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Abstract

Large Reasoning Models (LRMs) achieve
strong performance on mathematical, scientific,
and other question-answering tasks, but their
multilingual reasoning abilities remain under-
explored. When presented with non-English
questions, LRMs often default to reasoning in
English, raising concerns about interpretability
and the handling of linguistic and cultural nu-
ances. We systematically compare an LRM’s
reasoning in English versus the language of
the question. Our evaluation spans two tasks:
MGSM and GPQA Diamond. Beyond measur-
ing answer accuracy, we also analyze cognitive
attributes in the reasoning traces. We find that
English reasoning traces exhibit a substantially
higher presence of these cognitive behaviors,
and that reasoning in English generally yields
higher final-answer accuracy, with the perfor-
mance gap increasing as tasks become more
complex. However, this English-centric strat-
egy is susceptible to a key failure mode - getting
“Lost in Translation," where translation steps
lead to errors that would have been avoided by
question’s language reasoning. Code is avail-
able at https://github.com/AI4Bharat/m
ultilingual_reasoning_analysis.

1 Introduction

Large reasoning models (LRMs) (Guo et al., 2025;
Yang et al., 2025; Jaech et al., 2024) have become
popular over the past year thanks to their superior
ability to analyze and answer questions across a
range of tasks. Unlike traditional Large Language
Models (LLMs) (Touvron et al., 2023; Team et al.,
2024), LRMs have a two-phase response genera-
tion. First, they generate a reasoning sequence,
which resembles a human’s step-by-step reasoning
process. This phase allows an LRM to do in-depth
analysis, explore potential solutions and verify in-
termediate steps. After completing this reasoning
stage, they generate an answering sequence that
succinctly presents the final answer derived from

the reasoning sequence.
LRMs tend to generate their reasoning sequences

predominantly in English (Yong et al., 2025). For
multilingual tasks, ideally the reasoning should be
generated in the question’s language: this improves
interpretability, lets users follow the model’s chain
of thought directly, and preserves cultural and lin-
guistic nuance (Aggarwal et al., 2025). Motivated
by these considerations, we ask: how does reason-
ing in English compare to reasoning in the ques-
tion’s language across multilingual tasks?

In this study, we evaluate the above question on
two benchmark datasets, MGSM (Shi et al., 2022)
and GPQA Diamond, which vary in difficulty (Rein
et al., 2024) and together provide a comprehensive
assessment of LRMs’ reasoning capabilities. We
analyze results from three perspectives: (1) which
reasoning language yields correct final answers
more frequently; (2) which reasoning sequences
exhibit richer cognitive behaviors; and (3) in which
conditions reasoning in the question’s language
outperforms reasoning in English.

2 Related Work

Recent studies have contrasted reasoning in English
with reasoning in non-English languages (Wang
et al., 2025; Yong et al., 2025; Tam et al., 2025;
Qi et al., 2025). Our study extends this line of in-
quiry by quantifying how much reasoning in the
question’s language diverges from reasoning in En-
glish across tasks of varying difficulty. In addition,
we examine the distribution of cognitive behaviors
within the reasoning traces for both settings. Fi-
nally, we highlight scenarios where reasoning in
the question’s language can actually surpass En-
glish reasoning, providing insights that comple-
ment prior work. See Appendix A for more related
work.
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Figure 1: MGSM - Reasoning in the Question’s Language. Final answer accuracy of LRMs on MGSM when
reasoning in question’s language. Y-axis: models; X-axis: languages; each cell reports the avg@4 accuracy.
Standard deviations are below 0.05 (c.f. Appendix C.2).

3 Methodology

We compare how an LRM reasons in English ver-
sus reasoning in the language of the question for
multilingual tasks, focusing on differences in final
answer accuracy across language. Using a system
prompt, the model is explicitly instructed to present
its final answer within a \boxed{} format, which
is then used for answer extraction. To encourage
models to reason in the question’s language, we
employ a system prompt (c.f. Appendix B.6) and
prepend prefix tokens to the reasoning trace (c.f.
Appendix B.5), an approach shown to be effective
in prior work (Yong et al., 2025).

