Moslem et al., 2023;
Wang et al., 2023; Iyer et al., 2023; Farinhas et al.,
2023; Chen et al., 2024b). Recent research has
explored the performance of LLMs in machine
translation, including control over formality in
translation outputs (Garcia and Firat, 2022), in-
context translation abilities during pre-training
(Shin et al., 2022), and the impact of LLM-
based machine translation on culturally sensitive
texts (Yao et al., 2023). Additionally, studies have
examined the bilingual capabilities of LLMs to
enhance translation performance (Huang et al.,
2024a). For translation tasks requiring reasoning,
multi-agent debates can effectively enhance the
reasoning abilities of LLM-MT (Liang et al., 2023).
These investigations further validate the research
value of LLM-MT, offering diverse research
directions for scholars.

3 Experimental Setting

3.1 Evaluation Setting

Dataset: We conduct experiments on four
MT benchmarks: Flores-200, RTT test data,



Commonsense MT, and Culture MT. The Flores-
200 dataset (Goyal et al., 2022)? is a multilingual
translation benchmark that covers 200 languages.
It provides a comprehensive evaluation of trans-
lation quality across a wide range of languages.
The dataset includes parallel sentences for each
language pair, allowing for a thorough assessment
of translation performance. Commonsense
MT (He et al., 2020)° is a commonsense
reasoning MT test set that evaluates the ability of
translation systems to handle sentences requiring
commonsense knowledge. It includes sentences
with ambiguous or context-dependent meanings,
making it a rigorous benchmark for assessing the
ability of translation systems to generate accurate
and contextually appropriate translations. The
cultural MT dataset (Yao et al., 2023)* provides a
culturally relevant parallel corpus with annotations
of cultural-specific items. It covers 6 language
pairs: En<>Es/Fr/Hi/Ta/Te/Zh, including over
7,000 cultural-specific items from 18 concept
categories across more than 140 countries and
regions. RTT test data (Zhang et al., 2023) is
a challenging test set specifically designed for
terminology MT. It increases the average constraint
count per sentence from 1.1~1.7 to 6.1 and the
length per target constraint from 1.1~1.2 words to
3.4 words, making it a rigorous benchmark for
evaluating the handling of specialized terms in
translation.

Evaluation Metrics: In evaluating our transla-
tion methodology, we initially employ COMET?
(Rei et al., 2022) and BLEURT (Sellam et al.,
2020)% as automatic metrics, aligning with the es-
tablished standards in LLM-based translation (He
et al., 2023; Huang et al., 2024a). For traditional
translation evaluation, we use BLEU (Post, 2018)’.

3.2 Models Selection

We evaluate translation performance on 6 rea-
soning LLMs. OpenAl-ol (OpenAl, 2024) is a
close-source LLM that improves the reasoning
quality by increasing the length of CoT for the
first time. OpenAl-03-mini is a small reasoning
model that excels at programming, math, and
science problems. DeepSeek-R1 (Guo et al.,

“https://github.com/facebookresearch/flores
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Shttps://github.com/lucadiliello/bleurt-pytorch
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2025) is a 671B model which is first fine-tuned
using a large number of CoT examples, after
which it was trained with Reinforcement Learning.
Marco-01-7B (Zhao et al., 2024) is trained based
on Qwen2-7B-Instruct with multiple CoT and
reasoning datasets. DRT-o1-14B (Wang et al.,
2024a) is a reasoning translation model, focusing
on English-to-Chinese translation task. QwQ-
32B (Qwen, 2024) performs well on math and
reasoning problems.

For comparison, we selected three models.
ChatGPT (Ouyang et al, 2022) is a non-
Reasoning model which can interact with users
in a conversational manner. GPT-40 (Achiam
et al., 2023) is a large multimodal model which
demonstrates excellent ability on various QA
benchmarks. DeepSeek-v3 (DeepSeek-Al et al.,
2024) is a Mixture-of-Experts(MoE) model which
performs well on multiple benchmarks.

3.3 Inference Settings

We utilized APIs to access the models from
DeepSeek and OpenAl 8. For the open-source mod-
els, we employed vLLM ? for local deployment
and conducted tests on 12 A100 GPUs, each with
80GB of memory. The prompt template utilized in
our study is presented as follows:

n,on

{"role": "user", "content": "Source: s, translate the
following sentences from L to L;."}

In the template, Ly and L; denote the names
of source language and the target language,
respectively, while s is the source sentence which
is to be translated.

