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Abstract

Recent Large Reasoning Models (LRMs) with
thinking traces have shown strong performance
on English reasoning tasks. However, the
extent to which LRMs can think in other
languages is less studied. This is as important
as answer accuracy for real-world applications
since users may find the thinking trace
useful for oversight only if expressed in their
languages. In this work, we comprehensively
evaluate two leading families of LRMs on
our established benchmark XReasoning.
Surprisingly, even the most advanced models
often revert to English or produce fragmented
reasoning in other languages, revealing a
substantial gap in the capability of thinking
in non-English languages. Promoting models
to reason in the user’s language via prompt
hacking enhances readability and oversight.
This could gain user trust, but reduces answer
accuracy, exposing an important trade-off. We
further demonstrate that targeted post-training,
even with just 100 instances, can mitigate this
language mismatch, although accuracy is still
degraded. Our results reveal the limited multi-
lingual reasoning capabilities of current LRMs
and suggest directions for future research.!

1 Introduction

Large language models (LLMs) have demonstrated
impressive reasoning capabilities when prompted
to explicitly generate thinking traces step-by-step
in natural language (Wei et al., 2023). Recent
studies further show that encouraging models to
engage in long thinking traces at inference time,
or training for this behavior, significantly enhances
their reasoning accuracy (Muennighoff et al., 2025;
DeepSeek-Al, 2025). This approach has led to the
development of a new category of models designed

“Emails: j.qgi@rug.nl, schen73@bwh.harvard.edu,
zidixiong@g.harvard.edu, raquel.fernandez@uva.nl,
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'All code and datasets released at https://github.com/
Betswish/mCoT-XReasoning.
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Figure 1: Illustration of the trade-off between answer ac-
curacy and thinking language matching in multilingual
reasoning systems. English translations in brackets.

to generate more extensive and detailed reasoning
processes, referred to as Large Reasoning Models
(LRMs) (OpenAl et al., 2024; Welleck et al., 2024;
Snell et al., 2024; Muennighoff et al., 2025). How-
ever, their capabilities are mostly tested on English
tasks (DeepSeek-Al, 2025). It is less investigated
to what extent LRMs can think in a user’s native
language and how this affects their reasoning
accuracy, when it comes to multilingual reasoning
tasks. Illustrated by Figure 1(a), the matching
of the thinking language is as important as the
accuracy because it makes the trace more readable
and easier for users to verify. Even if the answers
are correct, the thinking traces in a language users
cannot understand may undermine their trust in
the model and lead to dissatisfaction with the
responses, which becomes especially pronounced
as tasks grow more complex in practice.

In this work, we comprehensively evaluate six
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state-of-the-art open-sourced LRMs belonging to
two families: Distilled-R1 (DeepSeek-Al, 2025),
and Skywork-OR1 (He et al., 2025). Due to
the lack of multilingual reasoning datasets, we
introduce a novel benchmark named XReasoning,
where we observe that even the latest 32B LRMs
suffer from the issue of language mismatch in
their thinking traces. Nevertheless, we reveal that
this mismatch can be significantly mitigated with
prompt-hacking techniques (c.f., Section 4.1), as
shown in Figure 1 (b). However, this comes at the
cost of reduced model performance, highlighting
a trade-off between explainability and accuracy
that may limit the practical value and application
of these models. Finally, we explore whether
post-training can mitigate language mismatches in
thinking traces, based on our observation that exist-
ing LRMs are more likely to reason in the correct
language when prompted to think in English or
Chinese, the two most prevalent languages in their
training data (DeepSeek-Al, 2025). The results
demonstrate that post-training, even with few
instances, improves LRM’s capability of thinking
in the user’s language but does not completely
resolve the trade-off between thinking language
matching and accuracy.

Overall, we make the following contributions: (i)
We reveal the important trade-off between language
matching and answer accuracy when the LRMs
face multilingual users. (ii) We propose and open-
source a new benchmark, XReasoning, with chal-
lenging math and science questions to evaluate mul-
tilingual reasoning capabilities of advanced LRM:s.
(iii) We show that language mismatch of thinking
traces can be alleviated through prompt hacking
or post-training, but both lead to a drop in answer
accuracy. Such persistence of this trade-off for cur-
rent models highlights the need for future work
toward more user-friendly multilingual LRMs.

2 Related Work

Multilingual Reasoning Benchmarks Recent
research has expanded model reasoning evaluation
beyond English. Shi et al. (2023) introduced
the Multilingual Grade School Math (MGSM)
benchmark, comprising 250 math problems in
11 languages. Similarly to Ahuja et al. (2023),
this work illustrates an uneven answer accuracy
across languages, typically favoring English with
a marginally higher-than-random accuracy for
low-resource languages like Bengali and Swahili.

However, with the rapid shift from LLMs to LRMs,
the limitations of existing multilingual benchmarks
have become evident (Ghosh et al., 2025). These
benchmarks often fail to capture the nuanced
accuracy differences across languages; for instance,
recent LRMs even achieve > 90% accuracy in
multiple high-resource languages on MGSM. To
fix this limitation, we propose XReasoning, a new
benchmark covering more challenging math and
science questions to better evaluate these LRMs.

Improving Answer Accuracy with Cross-lingual
Reasoning Various prompting methods leverage
English reasoning capabilities in multilingual tasks.
The simple translate-test baseline, i.e. translating
problems to English before solving them, often
enhances accuracy (Shi et al., 2023; Ahuja et al.,
2023). To minimize reliance on translation,
Huang et al. (2023) introduced XLT, a language-
independent prompt template to boost multilingual
reasoning accuracy without fine-tuning. On
mathematical reasoning tasks, concurrent work
(Yong et al., 2025) reveals that models reach higher
accuracy when prompted to think or respond in
English. Nevertheless, none of the above works
focus on whether the model can effectively think
using the user-specified language. We argue that
this behavior, beyond answer accuracy, should be
studied and optimized, especially for user-facing
multilingual reasoning systems.