4 Experimental Settings

The study employs MGSM (Shi et al., 2022) and
GPQA-Diamond (Rein et al., 2024) benchmark
datasets, the latter translated into Danish and five
Indic languages(c.f. Appendix B.1). We uti-
lize open-weight reasoning models like Qwen3
32B (Yang et al., 2025) and DeepSeek-R1-Distill-
Llama-70B (Guo et al., 2025) (c.f. Appendix B.2).

For LRMs, sampling-based decoding is gener-
ally favored over greedy decoding. We adopt the
conventional hyperparameter setting of T = 0.6,
p = 0.95, and k = 20 (Wang et al., 2025) for
LRMs. Each model is evaluated four times using
these fixed hyperparameters, and we report both the
mean and standard deviation across the four runs.
We performed API-based inference using the Deep-
infra API (Deepinfra, 2025). Additional details
about experimental settings, API cost and system
prompts are present in Appendix B. Languages

involved in this study are described in Appendix
B.3.

4.1 Grouping Languages by Resource
Availability

Among the languages analyzed in this study, En-
glish, Chinese, French, German, Japanese, Russian,
Danish and Spanish are generally considered high-
resource languages, as they have abundant training
data, digital content, and linguistic resources avail-
able for large language models. In contrast, Hindi,
Bengali, Malayalam, Gujarati, Telugu, Swahili, and
Thai are typically regarded as low-resource lan-
guages, with comparatively limited high-quality
text corpora and fewer NLP tools available. Within
this group, languages such as Hindi and Bengali
can be viewed as relatively better resourced (mid-
resource) than others like Malayalam, Gujarati,
Swahili, and Telugu, which remain low resource.

5 Results

Figure 1 presents the final answer accuracy of
LRMs on the MGSM task when reasoning in the
language of the question. We find that performance
is highest for English, remains strong for high-
resource languages, and declines progressively for
lower-resource languages.

Figure 2a compares reasoning in English with
reasoning in the question’s language for the MGSM
task. As we move from high-resource to low-
resource languages, the accuracy gap between En-
glish and native-language reasoning widens, indi-
cating that reasoning in English generally yields
higher final-answer accuracy.
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(a) MGSM (b) GPQA Diamond

Figure 2: Reasoning in English vs Question’s Language is compared via final answer accuracy for Qwen3 32B
for MGSM and GPQA diamond task. Error bars denote standard deviation.

Figure 3: GPQA diamond - Reasoning in the Question’s Language. Final answer accuracy of LRMs on GPQA
diamond when reasoning in question’s language. Y-axis: models; X-axis: languages; each cell reports the avg@4
accuracy and standard deviation.

We next examine whether this pattern holds for
the GPQA diamond task which requires expert-
level domain knowledge. In Figure 3 we observe
that the contrast between performance in English
and non-English languages is much higher than
for the MGSM task during reasoning in the ques-
tion’s language. In addition, in Figure 2b, we could
see the contrast between reasoning in English and
question’s language for multilingual gpqa ques-
tions is much larger than the same for MGSM (c.f.
Figure 2). Notably, Danish exhibits a smaller final-
answer accuracy gap between reasoning in the ques-
tion’s original language and reasoning in English
(c.f. Figure 2b). Danish performs relatively well on
GPQA-Diamond compared with other non-English
languages (c.f. Figure 3). This likely reflects Dan-
ish’s relatively high resource status among the lan-
guages analyzed (c.f. Section. 4.1). These results
highlight that leveraging English is particularly im-
portant for tapping an LLM’s domain knowledge
and reasoning ability on expert-level questions. Ad-
ditional results are shown in appendix C.

6 Analyzing cognitive behaviors in the
reasoning trace

Evaluating multilingual reasoning by final answer
accuracy alone overlooks key aspects of an LRM’s
response generation. While final answer accuracy
typically captures the essential behavior of LLMs,
LRMs introduce additional complexity through
their reasoning traces.