4 Main Experiment

4.1 Evaluation of Multilingual
Translation Performance

We evaluate general multilingual translation
performance on the Flores-200 dataset. Closed-
source Reasoning LLMs achieve the best overall
results, with OpenAl-ol reaching a maximum
+34.5 BLEU and an average +11.14 BLEU gain
over standard LLMs. Among open-source models,
DeepSeek-R1 performs strongest, improving by
+16.92 BLEU on average. Smaller models
such as Marco-ol and DRT-ol also narrow

5The DeepSeck and OpenAl models used in this study
are accessed through the DeepSeek-R1, gpt-3.5-turbo, gpt-4o-
2024-11-20, ol-preview-2024-09-12, and 03-mini-2025-01-

31 APIs, respectively.
*https://github.com/vllm-project/vlim



Methods En—De En—Ro

Zh—Ro En—Zh

BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT
Non-Reasoning LLMs

GPT-40 21.74  68.35 54.53 2491 74.11 68.08 20.77  81.40 71.41 40.02 81.24 64.50

ChatGPT 3632  83.65 7047 3838  88.57 7922 20.76  85.09 73.60 4199  86.00 70.29

DeepSeek-v3 21.67 70.16 57.76  27.69  79.99 73.63 2284 86.79 7695 4178 86.71 71.81

Qwen3 3282 8246 68.68 34.74 86.54 7827 2171  86.17 75778 41.68  86.35 71.11
Close-source Reasoning LLLMs

OpenAl-ol 4390 85.85 7296 4192 90.31 80.60 2540 87.95 7826 4393  88.51 74.07

OpenAl-03-mini 40.31  86.11 7335 4149  90.29 8141 2172 86.86 76.73 4476  89.16 74.06
Open-source Reasoning LLMs

Marco-ol 11.73  80.87 71.83 1533 77.14 67.08 5.34 66.77 69.78 40.13  74.53 59.84

DRT-o01-14B 940  65.97 51.17 1991  80.08 69.37 242 60.93 5025 3589  57.05 40.20

DeepSeek-R1 39.44 8532 7255 3795 86.97 77.62 2133  83.55 7340 4123 8744 72.43

QwQ 9.98  80.02 66.23 1240 81.50 7030 1173 78.60 66.56 39.63  80.37 64.63

De—En Ro—En Ro—Zh Zh—En
Non-Reasoning LLMs

GPT-40 43.97 87.20 78.00 41.60 87.45 77.07 2678  64.27 48.17  20.77  81.40 71.41

ChatGPT 43.73  87.03 77.55 4159 87.78 77.00 3142 78.17 61.36 2733 85.40 72.82

DeepSeek-v3 38.87 8544 76.39  37.61 86.37 76.10 29.38 83.72 68.92 2756 86.23 74.55

Qwen3 39.54 8596 76.39 3978  86.98 76.42  29.24  84.89 6920 28.71 86.42 74.07
Close-source Reasoning LLLMs

OpenAl-ol 43.55 87.54 78.70  42.82 88.79 78.64 39.13 85.59 71.46 2896 86.57 75.25

OpenAl-03-mini 42.70  87.34 78.03 4212 88.35 7779 3942 86.76 71.50 2748 86.28 74.41
Open-source Reasoning LLMs

Marco-ol 3845 86.22 77.30  27.15 85.80 7537  25.68 77.08 64.83 1898 77.46 63.27

DRT-01-14B 18.40 76.81 66.66 2295 81.95 7096 1943 57.72 43.46 354 60.33 46.09

DeepSeek-R1 4091 84.77 7471  40.60 86.05 75.00 38.13 79.76 64.16  27.05 85.56 73.43

QwQ 13.09 83.07 72.65 16.55 84.06 72.81 1994 75.75 6475 1591 82.32 69.33

Table 1: The main results from the Flores-200 dataset are presented. The bold indicates the highest values that are
statistically significant, with p-values less than 0.01 in the paired t-test against all compared methods.

the gap to closed-source systems on COMET
and BLEURT. Notably, reasoning LLMs show
larger gains on COMET/BLEURT than on BLEU,
reflecting their tendency to produce semantically
faithful yet lexically varied outputs. Overall, the
results indicate that Reasoning LLMs consistently
outperform traditional LLMs in multilingual
translation.
4.2 Evaluation of Reasoning Tasks
in Translation