3 Experimental Setup

Benchmarks As mentioned in Section 2, existing
datasets, like MGSM, are insufficient for evaluat-
ing the recent LRMs. For our evaluation, we start
from three reasoning datasets of challenging En-
glish questions, AIME2024 (Veeraboina, 2024),
AIME2025 (Kaggle, 2025), and GPQA (Rein
et al., 2023), and use GPT-40-MINI (OpenAl,
2024) to translate all questions into the other ten
languages covered by MGSM,? following previous
work on these languages (Singh et al., 2024; Ade-
lani et al., 2024; Raihan et al., 2024; Azime et al.,
2024). The resulting parallel challenging ques-
tions, combined with MGSM, form the XReason-
ing benchmark, consisting of 370 questions, each
in 11 languages.? See Appendix B for examples.

2Concretely, English (EN), Spanish (ES), French (FR),
German (DE), Russian (RU), Chinese (ZH), Japanese (JA),
Thai (TH), Swahili (SW), Bengali (BN), and Telugu (TE).

3Note that the answers do not require translation since they
are all Arabic numbers or option letters.

20280



Models We comprehensively test six advanced
LRMs belonging to two model families: Distilled-
R1 (DeepSeek-Al, 2025) 1.5B, 7B, 14B, and 32B,
and Skywork-OR1 (He et al., 2025) 7B and 32B.

Evaluation As a focus of this work, we evaluate
language matching rate by calculating the ratio of
instances for which the LRMs correctly follow the
instruction to think in the specified language. The
commonly used LANGDETECT toolkit (Shuyo,
2010; Jauhiainen et al., 2019; Gargova et al., 2022;
Wyawhare, 2023; Valliyammal et al., 2024; Habib
et al., 2024) is adopted to predict the language of
the thinking trace between special thinking tokens
‘<think>" and ‘</think>’.

4 Experiments and Results

4.1 Language Matching vs. Answer Accuracy

Prompt Hacking Besides the standard prompt-
ing with explicitly specified thinking language
in the instruction*, we introduce and leverage
the prompt hacking technique, widely studied by
works in model security and controllability (Schul-
hoff et al., 2023; Liu and Hu, 2024; Benjamin
et al., 2024; Wu et al., 2025), to induce the LRM
to generate the thinking traces in the user-expected
languages (see Figure 1). Specifically, the hacking
prefix ‘By request, I will start thinking in {USER_-
LANG} is translated into the user language® and
concatenated after the ‘<think>’ token, which
indicates the start of the thinking trace. As we will
demonstrate, this prefix strongly influences the dis-
tribution of subsequent tokens, biasing the model
toward generating text in the same language as the
prefix. Examples are provided in Appendix D.

Overall Results Table 1 presents the overall
performance of the six LRMs on XReasoning. All
models struggle to follow instructions to think in
the user-specified languages when queried with
standard prompts, except for the larger models on
MGSM (which contain easier questions). Even
for Distill-R1-32B, the language matching rate
is only 46.3% on AIME and 42.3% on GPQA.
In addition, motivating models to generate the
thinking traces in the user query language with
prompt hacking boosts language matching across

4See Appendix C for examples.

>Previous work in retrieval-augmented generation (Zhang
et al., 2024; Chirkova et al., 2024; Qi et al., 2025) highlights
the importance of translating the instructions into the users’
language to facilitate the model to respond in their languages.

Model AIME (%) GPQA (%) MGSM (%)
Match. Acc. ‘ Match. Acc. ‘ Match. Acc.
DeepSeek-Distilled-R1 Series

1.5B 49.0 4.8 33.1 10.5 | 54.0 28.6
|-hack | 86.61 2.7, | 8021 6.9] | 86.1T 21.8]

7B 48.5 174 | 444 255 | 793 50.5
I-hack | 90.71 83| | 88.17 19.20 | 93.97 48.9]

14B 40.9 272 | 428 405 | 83.2 68.1
l-hack | 9591 14.4] | 96.61 29.1] | 97.01 63.9]

32B 46.3 255 | 423 40.3 | 94.0 70.2
l-hack | 97.91 17.0) | 96.61  33.4] | 98.81  7L.71

Skywork-OR1 Series

7B 27.6 31.2 | 237 26.6 | 72.8 57.3
|-hack | 84.17 17.2) | 81.17 234 | 92.17 517}

32B 329 448 | 32.8 53.6 | 83.1 75.4
|-hack | 95.81 29.6) | 947t 39.8] | 98.6F 719

Table 1: Average language matching rate (Match.) and
answer accuracy (Acc.) over 11 languages. Arrows com-
pare each hack value against its standard counterpart.

the board, from roughly 45-50% to well above
90% at every parameter scale. This leads to a
drop in accuracy, which shrinks as model size
increases. Compared to smaller models, larger
models remain more accurate when matching the
user language in their reasoning, yet a measurable
accuracy decrease persists on the harder tasks.
Taken together, larger model scale mitigates, but
does not eliminate, the trade-off between language
matching rate and answer accuracy.

Language-Specific Results Figure 2 illustrates
Distilled-R1-32B performance on AIME questions,
showing detailed breakdowns by query and think-
ing language pairs.® The heatmaps clearly illustrate
the failure of the LRM in generating the think-
ing trace in the specified language when fed with
standard prompts (left-top). Specifically, when
prompted to think in French, the model almost
always thinks in English’ (see Table 2). Figure 2
heatmaps also reveal the impact of prompt hacking
on language matching rate and answer accuracy.
Notably, motivating the model to reason in a spe-
cific language with the hacked prompts increases
the matching rate from an average of 46% to 98%.
However, as a trade-off, this increment introduces a
noticeable accuracy decrement from 26% to 17% in
average. Interestingly, we observe that reasoning in
English, even for non-English queries, consistently

®Colors represent percentages: darker blue indicates higher
matching or accuracy; lighter denotes lower values.

"We find the same issue even when prompting the 671B
R1 to think in French.
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Figure 2: Heatmaps of language matching rates (top)
and accuracy (bottom) for Distilled-R1-32B on AIME,
before (left) and after (right) prompt hacking.

results in higher accuracy, especially after prompt
hacking. This aligns with concurrent work on im-
proving answer accuracy via cross-lingual reason-
ing (Yong et al., 2025), supporting the reliability
of our experiments and XReasoning benchmark.
This finding, we argue, also highlights a clear En-
glish thinking preference for the advanced LRMs,
and the potential of investing more efforts in the
multilingual reasoning capabilities of these LRMs.