To capture this, following prior studies (Gandhi
et al., 2025), we analyze reasoning traces enclosed
in <think></think> tokens for cognitive attributes
such as Sub-goal setting (breaking a task into
smaller, manageable steps), Verification (perform-
ing systematic checks to catch and correct errors),
Back-tracking (abandoning unsuccessful strategies
and selecting alternative approaches) , and Back-
ward chaining (reasoning from the desired outcome
back toward the necessary initial inputs). These
behaviors reflect how expert practitioners tackle
difficult problems; for example, a software engi-
neer tests and reviews each change, rewrites code
when a design fails, and splits large features into
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(a) Cognitive behavior: backtracking (b) Cognitive behavior: backward chaining

(c) Cognitive behavior: subgoal setting (d) Cognitive behavior: verification

Figure 4: Cognitive behaviors in the reasoning chain are averaged and compared for each language across
reasoning in English and in the question’s language. Error bars denote standard deviation. Model: Qwen QwQ-32B

smaller, testable modules.
We use gpt-4o-mini as a judge to identify

and count these attributes, employing evaluation
prompts (c.f. Appendix D) adapted from prior stud-
ies (Gandhi et al., 2025). For the MGSM task, we
compute the average frequency of each attribute
for the Qwen QwQ-32B model across languages,
and report means and standard deviations over four
trials. Appendix D.1 details the human-LLM agree-
ment study for this task.

Figure 4 illustrates the distribution of cognitive
traits within the reasoning traces of an LRM. These
traits appear more frequently when the model rea-
sons in English than when it reasons in the ques-
tion’s language, and they coincide with higher final-
answer accuracy. Among the attributes, sub-goal
setting and verification appear more prominently in
question’s language reasoning trace, whereas back-
tracking and backward chaining are comparatively
less frequent.

7 Making a case for reasoning in the
Question’s language

In analyzing reasoning in English versus the ques-
tion’s language, we generally observe stronger per-
formance in English. Yet, a key question remains:
are there cases where native-language reasoning
surpasses English? We find such cases, typically

when translation introduces errors into the English
reasoning. We term this phenomenon “Lost in
Translation,” and provide a detailed explanation
and example in Appendix E.

To quantify “Lost in Translation,” we measure
the fraction of incorrect answers from English rea-
soning caused by translation mistakes; errors that
would not arise if reasoning occurred directly in
the question’s language. These cases are identi-
fied using gpt-4o-mini as evaluator. The evaluation
setup and prompts are described in Appendix E.1.
We average the proportion across four trials with
the Qwen QwQ-32B model and report the standard
deviation. This averaged proportion is referred to
as the LiT (Lost in Translation) fraction. Appendix
E.2 details the human-LLM agreement study for
the Lost in Translation (LiT) task.

Figure 5a reports the LiT fraction for MGSM,
decreasing from 0.77 in low-resource languages
to 0.30 in high-resource languages, showing
that translation errors are more common in low-
resource settings. Similarly, Figure 5b shows LiT
fractions for GPQA, ranging from 0.44 to 0.33.

A substantial portion of incorrect answers can
be traced to errors introduced during translation,
exposing a systemic weakness in reasoning in En-
glish. While our prior experiments have shown
that reasoning in English allows an LLM to better
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(a) MGSM (b) GPQA

Figure 5: Lost in Translation. Visualization of fraction of incorrect answers occurring due to errors in translation
when reasoning in English. Error bars represents standard deviation.

leverage its domain-specific knowledge and reason-
ing capabilities, this experiment reveals a critical
vulnerability: in multilingual tasks, English rea-
soning risks being “Lost in Translation”.

8 Conclusion

Overall, we find that models generally reason bet-
ter in English than in the language of the question.
This advantage is not limited to final-answer accu-
racy, but also in the presence of cognitive behaviors
in the reasoning chain. However, relying on En-
glish introduces a critical weakness: translation
of multilingual inputs into English sometimes pro-
duces errors that would likely be avoided if models
reasoned directly in the question’s language. These
findings underscore the need to develop and bench-
mark native-language reasoning capabilities with
the same rigor and resources devoted to English.

We address an important question: are LRMs
that primarily reason in English by translating non-
English inputs sufficient for robust multilingual rea-
soning? Our results suggest they are not. Achiev-
ing reliable native-language reasoning will require
targeted efforts in dataset construction, training
objectives, and evaluation that preserve language-
specific reasoning patterns. This study contributes
an empirical diagnosis of the problem and estab-
lishes baselines that future work can use to measure
progress toward native-language reasoning.