To evaluate the performance of Reasoning LL.Ms
on commonsense reasoning translation tasks, we
conducted experiments using the Commonsense
MT lexical subset. The results, shown in
Table 2, indicate that Reasoning LL.Ms maintain
clear advantages on tasks requiring explicit
reasoning. In the Lexical setting, OpenAl-
ol achieved the strongest results, surpassing
GPT-40 by 2.00 COMET and 3.89 BLEURT.
More importantly, on the ACC metric, which
directly measures reasoning consistency and
correctness, Reasoning LL.Ms also achieved higher

Methods BLEU COMET BLEURT ACC
Non-Reasoning LLMs
GPT—4o0 30.57 80.72 68.14 704
ChatGPT 2442  78.72 68.61  64.2
DeepSeek—v3 28.53  81.17 69.94 694
Close-source Reasoning LLMs
OpenAl-ol 2645  82.72 72.03  90.6
OpenAl-03-mini 27.10  81.13 70.08  88.4
Open-source Reasoning LLMs
Marco-ol 13.44  78.00 65.70 853
DRT-o01-14B 584  69.28 50.67  76.2
DeepSeek—R1 27.27  81.81 7094 715
QwQ 1.89  73.50 6141 628

Table 2: Lexical-only results from the Commonsense
MT dataset.

scores than traditional LLMs. These results
suggest that the structured reasoning process
helps Reasoning LLMs better capture and resolve
implicit commonsense relations in translation.

4.3 Neutral: Analyzing Culture-Specific
Translation

To evaluate models on culturally specific transla-
tion, we used the Culture MT dataset. As shown



Methods

En— Es

En— Fr

En— Hi

En— Ta

En— Te

En— Zh

Non-Reasoning LLMs

BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT

GPT-40 27.80  72.00 56.76 19.64  68.12 43.80 1634  66.71 53.64 423 70.32 60.57 5.71 71.63 57.10 3126 76.56 56.02

ChatGPT 3639 79.05 6478 2460 7326 49.66 13.64 68.47 56.93 298  64.16 5328 354 6551 49.64 2830 78.07 59.01

DeepSeek-v3 2345  68.70 5499 1623 6432 3946  9.68 5828 4644 283 63.07 5820 220 58.05 49.69 28.60 74.24 56.81
Close-source Reasoning LLMs

OpenAl-ol 4142 7830 6271 2464 7294 4834 2072 73.67 62.03 848 79.79 67.12  8.06  79.82 61.12 3210 82.60 63.82

OpenAl-03-mini 41.87 81.15 66.51 29.15 76.18 53.02 17.29  73.17 61.56 574 78.61 67.14 5.95 74.30 5847 3322 8341 64.67
Open-source Reasoning LLMs

Marco-ol 30.97  80.09 67.06 2457 74.89 54.92 0.20 33.86 22.06 0.51 38.76 33.31 0.25 36.32 29.15 19.03  72.98 56.08

DeepSeek-R1 38.09 7942 64.63  26.67 73.77 50.17 17.57  69.07 57.28 5.96 75.29 60.28 506  65.94 4897  30.18 82.57 64.98

QwQ 10.68  74.93 5923 455 6991 4556  7.14 6476 5275 026 5544 4779 035 5381 39.87 1324 70.78 51.08

Methods Es— En Fr— En Hi— En Ta— En Te— En Zh— En

Non-Reasoning LLMs
BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT BLEU COMET BLEURT

GPT-40 41.52  78.69 63.38 29.83 74.04 5555  34.80 82.08 6496 2348 7573 56.53 2540 75.73 56.53  30.94 8047 65.12

ChatGPT 4079  79.21 64.18 31.88 74.15 5573 2975 8121 6270  18.12  73.80 54.16  18.12 73.80 54.16  30.01 7877 61.52

DeepSeek-v3 34.49  77.17 6232 2662 7249 54776 2594 79.90 62.55 1328 71.14 5435 1328 71.14 5435 2634 78.89 63.78
Close-source Reasoning LLMs

OpenAl-ol 46.86  79.64 6381 29.77 7393 57.14 3041 8185 64.03 2145 79.58 64.00 1972 7345 5385 2305 8210 69.97

OpenAl-03-mini 43.99  80.53 65.71 31.03 75.27 57.21 30.60 81.12 63.08 2422 7551 56.24 2422 7551 56.24 2852  80.39 64.29
Open-source Reasoning LLMs

Marco-ol 37.67 80.32 67.51 2841 7540 60.14 229 4563 13.99 1.14 4575 15.27 1.60 4554 17.99 0.12  70.84 5391