Actual Thinking Languages Corresponding to
the language matching heatmaps in Figure 2, we
conduct an in-depth analysis of the languages that
LRM actually used for its thinking. For each query
and thinking language pair, we collect the predicted
language distributions of the thinking traces on
Distilled-R1-32B, produced with LANGDETECT
on all AIME questions. The averaged distributions
are shown in Table 2 (see extensions in Appendix
G), where a clear mismatch is observed when the
LRM is instructed to think in French, Japanese,
Thai, and Swabhili. Besides, the mismatch thinking
languages all fall into either English or Chinese,
suggesting the impact of thinking data on the
model’s reasoning capability.

4.2 Post-Training with Few Instances

Figure 2 shows strong performance in English and
Chinese, but weaker among others.

Setup To see whether further training can help,
we post-train on Distilled-R1-7B using mini train-
ing sets of 100, 250, 500, and 817 instances per

Ques. Specified | Language Prediction of Thinking Traces

Lang. | Think Lang.
EN EN "EN’: 100.0
FR EN EN’: 100.0
DE EN EN’: 100.0
ZH EN ’EN’: 93.33, °ZH’: 6.67
JA EN ’EN’: 100.0
RU EN ’EN’: 100.0
ES EN "EN’: 100.0
BN EN ’EN’: 100.0
TH EN "EN’: 100.0
SW EN "EN’: 100.0
TE EN ’EN’: 100.0
EN FR ’EN’ 100.0
FR FR ’EN’ 96.67, 'FR’: 3.33
DE FR ’EN’ 100.0
ZH FR ’EN’ 98.09, 'FR’: 1.67, others’: 0.24
JA FR ’EN’ 98.33,’FR’: 1.67
RU FR ’EN’ 98.33,’FR’: 1.67
ES FR ’EN’ 96.67, 'FR’: 3.33
BN FR ’EN’ 96.67, 'FR’: 3.33
TH FR ’EN’ 100.0
SW FR ’EN’ 70.0, ’FR’: 30.0
TE FR ’EN’ 98.33,’FR’: 1.67
EN DE ’EN’ 70.0, 'DE’: 30.0
FR DE ’EN’ 83.57,’DE’: 16.43
DE DE "DE’: 96.43, ’EN’: 1.67, "others’: 1.19,’ZH’: 0.71
ZH DE "DE’: 84.52, ’EN’: 15.0, "others’: 0.48
JA DE "DE’: 52.62, ’EN’: 45.71, others’: 1.67
RU DE ’EN’ 84.05, ’DE’: 15.48, others’: 0.48
ES DE ’EN’ 83.57,’DE’: 1643
BN DE ’EN’ 93.33,’DE’: 6.67
TH DE ’EN’ 93.09, 'DE’: 6.67, 'ES’: 0.24
SwW DE "'DE’: 51.43, ’EN’: 48.57
TE DE "DE’: 64.52, ’EN’: 35.48
EN ZH "ZH’: 88.1, "others’: 10.95, ’EN’: 0.95
FR ZH "ZH’: 89.05, "others’: 10.48, "EN’: 0.48
DE ZH ZH’: 93.81, "others’: 5.71, ’EN’: 0.48
ZH ZH "ZH’: 91.43, "others’: 8.1, 'EN’: 0.48
JA ZH "ZH’: 95.0, "others’: 4.52, "EN’: 0.48
RU ZH ZH’: 95.95, *others’: 3.1, 'EN’: 0.95
ES ZH ZH’: 88.81, "others’: 10.71, "EN’: 0.48
BN ZH *ZH’: 95.0, "others’: 4.76, ’EN’: 0.24
TH ZH *ZH’: 92.14, *others’: 5.24, ’EN’: 2.62
SW ZH "ZH’: 93.09, *others’: 6.9
TE ZH "ZH’: 91.43, *others’: 8.57
EN JA ’ZH’ 89.29, ’others’: 5.71, 'JA’: 3.33, ’EN’: 1.67
FR JA ’ZH’ 77.62,EN’: 9.05, *others’: 8.33, JA": 5.0
DE JA ’EN’ 55.95,°ZH’: 40.95, *others’: 3.1
ZH JA 'ZH’ 87.14, ’others’: 10.48, "EN’: 2.14, ’ES’: 0.24
JA JA ’ZH’ 80.24, ’others’: 10.48, "JA’: 8.81, ’EN": 0.48
RU JA ’ZH’ 87.86, *others’: 9.76, "JA™: 1.67, "EN’: 0.71
ES JA ’ZH’ 85.95, ’others’: 12.86, ’EN’: 1.19
BN JA 'ZH’ 82.62, others’: 8.33,'JA’: 6.67, 'EN": 2.38
TH JA ’ZH’ 87.38, ’others’: 8.1, "EN’: 4.52
SwW JA ’EN’ 54.29,°JA’:25.24,°ZH’: 11.9, ’others’: 8.57
TE JA 'ZH’ 80.24,°JA’: 8.33,’EN’: 6.67, "others’: 4.76
EN RU 'RU’: 99.76, ’others’: 0.24
FR RU ’RU’: 100.0
DE RU ’RU’: 96.67, ’EN’: 1.67,’ZH’: 1.67
ZH RU 'RU’: 84.76, °ZH’: 11.9, *others’: 3.33
JA RU ’RU’: 80.0, ZH’: 12.62, *others’: 5.71, ’EN’: 1.67
RU RU ’RU’: 99.76, ’others’: 0.24
ES RU ’RU’: 100.0
BN RU ’RU’: 100.0
TH RU "RU’: 99.76, *others’: 0.24
SwW RU ’RU’: 100.0
TE RU "RU’: 98.09, ’others’: 1.9

Table 2: The distribution of the predicted actual lan-
guage of the thinking traces when the LRM is prompted
to reason in each thinking language. The results are
averaged over all questions in the same language. The
mismatched thinking languages are highlighted in red.

low-resource language (Japanese, Thai, Telugu),
resulting in six post-trained LRMs. The training
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Figure 3: Language matching rate and answer accuracy
of Distilled-R1-7B with no post-training, post-training
on 100 instances, and post-training on 250 instances
for 3 languages: Japanese, Thai, and Telugu.

data are filtered from LIMO (Ye et al., 2025), com-
prising math problems with step-by-step solutions
from the teacher model (DeepSeek-R1-671B), and
translated by GPT-40-MINL.® See Appendix H for
implementation details and examples.

