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Abstract

Chain-of-Thought (CoT) is commonly used to
improve reasoning performance in large lan-
guage models. We investigate its impact in
multilingual contexts by systematically con-
straining reasoning steps across languages with
varying resource levels. This study evaluates
two models on two benchmarks with seven
languages, comparing constrained CoT depth
against zero-shot and free-CoT baselines. We
demonstrate that increasing the number of rea-
soning steps does not consistently improve ac-
curacy across various languages. While high-
resource and mid-resource languages remain
stable, low-resource languages often experi-
ence a decline in performance as the number of
reasoning steps increases. We attribute this de-
cline to error accumulation and reasoning noise,
which are amplified under deeper reasoning in
low-resource languages. These findings indi-
cate that CoT is not inherently beneficial, but
its effectiveness is significantly influenced by
the interaction between reasoning steps and lan-
guage resource availability.

1 Introduction

Existing reasoning-based large language models
(LLMs) with Chain-of-Thought (CoT) capabili-
ties (Wei et al., 2022) are developed on datasets
that are predominantly English-centric (Xue et al.,
2021; Huang et al., 2026). Consequently, these
models suffer from a significant cross-lingual per-
formance disparity (Wang et al., 2019; Qi et al.,
2026; Li et al., 2025), i.e., when queried in non-
English languages, their reasoning capabilities di-
minish drastically compared to their performance
on identical English-language prompts.

The literature of multilingual CoT mainly fo-
cuses on the critical challenge of bridging the
gap between high-resource and low-resource lan-
guages (Shi et al., 2022; Qi et al., 2025). Neverthe-
less, it is unclear how the depth of thoughts impacts
multilingual reasoning. The existing studies (Zhou

et al., 2022; Cox et al., 2025) are usually based
on the assumption that extended intermediate rea-
soning chains could inherently improve outcomes.
However, this assumption should not necessarily
be true in terms of multilingual settings. This is
because, if the multilingual large language mod-
els (MLLMs) conduct reasoning in a low-resource
language that does not contain enough knowledge,
then the large thought depth might increase the pos-
sibility of error accumulation (Wang et al., 2023).
Thus, a critical research question is how to nav-
igate the MLLMs to conduct reasoning via CoT
across different languages in multilingual settings.
Intuitively, for high-resource languages, extended
intermediate reasoning is beneficial, but not for
low-resource languages, which might require some
additional constraints (Huang et al., 2021; Shi et al.,
2022). We hypothesize that imposing explicit con-
straints on the reasoning steps may help mitigate
the cross-lingual performance disparity issue. Thus,
we aim to investigate whether constraining CoT rea-
soning steps could improve model accuracy across
different languages.

To this end, we conducts a series of empiri-
cal analysis to examine the impact of reasoning
thoughts depth in terms of various language re-
source levels. As shown in the Figure 1, CoT
applied with explicit constraints in prompts on
reasoning steps might be able to regulate the
number of reasoning steps. Following the same
principle, we compare multiple constrained CoT
depths against free-CoT (Wei et al., 2022) and
zero-shot (Kojima et al., 2022) baselines to iso-
late how reasoning thoughts depth impacts down-
stream task performance across various languages.
This investigation is evaluated based on two
MLLMs, DeepSeek (Bi et al., 2024) and Moon-
shot (Team et al., 2025), on two reasoning bench-
marks, MGSM (Shi et al., 2022) in mathematical
reasoning and X-CSQA (Lin et al., 2021) in cross-
lingual commonsense reasoning. To ensure the
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Figure 1: Unconstrained vs. Constrained Chain-of-Thought in Multilingual Reasoning. The prompt icon in the lower
panel denotes the application of step-constrained prompting, which enforces targeted decomposition to eliminate
redundant tokens.

reflection is not language-specific, the composition
of low-resource languages differs across the two
datasets. This intentional design enables us to as-
sess whether the impact of CoT depth remains con-
sistent across models, tasks, and language resource
levels. Overall, we have the following key findings,
which demonstrate that CoT is not a universally
applicable mechanism in multilingual scenarios.

• Resource-dependent Effectiveness: We ob-
serve that the advantages of CoT are various
by the availability of language resources.