9 Limitations

Our evaluation of multilingual reasoning is con-
fined to mathematical and scientific tasks; whether
the patterns we observe extend to open-ended ques-
tions or other task types remains an open ques-
tion. Likewise, our experiments are limited to open-
weight LRMs, so it remains to be seen if these find-
ings generalize to closed/proprietary models such

as o1 (Jaech et al., 2024) and Gemini 2.5 Pro (Co-
manici et al., 2025). Future work should evaluate
these axes to determine the broader applicability of
our results.

10 Ethics Statement

Through this work, our aim is to analyze the per-
formance of LRMs when reasoning in English vs
reasoning in questions language for multilingual
tasks. We emphasize that it is not our intention to
diminish the value or significance of non-English
languages included in this study.

The code and datasets created in this work will
be made available under permissible licenses. Gen-
erative AI systems were only used for assistance
purely with the language of the paper, e.g., para-
phrasing, spell-check, polishing the author’s origi-
nal content, and for writing boiler-plate code.
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A Related Work - additional details

Prior work has shown that English-centric LLMs
carry out intermediate reasoning in a language-
agnostic latent space that is nevertheless biased
toward English (Wendler et al., 2024; Zhao et al.,
2024). Wu et al. (2025) further demonstrates that
this English bias extends across modalities.

LRMs amplify this tendency by favoring explicit
reasoning in English. In this paper we present
a careful, empirical comparison of reasoning per-
formed in English versus reasoning in the ques-
tion’s original language, and we highlight a seldom-
discussed shortcoming of English-centric reason-
ing; namely, that translation-related errors can un-
dermine correctness even when English reasoning
appears stronger overall.

B Experimental settings: Additional
details

Our evaluation framework is based on lm-
evaluation-harness library (Gao et al., 2024). We
update the framework to make it suitable for eval-
uating reasoning models. This includes capturing
the final answer in a \boxed{} format and extract-
ing the answer from there.

We set the maximum output token limit to
10,000 for MGSM and 30,000 for GPQA diamond
dataset. These limits were chosen based on pilot
runs. GPQA-Diamond required a larger limit be-
cause the higher task difficulty here led to substan-
tially longer reasoning traces; MGSM’s responses
were much shorter on average.

Because we used sampling-based decoding
rather than greedy decoding, we ran the experi-
ment four times and report the mean to ensure re-
producibility.

B.1 Dataset

The MGSM dataset (Shi et al., 2022) involves 250
mathematical question-answer pairs at graduate-
level for 12 languages. We extend this dataset to
Hindi and Malayalam using Sarvam - Translate
(SarvamAI, 2025) and to Danish using Comanici
et al. (2025). The quality of these translations are
manually verified to ensure high quality.

GPQA Diamond: The GPQA Diamond dataset
(Rein et al., 2024) contains 198 challenging science
questions that require advanced subject expertise.
It is significantly harder than the MGSM dataset. In
this study, we use an in-house translation of GPQA

Diamond into five Indic languages: Hindi, Gujarati,
Bengali, Malayalam, and Telugu. Additionally, we
translate GPQA Diamond dataset into Danish using
Comanici et al. (2025).

B.2 Models

In this study, we consider open weight reason-
ing models including Qwen QwQ-32B (Qwen-
Team, 2025), Qwen3-32B (Yang et al., 2025),
Qwen3-14B (Yang et al., 2025), Qwen3-30-A3B
(Yang et al., 2025), DeepSeek-R1-Distill-Llama-
70B (Guo et al., 2025), DeepSeek-R1-Distill-
Qwen-32B (Yang et al., 2025).

B.3 Languages Involved

MGSM involves a typologically diverse set of ten
languages other than English (en), spanning eight
language families. They are Bengali (bn), Chinese
(zh), French (fr), German (de), Japanese (ja), Rus-
sian (ru), Spanish (es), Swahili (sw), Telugu (te),
and Thai (th). We extended MGSM to Malayalam
(ml), Hindi (hi) and Danish (da). GPQA diamond
is originally in English and is translated to Danish
(da) and 5 Indic languages: Hindi (hi), Malayalam
(ml), Gujarati (Gu), Bengali (bn) and Telugu (te).

Most of the European and South Asian lan-
guages listed belong to the Indo-European family:
French and Spanish are Romance languages, Ger-
man is West Germanic, Danish is North Germanic,
Russian is East Slavic, and Bengali, Hindi and Gu-
jarati are Indo-Aryan languages. The remaining
languages come from other families: Malayalam
and Telugu are Dravidian, Chinese is Sino-Tibetan,
Thai is Kra-Dai, Japanese is Japonic, and Swahili
is Niger–Congo.