Results Figure 3 illustrates the changes in lan-
guage matching and answer accuracy before/after
post-training, when the LRMs are prompted to
think in Japanese, Thai, or Telugu.’ Post-training
on merely 100 in-language instances effectively
led the matching rate to a sharp increment to
nearly 100% for Thai and Telugu and to around
80% for Japanese. However, this gain in matching
rate comes at a cost in answer accuracy across all
datasets. This demonstrates the effectiveness of
post-training to improve language matching, but
the trade-off with accuracy persists. Increasing the
instances does not reliably mitigate the issue. In
fact, when increasing from 100 to 250 training in-
stances, the post-trained models suffer from a drop
in matching rate on Japanese and Thai on AIME
and GPQA, and on Thai and Telugu on MGSM;
while answer accuracy exhibits only marginal re-
covery far below the accuracy of the original LRM.

8The translated LIMO is open-sourced at

https://huggingface.co/collections/shanchen/
xreasoning-681e7625c7a%ec4111a634b6.

The result is averaged over eleven query languages. See
Appendix I for full results.

Eval Metric \ AIME \ GPQA \ MGSM
Matching Rate (%)

Base 41.5 29.2 58.6

PostTrain-250 65.0 46.8 779

Merge-250 68.7 55.7 67.3
Answer Accuracy (%)

Base 14.6 27.4 50.7

PostTrain-250 9.0 9.3 429

Merge-250 7.9 21.6 50.5

Table 3: Model performance on AIME, GPQA, and
MGSM with Deepseek-Distill-R1-7B post-trained on
250 Japanese instances (PostTrain-250) and the merged
LRM (Merge-250). All LRMs are prompted to think in
Japanese.

Advanced Exploration of Model Merging In-
spired by the concept of model merging (Worts-
man et al., 2022; Wang et al., 2024; Choi et al.,
2024), where a new model takes the advantages
of two existing models by weighted averaging
their parameters, we construct an LRM Merge-250
whose parameters are the weighted combination
of Distill-R1-7B and the post-trained LRM fine-
tuned on 250 Japanese instances. As shown in
Table 3, the merged model consistently achieves a
higher matching rate than the base model across all
datasets. It also attains higher accuracy on GPQA
and MGSM compared to the LRM trained on 250
instances. Nevertheless, its accuracy remains lower
than that of the original model on every dataset,
highlighting the severity of the trade-off problem.

5 Conclusion

In this work, we investigate the overlooked issue
of language matching in thinking traces and its
trade-off with answer accuracy in multilingual
reasoning systems. Using our new XReasoning
benchmark, we show that even state-of-the-art
LRMs struggle to generate thinking traces in a
user-specified language. Simple prompt-hacking
reduces language mismatch but at a substantial cost
to accuracy, especially on complex tasks. Further,
targeted post-training on 100-250 examples
sharply improves language alignment but still
markedly reduces accuracy, highlighting this
persistent trade-off. We argue that advanced
adaptation strategies, such as reinforcement
learning (Li, 2017; Ouyang et al., 2022; Shao et al.,
2024), will be critical to resolve this tension and
develop multilingual reasoning systems suitable
for practical, trustworthy applications.
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Limitations

Our analysis, though informative, is constrained
in several important ways. First, the benchmark
focuses exclusively on math and science ques-
tions translated from AIME 2024/2025, GPQA-
Diamond, and MGSM. Because these tasks yield
short, well-structured answers, it remains unclear
whether the observed trade-off between thinking
language alignment and answer accuracy general-
izes to open-ended or domain-specific reasoning,
such as everyday common sense or legal discourse.
Furthermore, all non-English content (questions,
prompt instructions, hacking prefixes, and training
instances) was machine translated with GPT-40-
MINI. Despite spot checks, subtle semantic drift
may persist, introducing noise into both language-
matching and answer accuracy scores.

A second limitation arises from our reliance
on an off-the-shelf language identification tool.
LANGDETECT’s default language profiles are gen-
erated from Wikipedia (Shuyo, 2010; Danildk,
2020)'°, so brief mathematical expressions or code-
switched traces can be misclassified, slightly inflat-
ing or deflating reported language matching rates.
In parallel, we measure only the surface-level align-
ment of the thinking traces with the query lan-
guage and the correctness of the boxed answer,
leaving the deeper analysis of faithful reasoning
unanswered (Chen et al., 2025; Chua and Evans,
2025; Arcuschin et al., 2025; Stechly et al., 2025),
namely, whether the model actually uses its trace
to derive the answer.

Finally, our mitigation study is deliberately
lightweight: we fine-tune on no more than 250
examples per language, which may not extrapolate
to truly low-resource settings or languages with
markedly different morphology and orthography.
We also assume that presenting traces in a user’s
language is desirable and increases trust by en-
abling human oversight beyond reviewing only the
final answer. A user-centered evaluation, combin-
ing preference elicitation with task performance,
will be essential for assessing how multilingual
reasoning systems translate into trust and safe, ef-
fective use of LRMs in practice.
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A Experimental Details

Computational Resources For the evaluation of existing models, we use greedy decoding for best
reproducibility. The maximum token number for generation is set to 16392 to maximize the reasoning
capability. Most our experiments are conducted on A100 with 40GB using VLLM (Kwon et al., 2023)
with approximately 7,000 GPU hours. And 2000 A/H100 80GB hours for 32B models’ inferencing and
roughly 1000 GPU hours for training.

Accuracy Evaluation We implement the exact matching metric for evaluating answer accuracy. Regex
is adopted to extract the answer field from the (i.e., “\boxed{ans.}"), the answer format these
LRMs are pretrained to output.

B XReasoning Benchmark Examples

The examples of questions in our established XReasnoing benchmark are shown in Table 4, where AIME
and GPQA questions are more challenging than MGSM.