• Stability in High-Resource and Mid-
Resource Languages: The performance of
multilingual reasoning exhibit stable perfor-
mance improvements, even with extended rea-
soning steps.

• Degradation in Low-Resource Languages:
In contrast, low-resource languages often ex-
hibit minimal benefits and experience a de-
cline in performance when reasoning steps
are extended.

2 Related Work

2.1 General Reasoning in LLMs
Prompting with CoT has become a widely adopted
approach for improving reasoning performance in

LLM (Wei et al., 2022). Following the initial
success of CoT prompting, subsequent research
has extended this paradigm to include variants
such as zero-shot CoT (Kojima et al., 2022), self-
consistency decoding (Wang et al., 2022; Mo et al.,
2026), and verification-based methods (Dhuliawala
et al., 2024; Zhang et al., 2025a). Most recent work
has further explored structured reasoning strategies,
including decomposition-based (Khot et al., 2022)
and search-based approaches (Mo et al., 2026;
Huang et al., 2025; Zhang et al., 2025b) to highlight
the importance of explicitly modeling the interme-
diate reasoning process. Collectively, these studies
demonstrate that eliciting step-by-step reasoning
can substantially improve performance on tasks
requiring multi-step inference, such as mathemati-
cal problem-solving (Shi et al., 2022; Zhang et al.,
2026) and commonsense question answering (Wei
et al., 2022).

2.2 Multilingual Reasoning

Most existing optimization strategies for LLM rea-
soning are developed and evaluated in English.
While recent cross-lingual benchmarks have ex-
panded evaluation across a broader range of lan-
guages (Huang et al., 2026), the consistency of
reasoning performance across languages remains
underexplored (Wang et al., 2025; Qi et al., 2025).
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In particular, CoT reasoning is often implicitly
treated as universally effective, despite substantial
disparities in language resources and representation
quality. To study multilingual performance, prior
work has introduced benchmark datasets, such as
XTREME (Hu et al., 2020), MGSM (Shi et al.,
2022), and X-CSQA (Lin et al., 2021), which con-
sistently show that LLMs achieve higher accuracy
in high-resource languages than in low-resource
ones. Recent approaches (Qi et al., 2026) have ex-
plored cross-lingual reasoning strategies, such as
a translation-based strategy from high-resource to
low-resource languages (Ebing and Glavaš, 2024).
However, these methods primarily focus on overall
performance and do not systematically examine
how reasoning strategies are impacted by language
resource availability.

3 Methodology

3.1 Problem Setup
This study aims to examine the effect of reason-
ing depth on downstream task performance across
various languages with different levels of resource
availability. Formally, let L = {l1, . . . , lK} rep-
resent a set of languages, and let ρ(l) denote the
resource level associated with language l. For each
language l ∈ L, we aim to evaluate the perfor-
mance on top of a dataset Dl = {(xi, yi)}Ni=1,
where xi is an input query and yi is the correspond-
ing ground-truth answer.

Given a language model fθ, we evaluate its per-
formance under CoT prompting with controlled
reasoning steps. To this end, we introduce a rea-
soning step parameter k ∈ K, which constrains the
number of intermediate reasoning steps encouraged
in the prompt. The model produces a prediction:

ŷ = fθ(x; k, l),

where k controls the explicit reasoning steps and l
specifies the language of the input.

3.2 Multilingual CoT Prompting Design
To systematically investigate the impact of reason-
ing trajectory step on model performance across
diverse languages, we define reasoning step as the
precise number of explicitly intermediate reasoning
steps mandated within the prompt structure.

In our approach, we employ a constrained
prompting strategy to isolate the effect of reason-
ing steps from the model’s inherent verbosity. We
define multiple CoT depth conditions to capture

the transition from shallow to more structured rea-
soning. In the Table 1, we interpret larger values
of k as inducing deeper, more fine-grained reason-
ing, while smaller values encourage more concise,
high-level reasoning.

Setting Description

CoT = -1 Unconstrained reasoning (default behav-
ior).

CoT = 0 Direct answer without explicit reasoning.
CoT = 2 Two-step reasoning (coarse-grained).
CoT = 4 Four-step reasoning (moderate granular-

ity).
CoT = 6 Six-step reasoning (fine-grained).
CoT = 8 Eight-step reasoning (most fine-grained).