DeepSeek-R1 39.21 7753 6226 2649 73.06 5529 30.53  80.09 62.19  20.61 76.00 56.70 2298 7558 56.21 28.34  80.13 64.81

QwQ 1030 75.33 6020  6.04  69.81 5152 11.55  78.18 59.05 534 7153 51.65  3.88  70.69 50.81 7.68  74.29 56.60

Table 3: The main results from the Culture MT dataset are presented. The bold indicates the highest values that are
statistically significant, with p-values less than 0.01 in the paired t-test against all compared methods.

in Table 3, Reasoning LLMs and traditional LLMs
perform similarly in the X—En direction. In some
cases, traditional models even perform slightly
better. This may be because LLMs have a natural
advantage in generating English. When translating
foreign cultural cues into English, these models
can maintain high performance without the need
for complex reasoning.

In contrast, Reasoning LLLMs show a much
stronger advantage in the more difficult En—X
direction. Compared to GPT-40, reasoning models

show clear improvements across all metrics:

BLEU, COMET, and BLEURT increased by up
to 4.71, 6.88, and 7.23 points, respectively. This
suggests that the reasoning process helps models
better analyze complex cultural references when
translating into non-English languages. It leads to
more context-appropriate expressions and creates
a clear performance gap over traditional models in
this challenging task.

4.4 Neutral: Proper Terminology Translation
Performance

To assess the capability of Reasoning LLMs in
translating proper terminology, we employed the
RTT dataset for our experiments. As shown in
Table 4, the models exhibit different performance
patterns depending on the translation direction. In
the De—En direction, Reasoning LLMs perform
similarly to traditional models, which often

provide more concise and controlled outputs.

In this setting, Several reasoning models, like

DeepSeek-R1, can lead to over-expansion or infer
unwarranted semantic details during their step-by-
step reasoning.

Methods En—De De—En
BLEU COMET BLEURT BLEU COMET BLEURT
Non-Reasoning LLMs
GPT-40 27.10 73.12 5530 4630 84.40 74.73
ChatGPT 37.58  80.81 65.10 4513  83.66 73.78
DeepSeek-v3 36.66  82.04 66.38 43.16 84.03 74.19
Qwen3 33.62  82.02 6592 41.28 8331 72.88
Close-source Reasoning LLMs
OpenAl-ol 38.64 81.56 65.87 4620 81.38 70.86
OpenAI-03-mini 35.79  82.88 67.33 4241 8395 74.09
Open-source Reasoning LLMs
Marco-ol 16.95 77.44 66.20 36.48 82.75 74.42
DRT-01-14B 9.27  56.11 41.44 2154 7220 62.79
DeepSeek-R1 3522 8247 67.03 4320 83.73 73.61
Qwen3-COT 33.60 81.72 66.17 4257 83.26 73.67
QwQ 10.04  77.86 60.46  13.60 79.37 67.56

Table 4: The main results from the RTT dataset are
presented. The bold indicates the highest values that
are statistically significant, with p-values less than 0.01
in the paired t-test against all compared methods.

In contrast, Reasoning LLMs show clear
strengths in the more challenging En— De direc-
tion. Models such as OpenAl-ol deliver compet-
itive BLEU scores and strong COMET/BLEURT
results. When translating from English into
other languages, the reasoning process helps
models better integrate domain cues and perform
more accurate lexical disambiguation.  This
structured approach allows Reasoning LLMs to
handle complex terminology more effectively than
traditional models, creating a clear performance
gap in this more difficult task.



4.5 Negative: Inference-time Cost Analysis

To further evaluate the efficiency of reasoning
LLMs, we conducted a comparative analysis of
inference-time costs between reasoning LLMs
and non-reasoning LLMs. The experiment
was performed using the lexical task from
CommonsenseMT dataset. We measured the
average number of tokens generated by each model
and their respective generation speeds to represent
the inference-time cost of each model. The detailed
results are presented in Table 5.

Methods Avg Output Avg Time Cost BLEU COMET BLEURT
Non-Reasoning LLMs

GPT-40 42.34 - 30.57  80.72 68.14

ChatGPT 59.82 - 2442 7872 68.61

DeepSeek-v3 13.89 1.58 2853  81.17 69.94
Close-source Reasoning LLMs

OpenAl-ol 392.5 8.57 2645  82.72 72.03

OpenAl-03-mini 363.1 - 27.10  81.13 70.08
Open-source Reasoning LLMs

Marco-ol 399.50 26.88 13.44  78.00 65.70

DRT-01-14B 403.86 54.59 5.84  69.28 50.67

DeepSeek-R1 577.94 42.04 27.27 8181 70.94

QwQ 623.70 13.06 1.89  73.50 61.41

Table 5: The main results of inference-time cost
analysis are presented. Average Output is measured
with tokens generated per sample. Average Time Cost
is measured with seconds per sample.