Dataset ‘ Difficulty ‘ Query ‘ Answer ‘ Source

AIME Hard Let ABC be a triangle inscribed in circle w. Let the tangents to w | 113 Our translated
at B and C intersect at point D, and let AD intersect w at P. If
AB =5, BC =9, and AC = 10, AP can be written as the form
2¢, where m and n are relatively prime integers. Find m + n.

GPQA | Hard Problem: Two quantum states with energies E1 and E2 have a | D Our translated
lifetime of 10~ sec and 108 sec, respectively. We want to clearly
distinguish these two energy levels. Which one of the following
options could be their energy difference so that they can be clearly
resolved? (A) 10~ eV (B) 1078 eV (C) 1072 eV (D) 10~ % eV

MGSM | Easy If there are 3 cars in the parking lot and 2 more cars arrive, how | 5 Existing
many cars are in the parking lot?

Table 4: Examples AIME, GPQA and MGSM instances in our proposed XReasoning benchmark. Difficulty level is
assigned based on reasoning intensity by the authors.

C Prompts and Instructions

To ensure the model responses are always in the query language, we follow previous works (Chirkova
et al., 2024; Zhang et al., 2024; Qi et al., 2025) and adopt language-specific instructions to explicitly and
implicitly guide the model to generate thinking trace in the user-specified languages. The examples in
English, Spanish, Chinese and Japanese are listed in Table 5.

D Prompt Hacking Prefix
The English, Spanish, Chinese and Japanese prefixes for prompt hacking are listed in Table 6.

E Prompts Without Language-Specific Instruction

For comprehension, we also evaluate model performance when no language-specific instruction is
provided. The results of these uncontrolled prompts are shown in Table 7, where the results strongly
support the two main claims of our paper: (1) a low matching rate of the thinking trace language to the
user language is observed and (2) an obvious trade-off is revealed from the results when the model is
motivated to respond in the user language.

F Reliability of Automatic Language Detector

For the reliability of the automatically detected thinking languages, we evaluate the alignment of LANGDE-
TECT predictions with human beings. Specifically, we focus on the models’ thinking traces when prompted
to think in Japanese, another struggling thinking language for the tested LRM, where the languages of
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Language | Instruction

EN Please always think in English. Solve the following mathematics problem step
by step. At the end, provide your final answer enclosed in \boxed{}.

ES Por favor, siempre piensa en espafiol. Resuelve el siguiente problema

matematico paso a paso. Al final, proporciona tu respuesta final encerrada
en \boxed{}

ZH BIRE R CUEE « BPBRLUTECER . &5, BIEREERN
7E\boxed{} H -

JA WICHRTHEZ TS EE V. LNOHEE 2T v T34 27 v T TR
WTL 2 XV RIS N EZE Z % \boxed{} TATRRML T %
X,

Table 5: The examples of the adopted instructions for guiding LRMs to generate thinking traces in the user
languages.

Language \ Instruction
EN ‘ <lAssistantI><think> By request, I will start thinking in English.
ES ‘ <l|AssistantI><think> A peticién, empezaré a pensar en espaiol.
ZH | <lAssistanti><think> FIZ3R, FeRFIF iR A IR «
JA | <lAssistantl><think> ZERK A dHhid~ HRTHEZ G £ § -

Table 6: The examples of the prefixes used in prompt hacking experiments for promoting LRMs to think in the
user-specified languages.

AIME (%) GPQA (%) MGSM (%)
Match. Acc. ‘Match. Acc. ‘Match. Acc.

7B-No | 298 254 |262 300 |664 512
7B-Inst | 48.57 174 | 4441 2550 | 7931 50.5)
I-hack | 90.71  83) | 88.11 19.2] | 93.91 48.9]

Model

Table 7: Average language matching rate (Match.) and answer accuracy (Acc.) over 11 languages. Arrows compare
each value against its counterpart above.

most thinking traces are predicted as Chinese. We invite native speakers to manually check if these cases
are Chinese segments. Feedback confirms that all predictions are correct. The LRM is indeed thinking in
Chinese on these questions, even though prompted to think in Japanese, e.g., below is a question queried
in Japanese but got the thinking trace in Chinese: ‘<think>%F, FINAEZMEHIX A JLFAIRIE - & H
ERT=ZMAABCHETH o, HBMCLAHKIILERDHEL, ZBEADSE 0 HFIXZTHP: B
KIAB=5, BC=9, AC=10, ZRAPHIKIE, FoRAHIE S Em/mn, IRJ5>Km+n[...]</think>". This
demonstrates the reliability of our experiments where LANGDETECT is adopted for automatic language
detection.

G Extension of Actual Thinking Languages

The extension of the actual thinking languages is shown in Table 8.
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H Details of Post-Training Experiments

H.1 Translated LIMO Examples

For the post-training in Japanese, Telugu, and Thai, we translate the LIMO (Ye et al., 2025) into the three
languages by GPT-40-MINI. The examples of the translated Japanese instances are illustrated in Table 9.
For full translated instances in Japanese, Telugu, and Thai, please refer to https://huggingface.co/
collections/shanchen/xreasoning-models-68377e15a2e86143dc4b0383.

H.2 Post-Trained LRMs and Accessibility

Overall, seven models are evaluated in our work: the base model, plus two variants (post-trained with
100 or 250 instances) each for Japanese (JA), Telugu (TE), and Thai (TH). A low learning rate (1e-5)
is applied to minimize overfitting and catastrophic forgetting during our post-training. All these post-
trained LRMs are also publicly accessible via https://huggingface.co/collections/shanchen/
xreasoning-681e7625c7a%ec4111a634b6.