Table 1: Definition of CoT reasoning steps settings used
to control reasoning granularity.

For k ∈ {2, 4, 6, 8}, the LLM is explicitly in-
structed to decompose its reasoning into exactly k
concise steps before generating the final answer. To
ensure consistency across languages, all prompts
are manually translated into each target language
while preserving both the original prompt structure
and the imposed reasoning constraints. A unified
prompt template is used across all experimental
settings, as shown below:

<instruction>
Answer the question according to the specified
reasoning mode.
</instruction>

<mode>
CoT = −1: think step by step
CoT = 0: answer directly
CoT = k: exactly k concise reasoning steps,
where k ∈ {2, 4, 6, 8}
</mode>

<question>
{Question}
</question>

<choices>
A, B, C, D, E (if applicable)
</choices>

<answer>

Final Answer: [number / choice]

</answer>

4 Experiment Setup

4.1 Languages Coverage

As summarized in Table 2, we select languages
to span different levels of resource availability,
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Level Language Script Morphology

High English (en) Latin Analytic

Chinese (zh) CJK Analytic

Medium German (de) Latin Inflectional

Japanese (ja) Kana+Kanji Agglutinative

Low Swahili (sw) Latin Agglutinative

Thai (th) Thai Analytic

Urdu (ur) Perso-Arabic Inflectional

Table 2: Languages grouped by resource level, along
with their script and morphological typology. CJK refers
to the Chinese, Japanese, and Korean character system.

enabling a controlled comparison of model per-
formance across high-resource level, medium-
resource level, and low-resource level.

The Script column in Table 2 underscores the
typological diversity in our dataset. These include
Latin-alphabet scripts, logographic scripts such as
Chinese and Japanese, and regional script such as
Thai and the right-to-left (RTL) Perso-Arabic script
used for Urdu. By leveraging these diverse scripts,
we ensure that our findings regarding reasoning
plateaus are robust across different tokenization
densities and visual-linguistic representations.

The Morphology column in Table 2 character-
izes how grammatical information is expressed in
each language. Analytic languages rely on word or-
der with minimal inflection, inflectional languages
modify word forms to encode grammatical rela-
tions, and agglutinative languages concatenate mul-
tiple morphemes within a single word. These struc-
tural differences can influence tokenization pat-
terns and may affect the stability of long reasoning
chains in multilingual LLMs.

4.2 Backbone Language Models
The evaluation is conducted on top of two repre-
sentative multilingual LLMs to investigate whether
CoT prompting effects are unique to each model or
generalizable across different model architectures.

• DeepSeek-V1 (deepseek-chat) (Bi et al.,
2024): A multilingual LLM developed by
DeepSeek AI, chosen for its strong perfor-
mance and extensive multilingual coverage.

• Moonshot-v1 (moonshot-v1-8k) (Team
et al., 2025): A multilingual LLM developed
by Moonshot AI, utilized to evaluate the
robustness of observed patterns across
different systems.

This comparison enables the study to distinguish
language-inherent effects from model-specific arti-
facts. For reproducibility, all models are accessed
via their respective APIs, with temperature set to 0
for deterministic evaluation and a maximum output
length of 1,000 tokens to accommodate extended
reasoning chains.

Both models are instruction-tuned and may al-
ready exhibit implicit reasoning capabilities. There-
fore, our manipulation of CoT depth should be
interpreted as controlling the explicit structure of
reasoning rather than introducing reasoning ability
itself.

4.3 Evaluation Benchmarks

To evaluate cross-domain generalization, we utilize
two distinct benchmarks that span structured and
unstructured cognitive tasks:

• MGSM (Multilingual Grade School
Math) (Shi et al., 2022): A multilingual
mathematical reasoning benchmark con-
sisting of 250 grade school math problems
translated into ten different languages by
human annotators. It requires multi-step
arithmetic reasoning to derive a final numeric
answer.

• X-CSQA (Cross-lingual Commonsense
QA) (Lin et al., 2021): A multilingual
commonsense reasoning benchmark derived
from the CommonsenseQA dataset, covering
16 languages. The original test set contains
1,074 problems and aims to test the model’s
understanding of typical human knowledge
extending beyond mathematics. This task
involves unstructured, knowledge-based
question answering.