We observe that although Reasoning LLMs
demonstrate superior performance in common
reasoning tasks, they incur significantly higher
inference costs. Reasoning LLMs require
approximately 10 times more output tokens and 8
to 40 times more time cost compared to traditional
LLMs, resulting in substantially increased costs.
Additionally, the "thinking" process necessitates
more extensive output generation, which consider-
ably slows down inference speed. Consequently,
this trade-off makes it challenging to achieve an
optimal between translation quality and real-time
performance.

4.6 Negative: Instruction Following Analysis

To assess the instruction-following capabilities of
reasoning LLMs, we conducted the experiment
using contextless tasks from the CommonsenseMT
dataset. We randomly sampled 100 outputs
generated by the reasoning LLMs and manually
evaluated (details in Appendix A) whether they
adhered to the given instructions correctly. If the
model generates content that deviates from the
instructions or includes redundant information in
its final output, we consider that the model has not
effectively adhered to the instructions. The results
of this evaluation are presented in Figure 1.
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Figure 1: The main results of instruction following
analysis are presented.

We observe that, despite being trained with com-
plex CoT examples, Reasoning LLMs continue
to encounter challenges in effectively following
instructions. The probability of encountering this
issue ranges approximately between 3% and 10%.

4.7 Negative: Rambling Issue Detection

In our instruction-following analysis, we observe
that Reasoning LLMs tend to over-interpret
underspecified source sentences. We define this
phenomenon as the "Rambling Issue" (Figure 2).

+ Input: Source: & MMZ—FE KA K - Please
translate the following sentence from Chinese to English.

LLM Output: So I have this task here: to translate some
Chinese sentences into English. The source says it’s from a
great scientist. Hmm, I wonder who it is. Probably someone
famous like Einstein or Newton. Anyway, I need to focus
on the translation. - - -

Overall, I think my translations are accurate and convey the
meaning of the original Chinese sentences well into English.
**Final Translation:**

The purpose of science is to understand the workings of
nature. Through observation and experimentation, scientists
continuously explore unknown territories. Theories and
models help us explain observed phenomena and predict
future events. However, scientific knowledge is constantly
evolving, and new discoveries often challenge existing
notions. Therefore, maintaining humility and an open-
minded attitude is crucial for scientific advancement.

Figure 2: An rambling issues example of QwQ is
illustrated. The so-called "final translation" deviates
from the exact translation, instead providing an
explanation of the source text.

To quantify the impact of rambling, we use
the contextless subset of the Commonsense MT
dataset. The source sentences in this subset are
intentionally short and lack clear context. This
design makes models more susceptible to over-
interpretation and provides an ideal setting for our
analysis.

As shown in Table 6, the results reveal
a significant gap between reasoning and non-
reasoning LLLMs. Non-reasoning models, such
as GPT-40 and ChatGPT, produce stable and
competitive translations. They strictly follow



the translation objective even when the input is
ambiguous. In contrast, reasoning LLMs like QwQ
and DRT-01-14B show a sharp decline in BLEU,
COMET, and BLEURT scores. Their extremely
low scores confirm that their outputs deviate
significantly from the reference translations.

Methods

Contextless Contextual

BLEU COMET BLEURT BLEU COMET BLEURT

Non-Reasoning LLMs

GPT-40 29.20 81.34 69.54  31.89 83.00 70.34
ChatGPT 25.74  79.26 68.83  30.13  85.09 73.60
DeepSeek-v3 16.57  79.94 68.59 2645 8278 70.74

Close-source Reasoning LLMs
OpenAl-ol 25.17  81.89 71.60 2591  82.88 70.64
OpenAl-03-mini 23.43  78.91 68.62 2674 8251 69.78

Open-source Reasoning LLMs
Marco-ol 2206 7742 6399 2391 81.78 69.78
DRT-01-14B 450  67.98 47.44 299 6413 47.29
DeepSeek-R1 2495  82.01 71.15 2676  83.02 71.07
QwQ 1.70 6236 43.46 518  75.12 61.64

Table 6: Results on the Commonsense MT subset.
Bold indicates the highest values that are statistically
significant (p < 0.01) in paired t-tests.