I Full Results of Post-Training

The full results on the LRMs post-trained with Japanese, Telugu and Thai instances are shown in Table
10, 11 and 12, where the LRMs are always prompt to think in the same language as that of the training
data, given queries in different languages. We also include the model performance when the LRMs are
post-trained on 500 and 817 Japanese instances.
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Ques. Specified Language Prediction of Thinking Traces
Lang. | Think Lang.
EN ES ’EN’ 93.33, ’ES’: 6.67
FR ES ’EN° 85.0, ’ES’: 15.0
DE ES ’EN® 98.33, ’ES’: 1.67
ZH ES "ES’: 46.43,’EN’: 38.1, ’ZH’: 15.0, ’others’: 0.48
JA ES "ES’:45.0,’EN’: 40.0, "ZH’: 14.76, ’others’: 0.24
RU ES "ES’: 78.09, ’EN’: 21.67, *others’: 0.24
ES ES "ES’: 78.09, ’EN’: 21.67, *others’: 0.24
BN ES ’EN° 85.0, ’ES’: 15.0
TH ES ’EN’ 75.0, ’ES’: 25.0
SW ES "ES’: 71.43,’EN’: 28.33, *others’: 0.24
TE ES ’EN’ 53.33, ’ES’: 46.67
EN BN ’EN® 58.33, ’BN’: 41.67
FR BN ’EN° 86.67, ’BN’: 11.67, *others’: 1.67
DE BN ’EN° 71.67, ’BN’: 28.33
ZH BN ’BN’: 100.0
JA BN ’BN’: 91.67, ’EN’: 8.33
RU BN ’BN’: 70.0, ’EN’: 30.0
ES BN ’EN’ 78.33, ’BN’: 21.67
BN BN ’BN’: 98.33, ’EN’: 1.67
TH BN ’EN° 70.0, ’BN’: 30.0
SW BN ’EN’ 65.0, ’BN’: 35.0
TE BN ’BN’: 55.0, ’EN’: 45.0
EN TH ’EN® 43.81, 'TH’: 41.67, ’ZH’: 10.24, ’others’: 4.29
FR TH ’EN° 86.19, 'TH’: 11.67, ZH’: 1.67, ’others’: 0.48
DE TH ’EN° 95.0,TH’: 5.0
ZH TH ’ZH’ 86.67, ’others’: 6.43, "'TH’: 5.0, ’EN’: 1.9
JA TH ’ZH’ 57.14,EN’: 28.33, "'TH’: 10.0, ’others’: 4.52
RU TH ’EN° 49.05,°ZH’: 35.0, "'TH’: 13.33, "others’: 2.62
ES TH ’EN® 83.1,°ZH’: 10.24, *'TH’: 3.33, *others’: 3.33
BN TH ’EN® 75.0, "TH’: 18.33, °ZH’: 5.0, *others’: 1.67
TH TH "TH’: 41.67,ZH’: 35.71,’EN’: 15.95, "others’: 6.67
SwW TH ’EN° 55.0,"TH’: 45.0
TE TH ’EN’ 48.33,'TH’: 45.0, "ZH’: 5.0, *others’: 1.67
EN SW ’EN’ 100.0
FR SW ’EN° 100.0
DE SW ’EN’ 98.33, ’others’: 1.67
ZH SW ’EN* 100.0
JA SW ’EN° 99.76, ’ES’: 0.24
RU SW ’EN° 100.0
ES SW ’EN° 98.33,°SW’: 1.67
BN SW ’EN° 96.67,’SW’: 3.33
TH SwW ’EN’ 100.0
SW SW ’EN° 75.0, ’SW’: 25.0
TE SW ’EN° 96.67,’SW’: 3.33
EN TE ’EN° 68.33, 'TE’: 31.67
FR TE ’EN° 61.67, 'TE’: 38.33
DE TE ’EN° 76.67, 'TE’: 23.33
ZH TE "TE’: 88.33,’ZH’: 10.24, *others’: 1.43
JA TE ’ZH’ 55.0, ’TE’: 28.33, *others’: 7.86, ’EN’: 6.9, "JA’: 1.9
RU TE "TE’: 95.0, ’EN’: 3.33, ’RU’: 1.67
ES TE "TE’: 61.67, 'EN’: 38.33
BN TE ’EN’ 65.0, ’'TE’: 30.24, ’BN’: 3.81, ’others’: 0.95
TH TE ’EN° 76.67, 'TE’: 23.33
SW TE "TE’: 85.0, ’SW’: 8.33, ’EN’: 6.67
TE TE "TE’: 96.67, ’EN’: 3.33

Table 8: Cont. The distribution of the predicted language of the thinking traces, averaged over all questions in the
same language, when the LRM is prompted to reason in each thinking language.
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Language ‘ Question

‘ Model Response

Answer

JA JUF L7 i3 —7E | < | Assistant | ><think> 620
OHETH &l | EEATER:
ELTANLDD | LIRTCOV 8 v A 20 EEFFT S F #5EDT 28 v LEFIL W) -
DISSHOEEE | 2. FNTORFMEE RS FILE-[025]0 &> ARQIEL x>
WMo Fd. V= |3 4RXTOINT Oy s Z2OLERETS -
=77 @d A |4 T NTORE . BT BRI S .
L7 DHEFDASY | TEOF F 2 b
DID—EDHEE | €T~ ZO% 279 T4 279 FTTHMLUTHEL &S LFLI7E Y227 75074 LS ECHEBNT. FMICEEL
THABEEET | T HoNERL VDD okDOr52DF B LENHD FT .
MWV x2=77 |[.]
1327 4 L Db 1 | </think>
1255 DREE AT | Answer: b2 D E Lk CHhERT Y T4 27y TTHBLELES . LELTE Y2 =7 7 3 FhZhDHOMHEE fkEE
DEF V= | FPalEELT.509ALAEHTHTEIOE»»24RKOBVESHD T . 116 1F—ICHL -~ 5074 LHEICRICEIEL £
77 ENLFLT | T
BEICH 2HE | =279 71 HEL 2 ET 5%
w507 4 L |- L FLTDEDEEER VA LIS
DOHEITS &9 | [.]
FRIU ICEFEL |-=Y 2 =7 7 Dx
9. /oM 2002+120:500+120:620ﬁ7‘
oD T 3X 35
Lkon? FHRFICEIBET 5 DT h o 721395620 574 TF
620
JA W4 A | < | Assistant | ><think> 11
7(4,-2) T | EEAER:
Ho -~ HFERA| L

Ay = ax? +br+c
ThH B L
¥ ¢ . 7
L a>07T&h
D a+b+ecix
BHTY . aD
BRI L O
oSN
TE.ZZTp
g BEWICE
ZIEOEHT
Teop+qtRD
Hx.