B.4 API Cost Overview

Qwen QwQ-32B (QwenTeam, 2025), Qwen3-32B
(Yang et al., 2025), Qwen3-14B (Yang et al., 2025),
Qwen3-30-A3B (Yang et al., 2025), DeepSeek-R1-
Distill-Llama-70B (Guo et al., 2025), DeepSeek-
R1-Distill-Qwen-32B (Yang et al., 2025). was ac-
cessed via deepinfra API (Deepinfra, 2025). gpt-
4o-mini (OpenAI, 2024) was accessed via openai
API. Table 1 provides detailed cost incurred for
each model. As inferred the total cost incurred via
API usage for this project was 295 dollars.

B.5 Prepending Prefix tokens

The LLM’s reasoning is enclosed within
<think></think> tokens. Immediately after
the <think> token, we insert a prefix token (a
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Figure 6: Here we compare performance of reasoning models on GPQA diamond task. Y axis represent LLMs,
X axis represents languages and each entry is avg@4 accuracy score. Here the models are explicitly instructed to
reason in English via prefix tokens.

Model Provider Cost (USD)

Qwen QwQ-32B Deepinfra 37
Qwen3-32B Deepinfra 29
Qwen3-14B Deepinfra 26
Qwen3-30-A3B Deepinfra 28
DeepSeek-R1-Distill-Llama-70B Deepinfra 42
DeepSeek-R1-Distill-Qwen-32B Deepinfra 29
gpt-4o-mini OpenAI 104

Grand Total (USD) 295

Table 1: API usage and cost for models utilized in this study.
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Figure 7: Standard deviation of accuracy of reasoning models on MGSM task. Y axis represent LLMs, X axis
represents languages. Here the models are explicitly instructed to reason in question’s language via prefix tokens.

translation of the phrase “Ok, let me think step
by step”) to force reasoning in a desired language.
Figure 2 illustrates the addition of the prefix token.

B.6 System prompt

Table 3 showcases system prompts used for MGSM
and GPQA Diamond tasks.

C Results: Additional details

In Figure 3 we observe a substantial contrast be-
tween performance in English and non-English lan-
guages when reasoning is conducted in the ques-
tion’s language. However, as we go to Figure 6
where the model reasons in English irrespective of
the language of the questions, LLM’s performance
across languages seems more comparable.

C.1 English vs Question’s language reasoning
- Additional Models

Comparison of reasoning in English vs question’s
language for additional models can be found in
Figures 8 - 12. These observations align with our
findings for the Qwen QwQ-32B model; specifi-
cally, the performance gap between reasoning in
English and in the question’s language for multi-
lingual questions is substantially larger for GPQA
Diamond than for MGSM.

C.2 Standard deviation of accuracy for
MGSM

In Figure 7 we present the standard deviation of
accuracy of reasoning models on MGSM over 4
trials. The models reason in questions language for
the multilingual task. Standard deviation remain
below 0.05 in all instances.

D Analyzing Cognitive Behaviors:
Additional details

Table 5 presents the prompt templates used to count
the occurrence of cognitive behaviors in the rea-
soning trace when an LRM reasons in questions
language. We replace "questions language" with
"English" in the prompt when we analyze reason-
ing trace in English. Using gpt-4o-mini, we count
the occurrences of these attributes by enclosing
them within <count> and </count> tags, then com-
pute the average across samples and subsequently
across four trials.

D.1 Human - LLM agreement study
To validate the LLM-as-a-judge evaluator, we con-
ducted a human annotation study for the cogni-
tive behavior analysis task. We randomly sam-
pled 30 evaluation prompts for each of the two
low-resource languages - Hindi and Malayalam,
yielding 60 examples in total. Each example was
independently solved and labeled by native-speaker
annotators with strong grade-school mathematics
skills. All annotators were computer science un-
dergraduate students and each annotated 30 ques-
tions in their respective native language. Anno-
tators were instructed to count and report the oc-
currence of each of the four cognitive behaviors
in the reasoning trace using the same instructions
given to the LLM evaluator. We compared the
LLM judgments to the human labels and computed
percent agreement and Cohen’s Kappa which are
detailed in Table 4. The results indicate that the
LLM evaluator delivers reasonably reliable assess-
ments of cognitive behaviors, even for low-resource
languages like Malayalam.
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Scenario Token Sequence
Without Language Forcing <|im_start|>assistant\n<think>\n

With Language Forcing <|im_start|>assistant\n<think>\nD’accord,
laissez-moi essayer de résoudre ce problème
étape par étape.