4.8 Negative: Rambling Issue Analysis

We observe that Reasoning LLMs exhibit a
significant rambling issue when performing
contextless translation tasks. We hypothesize
that this behavior represents a distinct failure
mode of the reasoning paradigm in non-reasoning
task:  specifically, short and underspecified
inputs erroneously trigger the model’s reasoning
paradigm. According to Wang et al. (2025),
the reasoning paradigm generates high-entropy
tokens to guide the reasoning chain; however, in
translation tasks, these tokens result in unnecessary
redundancy.

To validate this hypothesis, we design a
comparative experiment benchmarking contextless
translation against a typical multi-step reasoning
GSMBK (Cobbe et al., 2021) 'O task. We
adopt DeepSeek-V3 as the traditional LLM
and DeepSeek-R1 as the reasoning LLM. In
addition, we include DeepSeek-V3 that explicitly
applies Chain-of-Thought (CoT) prompting for
comparison. The CoT prompt is provided in
Appendix A.4.

We aim to investigate whether both tasks induce
similar internal model behaviors. Following
the methodology in Wang et al. (2025), we
construct a lexicon of high-entropy tokens !! that
frequently appear in reasoning chains (e.g., "wait",
"therefore"). We use Token Density (Eq. 1) as

https://huggingface.co/datasets/openai/gsm8k
"we will be included in our open-source project.

a quantitative metric to evaluate the frequency of
these template tokens across different tasks.

1 Z EtEy H(t S Vreason)

il 7 1
V) 7] M

Density =
yey

Here, ) denotes the set of all model outputs, and
y € Y represents a single generated sequence
with length |y|. Vieason is a predefined lexicon of
reasoning-related (high-entropy) tokens, and the
indicator function I(-) counts whether a token ¢

belongs to this lexicon.
| |

23.6 24.2
20 |- N
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Figure 3: Token density comparison. Translation task
is contextless commonsense translation task. Math task
is GSM8K.

Experimental results (in Figure 3) confirm that
in contextless translation, Reasoning LLMs reach
a token density of 23.6, far exceeding the 4.3
observed in non-reasoning models. Crucially, this
density is comparable in magnitude to the models’
performance on the GSM8K dataset. This suggests
that rambling is not random text filling, but rather a
deterministic mechanism failure where the model
misidentifies a translation task as a reasoning task.

4.9 Multi-scale Model Analysis

To investigate the relationship between the
number of model parameters and translation
performance, we conducted an experiment using
the En—De/Zh/Ro tasks of CommonsenseMT
dataset. The LLM we use is DeepSeek-R1-Distill-
Qwen, with a parameter of 1.5B, 7B, 14B, and 32B.
The results are presented in Figure 4.

Based on the results, we observe that models
with a greater number of parameters tend to exhibit
better performance. However, when the number
of parameters in LLMs reaches the range of
10B to 20B, further increasing on the number of
parameters can only obtain marginal performance
improvements. Furthermore, we observed that,
in some cases, an increase in the number of
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Figure 4: The main results of multi-scale model are presented.
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Figure 5: The main result of temperature analysis is presented.

parameters can lead to a decline in translation
performance.

4.10 Temperature Analysis

To investigate the impact of temperature settings
on the performance of LLMs, we conducted
experiments using the Flores-200 dataset with the
DeepSeek-R1-671B model, and the temperature
sets as 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0. The result is
shown in Figure 5.

In general, lower temperature settings yield
more stable and accurate translations.  For
en—zh and en—de, performance follows a non-
monotonic trend, decreasing and then increasing
with temperature, with the lowest scores around
0.6. In contrast, en—ro exhibits a monotonic decline
as temperature increases. These results indicate
task-specific optimal temperatures, reflecting
different balance points between diversity and
accuracy.

When considering evaluation metrics, BLEU,
COMET, and BLEURT all exhibit similar trends

as the temperature changes, suggesting that these
metrics effectively capture the model’s translation
performance. =~ However, their sensitivity to
temperature variations differs. BLEU and COMET
show more significant score fluctuations, while
BLEURT is less affected. This difference arises
from the unique characteristics of each metric, with
BLEURT being more accommodating of diverse
and creative translations.

5 Conclusion

This study systematically evaluates the capabilities
of reasoning-based large language models in
MMT. The results show that Reasoning LLMs
generally outperform traditional LLMs on standard
translation tasks, but still face limitations in more
challenging scenarios, including high inference
costs, rambling outputs, and constrained efficiency.
Future work should focus on improving reasoning
efficiency and generation stability.