bt Eh6 . HEo(1/4,-98) IZH D - HERSy=ax® +bx+c T a>0 »Da+b+c BEETH 5 YO OF/NATREE D
FBLENSHB . KU COBNDD FHEhESEplqE LTEL - p+qak® 3. 54 IO AR BOHT 25
B & -
[]
</think>
Answer: B/NOT[fiE % a &K % 72912 - ,‘é‘l(%,*%) 25« Ry =a2® +br+¢cTa> 02 Da+b+c BEETH 5 HPIC>
WTEZFEFT. T BYPOEFR» 6160 F T
B 1% 9
v=a\"71) T8

[]
L7ZdoTs F/hDaid2 ThHD - p=28&Uq=9TT. LW >T ptqg=2+9=11-

Table 9: The examples of the translated LIMO training instances in Japanese (JA).
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Eval Metric ‘ # Ins. ‘ AVG | Query Language

‘ ‘ ‘ EN FR DE ZH JA RU ES BN TH SW TE
AIME

None | 41.5 | 255 383 S51.1 272 733 372 383 294 433 556 372
Matching 100 | 76.4 | 956 939 728 944 933 928 933 11.1 656 683 589
Rate (%) 250 | 65.0 | 894 739 283 96.7 989 794 949 1.7 983 322 21.7
500 | 749 | 922 733 845 944 933 772 86.1 31.1 933 489 495
817 | 73.1 | 91.1 71.1 839 91.7 933 76.1 81.7 36.1 91.1 383 50.0

None | 14.6 | 222 205 189 21.1 83 161 172 161 88 39 83
Answer 100 49 | 56 78 67 33 44 72 72 33 44 17 1.7
Acc. (%) 250 90 | 67 89 205 55 44 89 6.1 21.1 55 06 106
500 135 | 134 156 16.1 156 11.1 189 133 205 10.6 39 10.0
817 12.1 | 139 128 122 133 139 133 144 155 11.7 28 89

GPQA

None | 29.2 | 145 253 123 323 724 229 234 237 298 333 305
Matching 100 | 61.6 | 81.0 75.6 380 86.5 877 769 781 103 384 709 338
Rate (%) 250 | 46.8 | 67.2 573 22 80.6 92.1 487 60.1 0.8 773 209 7.8
500 | 52.0 | 71.2 549 263 794 813 530 583 126 835 30.1 214
817 | 55.7 | 66,5 61.1 36.6 783 84.0 537 57.6 21.7 837 362 33.6

None | 274 | 345 299 30.6 286 237 281 29.1 289 248 212 223
Answer 100 | 12.1 | 114 165 194 96 128 11.1 106 104 95 126 9.8
Acc. (%) 250 | 9.3 | 114 106 160 58 74 98 88 121 54 6.1 84
500 | 11.0 | 11.9 131 185 69 73 116 133 143 78 7.1 96
817 | 108 | 124 118 148 84 69 141 138 104 86 69 10.1

MGSM

None | 58.6 | 80.5 58.5 257 672 935 685 657 399 365 440 644
Matching 100 | 648 | 956 759 245 949 992 81.7 881 6.7 412 644 409
Rate (%) 250 | 779 | 99.1 83.1 44.8 98.1 99.7 944 913 339 87.1 544 7T1.2
500 | 67.5 | 964 71.7 136 945 981 835 785 373 945 323 41.6
817 | 704 | 97.5 73.1 284 936 96.1 844 80.1 409 89.5 36.8 539

None | 50.7 | 71.6 604 655 672 50.0 593 612 442 493 55 225
Answer 100 | 464 | 663 548 63.6 593 516 585 571 404 462 36 112
Acc. (%) 250 | 429 | 643 553 604 535 46.1 519 625 328 537 36 153
500 | 443 | 67.6 55.1 657 485 38.0 547 597 421 315 29 209
817 | 44.7 | 65.7 555 609 535 435 552 567 424 347 33 200

Table 10: Model performance on AIME/GPQA/MGSM dataset with Deepseek-Distill-R1-7B post-trained on
100/250 few Japanese instances. The LRM is prompted to think in Japanese.
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Eval Metric ‘ # Ins. ‘ AVG H Query Language
\ | EN FR DE ZH JA RU ES BN TH SW TE
AIME

None | 29.1 | 172 244 306 95 256 250 256 333 395 544 355

g::g?;f 100 99.6 | 100.0 100.0 994 994 100.0 100.0 100.0 994 100.0 994 98.3
250 919 | 950 894 90.6 1000 994 933 889 850 100.0 81.7 87.8
500 72.1 | 77.8 567 650 883 839 606 655 633 86.1 66.1 80.0
817 609 | 739 411 506 750 650 422 528 61.1 822 533 722
None | 18.6 | 294 256 250 21.7 145 239 222 139 145 33 11.1
Answer

Ace. (%) 100 4.6 6.7 5.0 22 4.5 4.4 5.5 72 44 5.6 06 28
250 8.0 12.8 83 11.1 83 8.3 8.9 9.4 7.8 6.1 06 6.7
500 | 18.8 | 244 245 255 194 211 233 228 161 133 6.7 95
817 185 | 194 267 267 161 200 244 222 206 133 55 83

GPQA
None | 256 | 184 192 197 83 205 197 174 305 498 422 357

g::gl(‘f;f 100 | 980 | 993 988 975 993 991 997 990 965 993 980 91.4
250 | 823 | 805 838 70.5 985 975 697 808 852 983 586 822
500 | 478 | 53.0 448 377 862 598 244 512 397 790 141 362
817 | 41.8 | 417 399 333 697 472 189 473 345 793 147 333
None | 275 | 335 266 29.1 298 263 283 313 246 276 253 226
Answer

Acc. (%) 100 9.1 10.1 8.8 9.9 6.1 104 9.9 91 104 111 73 76
250 | 116 | 133 109 155 7.1 113 153 13.0 94 86 11.6 10.6
500 | 185 | 204 202 237 141 162 244 212 177 146 163 14.6
817 154 | 187 18.0 184 10.1 146 212 153 165 104 136 125