Table 2: Illustration of language forcing to control the language of thought. By inserting a specific language prefix
(e.g., French) after the <think> token, the model is prompted to generate its internal reasoning in that language.

Task Reasoning Language System Prompt

MGSM
question’s language "You are a helpful assistant. You should reason and

analyze the question in the language of the question and
wrap your thought process in <think>...</think>
tags. Then provide the answer in the language of the
question, and keep the final answer in \boxed{}."

English "You are a helpful assistant. You should reason and
analyze the question in English and wrap your thought
process in <think>...</think> tags. Then provide
the answer in the language of the question, and keep
the final answer in \boxed{}."

GPQA Diamond
question’s language "You are a helpful assistant. You should reason and an-

alyze the question in the language of the question and
wrap your thought process in <think>...</think>
tags. Outside the <think>...</think> tags summa-
rize the answer in the language of the question. Finally,
select the correct option out of the given options A,B,C
or D and keep this option in \boxed{}."

English "You are a helpful assistant. You should reason and
analyze the question in English and wrap your thought
process in <think>...</think> tags. Outside the
<think>...</think> tags summarize the answer in
the language of the question. Finally, select the correct
option out of the given options A,B,C or D and keep
this option in \boxed{}."

Table 3: System Prompt Variations for MGSM and GPQA Benchmarks

E Lost in Translation

In our experiments we investigated scenarios where
reasoning in question’s language outperformed rea-
soning in English. Across languages and across
models, we observed that reasoning in question’s
language outperformed reasoning in English in sce-
narios where reasoning in English was incorrect
due to errors introduced in translation. We refer to

this as "Lost in Translation".

Figure 13 illustrates an example of Lost in Trans-
lation. Here, the English reasoning fails to arrive
at the correct final answer due to a mistranslation.
Specifically, the English reasoning interprets a key
detail as “he sent two letters in total” instead of
the correct meaning, “he sent two letters to each
of them.” In contrast, the reasoning in the original
question’s language does not encounter this issue,
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as no translation is involved, and therefore arrives
at the correct answer.

E.1 Lost in Translation - Quantitative
Analysis

We use gpt-4o-mini as an evaluator LLM, employ-
ing the prompt template shown in Table 7 to deter-
mine whether an incorrect answer from reasoning
in English occurred due to a mistranslation or not.
From gpt-4o-mini’s output we extract a "Yes" or
"No" enclosed in <classification></classification>
tags, compute the fraction of incorrect answers at-
tributable to mistranslation for each run, and report
the mean value over four trials.

E.2 Lost in Translation: Human-LLM
agreement study

To validate the LLM-as-a-judge evaluator, we con-
ducted a human annotation study for "Lost in
Translation" (LiT) task. We randomly sampled 50
LiT evaluation prompts from MGSM for each of
three low-resource languages - Hindi, Bengali and
Malayalam, yielding 150 examples in total. Each
example was independently solved and labeled by
native-speaker annotators with strong grade-school
mathematics skills. All annotators were computer
science undergraduate students and each annotated
50 questions in their respective native language.
Annotators were instructed to classify a reasoning
trace as “Lost in Translation” or not based on the
same instructions provided to the LLM judge. We
compared the LLM judgments to the human la-
bels and computed percent agreement, precision,
recall, and Cohen’s Kappa which are detailed in
Table 6. These results indicate that the LLM eval-
uator produces reasonably reliable evaluations for
the LiT task even for low resource languages like
Malayalam.
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(a) MGSM (b) GPQA Diamond

Figure 8: Reasoning in English vs Question’s Language is compared via final answer accuracy for Qwen QwQ
32B for MGSM and GPQA diamond task. Error bars denote standard deviation.