The study uses two distinct task types: one con-
taining deterministic mathematical logic, and an-
other involving broader commonsense inference.
Beyond evaluating task-specific performance, the
primary purpose is to evaluate the dependency be-
tween CoT prompting and varying resource levels
of languages across tasks.

4.4 Evaluation Protocol

Each configuration of model, language, dataset,
and CoT prompting step is evaluated using pre-
fixed 250 randomly sampled queries from the orig-
inal test sets.
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Accuracy is reported as the primary evaluation
metric, defined as the percentage of correct re-
sponses under each language and CoT depth condi-
tion. Final answer extraction is task-specific:

• MGSM: The final numeric answer is ex-
tracted by parsing the numerical output from
the model’s response. Evaluation is conducted
in English, Chinese, German, Japanese,
Swahili, and Thai.

• X-CSQA: Rule-based parsing is used to ex-
tract the selected option (A to E) or the cor-
responding answer text. Responses that can
not be mapped to a valid option are consid-
ered as incorrect. Evaluation is conducted in
English, Chinese, German, Japanese, Swahili,
and Urdu.

To improve robustness and avoid overfitting con-
clusions to specific languages, we intentionally
vary the low-resource languages across datasets:
Thai is used in MGSM and Urdu is used in X-
CSQA. This cross-linguistic variation helps deter-
mine whether the observed CoT behavior are driven
by general resource-level effects rather than spe-
cific linguistic features (e.g., script or morphology).

5 Results and Analysis

5.1 Full Experimental Results
We present the full evaluation results for DeepSeek-
V1 and Moonshot-v1 across all selected bench-
marks and languages. Tables 3 provides
the accuracy for each CoT condition (k ∈
{−1, 0, 2, 4, 6, 8}). These results reveal dis-
tinct performance patterns across high-resource,
medium-resource, and low-resource languages,
forming the basis for our subsequent analysis of
how reasoning step interacts with language re-
source availability.

5.2 CoT Depth Effects Across Languages in
MGSM

DeepSeek Model’s Performance on MGSM. All
languages achieve over 85% accuracy across condi-
tions (see Figure 2), with high-resource languages
such as English showing minimal variance as rea-
soning step increases. Interestingly, some mid-
resource languages such as German exhibit non-
monotonic fluctuations, showing that increasing
CoT depth does not consistently translate into im-
proved performance. One possible explanation is

Figure 2: Deepseek-V1 accuracy matrix across all CoT
conditions on MGSM

that extended reasoning chains introduce additional
variability, potentially interacting with language-
specific characteristics such as tokenization or rep-
resentation quality. However, this mechanism is not
directly examined in our study. In contrast, Thai
demonstrates a steady, monotonic improvement
with increased reasoning steps. Low-resource lan-
guages such as Swahili maintains a relatively high
baseline accuracy approximately 90% but fluctu-
ate without consistent gains from deeper reasoning,
indicating a performance plateau where additional
reasoning steps fails to yield further improvements.

Figure 3: Moonshot-v1 Accuracy matrix across all CoT
conditions on MGSM

Moonshot Model’s Performance on MGSM. As
illustrated in Figure 3, a divergent pattern emerges.
While high-resource and mid-resource languages
achieve accuracies ranging from 70% to 93%,
the low-resource language Swahili consistently re-
mains between 20% to 30% across all CoT condi-
tions. Since increasing CoT depth does not lead
to measurable improvements for Swahili. This re-
flects that prompting alone is insufficient to close
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MGSM X-CSQA