MGSM
None | 71.5 | 699 635 676 584 733 750 659 80.7 885 755 677

%:::l(‘:% 100 | 976 | 940 955 987 988 999 997 975 995 993 983 944
250 | 983 | 99.6 949 945 999 997 999 973 992 999 985 983
500 | 92.8 | 987 879 763 1000 992 980 804 98.1 997 841 97.9
817 | 860 | 96.1 749 540 944 961 921 732 927 99.1 803 92.5
None | 479 | 69.9 553 579 652 389 573 627 353 500 55 217
Answer

Acc. (%) 100 | 36.7 | 57.7 45.6 46.8 459 295 407 505 250 472 3.1 135
250 | 455 | 72.8 548 588 577 432 519 63.6 31.7 540 48 129
500 | 48.1 | 751 580 596 599 428 599 643 341 529 41 181
817 | 457 | 71.1 568 583 584 421 556 617 304 496 28 159

Table 11: Model performance on AIME/GPQA/MGSM dataset with Deepseek-Distill-R1-7B post-trained on
100/250 few Thai instances. The LRM is prompted to think in Thai.
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Eval Metric ‘ # Ins. ‘ AVG Query Language

\ \ | EN FR DE ZH JA RU ES BN TH SW TE
AIME

Matching None | 15.8 33 7.8 6.7 0.6 21.1 11.1 6.7 6.7 233 328 544
Rate (%) 100 | 99.6 | 994 983 100.0 994 100.0 100.0 100.0 994 989 100.0 100.0
250 | 100.0 | 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
500 | 99.6 | 100.0 989 100.0 100.0 994 100.0 100.0 100.0 989 994 994
817 99.9 | 100.0 100.0 100.0 100.0 100.0 994 100.0 100.0 100.0 100.0 100.0

A None | 243 | 317 333 283 278 256 283 306 233 239 56 89
Ace. (%) | 100 | 02 | LI 00 00 00 06 00 00 00 00 06 00

250 | 08 | 06 00 L1 17 L1 Ll 06 06 06 00 06
500 | 33 | 33 44 50 39 22 28 44 33 28 00 44
817 | 29 | 44 22 50 56 44 22 L1 06 22 06 33

GPQA

Matchin None | 5.4 0.0 2.0 0.0 0.3 18.4 1.5 0.5 0.7 8.1 1.3 26.8
Rate (%? 100 99.2 | 985 980 985 995 997 997 97.7 992 998 993 100.0
250 99.8 | 99.8 99.8 1000 99.8 99.7 100.0 99.8 997 998 99.7 100.0

A None | 335 | 41.9 377 387 333 268 344 360 326 326 252 246

nswer 100 | 30 | 28 37 27 20 22 30 32 25 30 40 44
Acc. (%)

250 | 16 | 1.7 20 15 10 17 17 18 07 13 18 16

500 | 15 | 23 15 17 12 15 10 12 17 17 18 13

817 | 06 | 07 12 07 05 03 05 10 07 07 05 03

MGSM

Matching None | 946 | 973 983 948 875 991 97.7 937 777 973 96.7 100.0
Rate (%) 100 | 99.6 | 995 995 995 999 999 100.0 999 993 999 992 100.0
250 | 999 | 100.0 99.6 99.6 100.0 99.7 100.0 99.9 992 100.0 99.7 100.0
500 | 999 | 999 999 995 1000 100.0 999 999 99.6 100.0 99.9 100.0
817 99.7 1 100.0 999 996 1000 99.6 100.0 99.7 993 997 993 999

Nome | 317 | 583 371 383 359 201 368 392 355 204 34 244
Q‘f‘(% 100 | 55 | 93 56 56 53 33 37 75 63 31 04 108

250 | 7.8 [ 129 112 93 81 53 76 96 84 48 L1 101
500 | 173 | 316 247 219 184 132 176 228 139 1Ll 03 152
817 | 131 | 213 157 189 144 107 157 181 115 67 03 109

Table 12: Model performance on AIME/GPQA/MGSM dataset with Deepseek-Distill-R1-7B post-trained on
100/250 few Telugu instances. The LRM is prompted to think in Telugu.
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Eval Metric ‘ # Ins. ‘ AVG H Query Language

| | |EN FR DE ZH JA RU ES BN TH SW TE
AIME

Matching | None | 415|255 383 SL1 272 733 372 383 294 433 556 372
Rate (%) | 250 | 650894 739 283 967 989 794 949 17 983 322 217
MG-250 | 68.7 | 644 655 756 678 9Ll 69.5 711 489 694 67.8 650
A None | 14.6 [222 205 189 211 83 161 172 161 88 39 83
Ace. (%) | 250 | 90 | 67 89 205 55 44 89 61 211 55 06 106
MG-250 | 79 |1L1 116 122 83 28 1Ll 105 100 39 17 33

GPQA

None 292 | 145 253 123 323 724 229 234 237 29.8 333 305
250 46.8 | 672 573 22 806 92.1 487 60.1 08 773 209 78
MG-250 | 55.7 | 532 61.1 303 79.0 86.2 51.1 59.1 352 473 609 49.0

A None |27.4 |345 299 306 286 237 281 29.1 289 248 212 223
Ace. (%) | 250 | 93 | 114 106 160 58 74 98 88 121 54 61 84
MG-250 | 21.6 | 242 249 239 214 205 234 243 214 205 180 15.1

MGSM
None 58.6 | 80.5 585 257 672 935 685 657 399 365 440 644

Matching
Rate (%)

Matchi
R:t:(f;:f 250 | 779 | 99.1 831 448 98.1 997 944 913 339 87.1 544 712
MG-250 | 673 | 91.6 688 301 815 975 773 795 415 459 573 689
None | 507 | 716 604 655 672 500 593 612 442 493 55 225
Answer

Acc. (%) 250 429 | 643 553 604 535 46.1 519 625 328 537 3.6 153
MG-250 | 50.5 | 72.5 58.8 61.5 65.6 560 595 633 443 484 47 21.1

Table 13: Model performance on AIME/GPQA/MGSM dataset with Deepseek-Distill-R1-7B post-trained on 250
few Japanese instances and the merged LRM MG-250 whose parameters are the weighted average of the original
model with 0.25 times the parameter of the LRM post-trained with 250 Japanese instances. All LRMs are prompted
to think in Japanese.
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