(a) MGSM (b) GPQA Diamond

Figure 9: Reasoning in English vs Question’s Language is compared via final answer accuracy for Qwen3
30B-A3B for MGSM and GPQA diamond task. Error bars denote standard deviation.

(a) MGSM (b) GPQA Diamond

Figure 10: Reasoning in English vs Question’s Language is compared via final answer accuracy for Qwen3 14B
for MGSM and GPQA diamond task. Error bars denote standard deviation.

(a) MGSM (b) GPQA Diamond

Figure 11: Reasoning in English vs Question’s Language is compared via final answer accuracy for DeepSeek-
R1-Distill-Llama-70B for MGSM and GPQA diamond task. Error bars denote standard deviation.
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(a) MGSM (b) GPQA Diamond

Figure 12: Reasoning in English vs Question’s Language is compared via final answer accuracy for DeepSeek-
R1-Distill-Qwen-32B for MGSM and GPQA diamond task. Error bars denote standard deviation.

Cognitive Behavior Hindi (30 samples) Malayalam (30 samples)
% Agreement Kappa % Agreement Kappa

Subgoal 0.73 0.68 0.67 0.62
Verification 0.80 0.69 0.70 0.58
Backtracking 0.80 0.58 0.733 0.54
Backward Chaining 0.83 0.52 0.87 0.52

Table 4: Human-LLM agreement for cognitive analysis task. Percent agreement and Cohen’s Kappa are reported for
Hindi and Malayalam.
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Cognitive Attribute Prompt

Verification Here is a chain-of-reasoning in the question’s language that a Language Model
generated for the question:
"{question}"
The model’s reasoning (between <think>. . . </think>) is:
{chain_of_reasoning}
Evaluate whether this chain-of-reasoning contains any explicit
answer-verification steps. An answer-verification step is any instance where the
model checks its intermediate numeric result and asks itself if the answer is
correct or not and probably goes on to re-check it. If you find any of these
instances, count them and put the number between <count>and </count>.
Otherwise, output <count>0</count>.

Backtracking Here is a chain-of-reasoning in the question’s language ’{L}’ that a Language
Model generated for the question:
"{question}"
The model’s reasoning (between <think>. . . </think>) is:
{chain_of_reasoning}
Evaluate whether this reasoning contains any backtracking behavior—i.e.,
places where the model decides that its previous approach won’t reach the
correct answer and explicitly abandons that path, starting fresh on an alternative
intermediate step. Count the number of such backtracking instances and put the
result between <count>and </count>. If none, output <count>0</count>.

Subgoal setting Here is a chain-of-reasoning in the question’s language ’{L}’ that a Language
Model generated for the question:
"{question}"
The model’s reasoning (between <think>. . . </think>) is:
{chain_of_reasoning}
Evaluate whether this reasoning explicitly sets any subgoals (e.g., “First I will
try to isolate x. . . ”, “Next I aim to simplify . . . ”, etc.) on the way toward
{target}. Count how many distinct subgoals appear and put that number
between <count>and </count>. If none, output <count>0</count>.

Backward chaining Here is a chain-of-reasoning in the question’s language ’{L}’ that a Language
Model generated for the question:
"{question}"
The model’s reasoning (between <think>. . . </think>) is:
{chain_of_reasoning}
Evaluate whether this reasoning uses backward-chaining—i.e., it starts from
the final answer and works backward to earlier steps. Count how many distinct
backward-chaining instances occur and put that number between <count>and
</count>. If none, output <count>0</count>.

Table 5: Cognitive Attributes Analysis Prompt Templates
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Language (Samples) Percent agreement Precision Recall Cohen’s kappa

Hindi (50) 0.78 0.83 0.80 0.55
Malayalam (50) 0.76 0.79 0.79 0.50
Bengali (50) 0.78 0.72 0.82 0.56

Total (150) 0.77 0.78 0.80 0.54

Table 6: Lost in Translation: Human–LLM agreement across 150 samples (50 per language).

Question: माइक 5 लोगों के  साथ एक पेन पाल था।  वह उनमें से 2 के  साथ पेन पाल्स नहीं  रहा।  वे प्रत्येक सप्ताह में 2 पत्र भेजते हैं
जो 5 पृष्ठ लंबे होते हैं।  वह बदले में ऐसा ही करता है।  वह 6 मिनट में एक पृष्ठ लिख सकता है।  वह एक सप्ताह में कितने घंटे लिखने में

बिताता है?