Language CoT−1 CoT0 CoT2 CoT4 CoT6 CoT8 CoT−1 CoT0 CoT2 CoT4 CoT6 CoT8

DeepSeek-V1
de 90.8% 92.8% 91.6% 88.8% 90.8% 90.8% 62.0% 70.8% 50.0% 42.8% 52.0% 54.4%
en 96.4% 96.8% 96.8% 97.2% 97.2% 97.6% 58.8% 55.6% 49.6% 52.0% 50.4% 50.2%
ja 88.4% 88.8% 89.5% 90.7% 89.5% 89.6% 35.5% 29.7% 34.2% 35.0% 36.8% 39.4%
sw 89.6% 89.6% 89.2% 90.4% 92.3% 92.4% 33.2% 30.5% 27.4% 26.4% 20.9% 24.3%
th 90.4% 92.0% 92.0% 92.4% 92.7% 93.5% — — — — — —
ur — — — — — — 32.2% 35.8% 27.0% 28.4% 23.9% 25.5%
zh 91.6% 90.8% 92.0% 91.6% 92.4% 90.8% 65.2% 61.2% 58.0% 63.6% 67.1% 65.6%

Moonshot-v1
de 84.7% 83.5% 81.5% 83.9% 82.3% 80.3% 63.2% 60.4% 66.4% 61.2% 63.6% 57.6%
en 92.0% 92.4% 93.2% 92.0% 90.4% 92.0% 76.8% 71.6% 77.2% 76.0% 76.4% 74.0%
ja 79.9% 71.1% 76.3% 75.9% 77.1% 72.7% 59.6% 50.0% 53.8% 59.2% 58.0% 58.2%
sw 30.1% 26.5% 22.9% 20.5% 26.1% 23.3% 21.2% 31.2% 24.0% 26.4% 26.4% 20.0%
th 69.9% 74.7% 66.7% 71.5% 67.9% 69.1% — — — — — —
ur — — — — — — 32.4% 34.4% 45.2% 43.6% 42.8% 44.0%
zh 87.6% 87.6% 85.1% 85.9% 83.5% 79.9% 58.4% 44.8% 61.6% 59.2% 58.0% 59.6%

Table 3: Combined accuracy results for DeepSeek-V1 and Moonshot-v1 across the MGSM and X-CSQA bench-
marks. Missing language-benchmark pairs are shown as dashes.

the performance gap and that it may be related to
limitations in low-resource mathematical reason-
ing.

5.3 CoT Depth Effects Across Languages in
X-CSQA

Figure 4: DeepSeek-V1 Accuracy matrix across all CoT
conditions on X-CSQA

DeepSeek Model’s Performance on X-CSQA.
DeepSeek exhibits strong language-dependent sen-
sitivity to CoT constraints. Chinese consistently
outperform English (see Figure 4), exhibiting a U-
shaped pattern in which accuracy dips at k = 2
before recovering at higher CoT depths k = 6 –
8. German shows high variance, it initially out-
performs English but experiences a sharp decline
under constrained CoT conditions. In contrast,

Japanese, Swahili, and Urdu remain at lower per-
formance level, and Swahili declines further as
CoT depth increases, indicating instability in low-
resource settings.

Figure 5: Moonshot-v1 Accuracy matrix across all CoT
conditions on X-CSQA

Moonshot Model’s Performance on X-CSQA.
Unlike DeepSeek, Moonshot exhibits more sta-
ble cross-lingual performance, although substantial
performance gap across resource levels remain. As
shown in Figure 5, English achieves the highest ac-
curacy among all languages. Urdu improves from
Free-CoT to k = 2 and k = 4, suggesting that shal-
low reasoning scaffolding can be beneficial when
native reasoning capabilities are limited. However,
Swahili remains the lowest-performing language
and declines further at k = 8.
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Overall, CoT prompting with explicit step con-
straints provides limited benefits for low-resource
languages. While shallow CoT may yield modest
gains in certain cases, increasing the number of
reasoning steps under this setting often leads to
performance degradation.

5.4 Cross-Model Comparison

Figure 6 reveals two key trends. First, perfor-
mance degradation across language resource lev-
els varies by both task and model. Although
MGSM achieves higher overall accuracy, the gap
between high-resource and low-resource is strongly
model-dependent: Moonshot experiences a severe
collapse on low-resource mathematical reasoning,
whereas DeepSeek remains relatively robust.

In contrast, X-CSQA shows a more consistent
degradation across resource levels for both mod-
els. Second, model rankings reverse across tasks:
DeepSeek consistently outperforms Moonshot on
MGSM but underperforms on X-CSQA. This sug-
gests that reasoning performance is task-dependent
and does not transfer uniformly across domains.