Limitations

In this paper, we mainly evaluate the English-
centric and Chinese-centric translation ability of
LLMs. In the future, we aim to explore more
translation directions, which will help further
reveal the translation capability of Reasoning
LLMs. While our experimental design fixes key
variables to ensure a fair comparison, the observed
behaviors—especially for reasoning LLMs—may
still be sensitive to the choice of prompting and
task formulation. Exploring a wider range of
prompt designs and model families is an important
direction for future work.
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A Human Evaluation

In this study, we employed a manual evaluation
method to analyze the instruction-following capa-
bilities of Large Language Models (LLMs). Since
LLMs may deviate from instructions or generate
redundant information during inference, relying
solely on automated metrics may not accurately
measure their execution of instructions. Therefore,
we organized a team of three independent
annotators to manually evaluate the model’s
outputs, ensuring the reliability and fairness of the
results.

A.1 Annotator Background and Selection

To ensure the professionalism and consistency of
the evaluation, we selected three researchers with
relevant backgrounds as annotators:

* Annotator 1 — A graduate student specializ-
ing in natural language processing, with exten-
sive experience in large model evaluation and
dataset construction, capable of accurately
assessing the model’s instruction execution.

* Annotator 2 — A linguistics researcher
proficient in identifying instruction-following
issues within complex linguistic structures.

* Annotator 3 — A researcher focusing on
LLMs, primarily responsible for ensuring
that the evaluation criteria align with best
practices in large model behavior assessment.

The diverse backgrounds of the annotators help
analyze the model’s performance from multiple
perspectives, reducing individual biases.

A.2 Evaluation Method and Criteria

The evaluation tasks were based on contextless
tasks from the CommonsenseMT dataset. A
random sample of 100 outputs generated by
LLMs was selected, and annotators were asked to
independently assess their adherence to the given
instructions. The evaluation was based on three
key criteria:

1. Instruction Adherence - Determining
whether the model’s output strictly follows
the given instruction, avoiding deviations
from the task requirements.

Output Consistency — Checking if the
model’s response is semantically coherent and
maintains relevance to the input instruction.
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3. Redundancy — Assessing whether the output
contains unnecessary or extraneous informa-
tion, particularly content unrelated to the
instruction.

Each annotator provided a binary score (1 for
adherence, 0 for non-adherence) for each sample
based on the above criteria. In cases where there
was disagreement among the three annotators, the
final score was determined by majority vote.

A.3 Safety and Consistency Assurance

To ensure the safety and alignment of the
evaluation process, multiple measures were
implemented:

* Data Anonymization — All evaluation data
was anonymized to prevent the inclusion
of any personally identifiable or sensitive
information.

Detailed Annotation Guidelines — Clear
evaluation criteria were established to mini-
mize subjective interpretation differences and
maintain consistency across annotators.

These measures help enhance the objectivity,
reliability, and security of the manual evaluation
process.

A.4 Detail for CoT Prompt on LLMs

In the Rambling Issue Analysis section (§4.8), we
introduced a baseline using traditional LLMs (e.g.,
DeepSeek-V3) combined with explicit Chain-of-
Thought (CoT) prompting. This was designed to
test whether the rambling behavior characterized
by high token density and over-interpretation is
inherent to the reasoning paradigm of models
such as DeepSeek-R1, or merely a side effect of
producing intermediate reasoning steps.

To ensure a fair comparison, we constructed the
explicit CoT prompt by extending the original zero-
shot prompt. We added instructions that explicitly
require the model to think step by step and analyze
the source text before translating, simulating the
internal reasoning process of Reasoning LLMs.

The prompt template used for the CoT setting is
presented below:

{"role": "user", "content": "Source: s, translate the
following sentences from Ls to L;. Please think
step by step. First, analyze the source sentence to
understand its context and meaning. Then, provide the
final translation."}



B Case Study
B.1 ''Rambling'" Case

More rambling cases are presented in Figure 6 and
7.
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* Input: Source: S£Z & 1ELZ - Please translate the following sentence from Chinese to
English.