English translation: Mike was a pen pal with 5 people. He is no longer pen pals with 2 of them. They each send
2 letters a week that are 5 pages long. He does the same in return. He can write a page in 6 minutes. How many

hours a week does he spend writing?

Reasoning in English
 Okay, let me try to figure out this problem step
by step. So, Mike has a pen pal arrangement
with 5 people. But he's not pen pals with 2 of
them. Hmm, wait, does that mean he's only

writing to 3 people? Because 5 minus 2 equals
3. Yeah, that makes sense. So he's actively
corresponding with 3 pen pals. Now, each

week, he sends 2 letters, each 5 pages long.
And he does the same in return. Wait, the
problem says ""वह बदले में ऐसा ही करता है""
which translates to ""he does the same in

return."" So maybe that means he receives
letters too, and has to write responses? Or
does it mean he sends the same amount?

Hmm, this part is a bit ambiguous.

"ठीक तो, मैंने प्रश्न पढ़ा। माइक के  पास 5 लोगों के  साथ
पेन पाल है, लेकिन उनमें से 2 के  साथ वह पेन पाल्स नहीं
रहा। तो पहले ही स्पष्ट होता है कि वह वास्तव में 5 - 2 =
3 लोगों के  साथ पत्र लिख रहा है। अब, प्रत्येक सप्ताह में
वह प्रत्येक से 2 पत्र भेजता है। तो 3 लोगों के  लिए, कु ल
पत्रों की संख्या 3 * 2 = 6 पत्र प्रति सप्ताह। पत्रों के
प्रत्येक पत्र 5 पृष्ठों का है, तो प्रत्येक पत्र के  लिए 5 पृष्ठ।
इसलिए कु ल पृष्ठों की संख्या 6 * 5 = 30 पृष्ठ प्रति

सप्ताह। फिर, माइक प्रत्येक पृष्ठ 6 मिनट में लिखता है।
तो 30 पृष्ठों के  लिए कु ल समय 30 * 6 = 180 मिनट।

अब, मिनट को घंटों में बदलना है, तो 180 मिनट ÷ 60 =
3 घंटे। 

Translation: “Okay, so I read the question.
Mike has pen pals with 5 people, but with 2 of
them, he is no longer pen pals. So it’s already

clear that he’s actually writing to 5 - 2 = 3
people. Now, each week he sends 2 letters to

each of them. So for 3 people, the total number
of letters is 3 * 2 = 6 letters per week. Each
letter is 5 pages long, so 5 pages per letter.

Therefore, the total number of pages is 6 * 5 =
30 pages per week. Then, Mike writes each
page in 6 minutes. So for 30 pages, the total
time is 30 * 6 = 180 minutes. Now, to convert

minutes into hours: 180 minutes ÷ 60 = 3
hours.

Final answer: 2 hours  Final answer: 3 hours       

Analysis: When reasoning in English the model mistranslate "वे प्रत्येक सप्ताह में 2 पत्र भेजते हैं" as "Now,
each week, he sends 2 letters" whereas the actual translation should be "Now, each week he sends 2
letters to each of them". We refer to this kind of mistake as "Lost in Translation". 

Reasoning in Hindi

Figure 13: Lost in Translation. Here, we compare the reasoning traces in English and Hindi generated by Qwen
QwQ-32B for a question originally written in Hindi. We observe that the English reasoning contains an error
caused by a mistranslation (highlighted in red), while the corresponding correct sentence in the Hindi reasoning
is highlighted in green. For the reader’s clarity, English translations of the Hindi question and reasoning are also
provided.
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Task Prompt Template

MGSM/ GPQA Diamond Here is a chain-of-reasoning that a Language Model generated for the
question:
"{question}"

The model’s reasoning (between <think>...</think>) is:
{chain_of_reasoning}

The chain-of-reasoning here has led to incorrect answer. Here the model
reasons in English, check if here some information available in the
question has been omitted/ mis-translated while translating the question
to English. If so output ’Yes’ else ’No". Put the Output in between
<classification> and </classification> tags. Do not generate any-
thing else.

Table 7: Lost in Translation - Prompt templates
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