e LLM Ouput: So I have this task here: I need to translate some sentences from Chinese
to English. The source is about selling extra exercise books. Okay, let’s see what I've
got.First, I need to understand the context. It’s about selling extra exercise books, which
probably means someone has some unused exercise books and wants to sell them. Maybe
a student who has more books than they need or a teacher clearing out supplies.I should
probably start by identifying the key phrases and words in the Chinese sentences. Then,
I can think about how to convey the same meaning in English.L.et me assume there are a
few sentences to translate. Since they’re not provided, I’ll create some example sentences
that fit the context and translate those.Example sentence 1: "#/H —4 £ a/ElL A Z
SE . "Translation: "I have some extra exercise books to sell."Explanation: Here, "F/H"
means "I have," "—%£" means "some," "Z 4% " means "extra" or "surplus," "{EML A"
are exercise books, and "%:52" means "to sell."Example sentence 2: "ixX L&/l A Hr
B, MREE Rt - "Translation: "These exercise books are new and have never been
used."Explanation: "X LE" means "these," "J&" means "are,”" "FTH)" means "new," "M%
5" means "have never," "1 " means "been used."Example sentence 3: " QAR RECSL R,
A]LABK AT o "Translation: "If you’re interested, you can contact me."Explanation: "{[5
7" means "if you," "/B>%#R" means "are interested,” "FJ 1" means "can," "B£ &" means

"contact," "FX" means "me."Example sentence 4: "{i#% ] LAR & o "Translation: "The price
is negotiable."Explanation: "{/1#%" means "price,” "7] 1" means "can be," " &" means
"negotiated."Putting it all together, the English version would be:"I have some extra exercise
books to sell. These exercise books are new and have never been used. If you’re interested,
you can contact me. The price is negotiable."This should give a clear idea of what’s being
offered and how to get in touch.I think this approach covers the basics. If there are specific
sentences provided, I can adjust the translations accordingly. But since they weren’t included,
these examples should serve as a good guide.

**Final Answer**:

I have some extra exercise books to sell. These exercise books are new and have never been

used. If you’re interested, you can contact me. The price is negotiable.

Figure 6: An example of rambling issues is illustrated. The so-called "final translation" deviates from the exact
translation, instead providing an explanation of the source text.
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* Input: Source: S£Z & 1ELZ - Please translate the following sentence from Chinese to
English.

e LLM Ouput: Okay, I have this task to translate some sentences from Chinese to English.
The source says it’s from a simple course, so probably basic-level sentences. I need to make
sure I understand the meaning correctly and translate them accurately. Let’s see.First, I need
to know what the sentences are. Since they’re not provided here, I’ll assume some common
simple Chinese sentences for practice. For example:1. FHIZFREZEE . 2. RKENXE
. 3. SRRAMRE - 4. RERE LBEMEE. 5. RAERIZHEY) - Alright,
let’s translate them one by one.Starting with the first one: "F )& F2EE . - "FH"
means "my."- "4 " means "name."- "J&" means "is."- "Z**£" is a name, so it should be

transliterated as "Li Hua."So, putting it together: "My name is Li Hua."Next, " E & H,

." means "L"- "E- (" means "like."- "&" means "watch" or "see."- "Fi " means

"movie."So, "I like to watch movies." or "I like watching movies." Both are acceptable, but

maybe "watching" sounds more natural. Third sentence: "4 KK SAREF - "- "4K" means

"today."- "X“<" means "weather."- "fR¥F" means "very good."So, "Today’s weather is very

good." or more naturally, "The weather today is very good." But in English, we often say

"Today’s weather is great." So maybe adjust it to sound more natural.Fourth sentence: "3 &

"non

= A
W o

KE EIEIEE . "~ "F" means "L"- "5 K" means "every day."- " " means "morning."-
"I%" means "drink."- "WIME" means "coffee."So, "I drink coffee every morning." That seems
straightforward.Last sentence: " AEWIZH AR - "- "F" means "L"- """ means

"not."- "= ¥" means "like."- "IZ" means "eat."- "B A" means "spicy."- "E " means

"food."So, "I don’t like to eat spicy food." or "I don’t like eating spicy food." Again, both are
acceptable, but maybe "eating" sounds more natural. Alright, so summarizing:1. My name is
Li Hua.2. I like watching movies.3. The weather today is very good.4. I drink coffee every
morning.5. I don’t like eating spicy food.I think these translations are accurate and sound
natural in English. It’s important to not only translate word-for-word but also consider how
native speakers would express those ideas.

Final Translation

1. My name is Li Hua.2. I like watching movies.3. The weather today is very good.4. I drink
coffee every morning.5. I don’t like eating spicy food.

Figure 7: An example of rambling is illustrated. The so-called "final translation" deviates from the exact translation,
instead providing an explanation of the source text.
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