5.5 Overall Implications

Across both models and tasks, we observe a consis-
tent pattern: increasing CoT reasoning steps under
step-constrained prompting does not reliably im-
prove performance and often degrades accuracy in
low-resource languages. This trend persists despite
variation in linguistic typology and script, indicat-
ing that the effect is not driven by any specific
language. Instead, it reflects a broader limitation
associated with insufficient training data, which
constrains the model’s ability to benefit from ex-
tended reasoning. Overall, these findings show
that the ineffectiveness of CoT in low-resource lan-
guages is more consistent with representation gaps
than with a lack of reasoning capacity.

6 Discussion

6.1 Why Does Moderate CoT Depth Improve
Performance?

Moderate CoT prompting can improve perfor-
mance by decomposing complex problems into
simpler intermediate steps. This decomposition
reduces the effective search space and promotes
locally coherent generation at each step. In high-
resource languages, extensive training data allows
this structure reasoning to better align with patterns
learned during training, enabling the generation

of coherent intermediate steps that support correct
final answers.

This interpretation is consistent with our obser-
vations that English maintains stable performance
across CoT depths, and Japanese shows consistent
gains at moderate CoT depths across both models.
However, increasing reasoning steps beyond a mod-
erate range may introduce unnecessary inference
redundancy, which can disrupt logical consistency
and lead to compounding errors. Therefore, these
results suggest that high-resource and mid-resource
languages benefit structured reasoning primarily
within an appropriate depth range.

6.2 Why Does Excessive CoT Degrade
Accuracy?

The results show that the benefits of CoT prompt-
ing are not sustained as reasoning steps increase.
Beyond a certain point, additional reasoning steps
introduce several mechanisms that degrade perfor-
mance:

• Error accumulation: Each reasoning step
carries a probability of error that compounds
across the reasoning chain, leading to cascad-
ing failures. Minor inaccuracies at early steps
can amplify over time. For example, Ger-
man’s accuracy on DeepSeek declines mono-
tonically with increasing CoT depth on both
MGSM and X-CSQA, illustrating the cumula-
tive effect of error propagation.

• Overthinking: Extending the reasoning pro-
cess beyond what is necessary can lead to
redundant or inconsistent intermediate steps.
For example, Swahili maintains stable per-
formance at moderate depths but degrades at
higher CoT depths (k = 6 or k = 8) across
both models, indicating that excessive reason-
ing introduces instability.

• Spurious reasoning: Longer reasoning
chains may produce outputs that appear log-
ically structured but are based on incorrect
intermediate justifications. In such cases, ad-
ditional reasoning does not correct errors but
instead reinforces incorrect conclusions.

Overall, these findings show that excessive CoT
depth amplifies noise rather than signal, leading to
diminishing returns in reasoning performance.
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Figure 6: Average accuracy of models across varying language resource levels

6.3 Low-Resource Languages and Reasoning
Noise

Limited training data leads to weaker and less reli-
able internal representations, increasing the likeli-
hood of errors at each reasoning step. As reasoning
steps increase, these errors can accumulate and
amplify, resulting in degraded performance over
longer inference chains. This pattern is reflected
in the results for Swahili, which demonstrates con-
sistently low performance with no improvement
across CoT depths. Similarly, although Urdu ex-
hibits modest gains under moderate CoT, it does not
benefit from further increases in reasoning depth.

These findings indicate that poor performance in
low-resource languages is less likely due to a lack
of reasoning capacity and more consistent with an
inability to suppress reasoning noise. Insufficient
training data may limit the model’s ability to main-
tain coherent multi-step reasoning, leading to error
propagation that undermines inference.

7 Conclusion

This study investigates whether controlling the
depth of CoT reasoning improves the accuracy
of LLMs across languages with varying resource
availability. We conduct experiments using two
models (DeepSeek and Moonshot), two reasoning
benchmarks (MGSM and X-CSQA), and seven lan-
guages spanning different resource levels. Our re-
sults show that increasing CoT depth does not con-
sistently improve accuracy. While high-resource
languages remain largely stable and low-resource
languages exhibit only marginal gains, medium-
resource languages show patterns similar to those

of high-resource languages. Overall, the effective-
ness of CoT depth is not directly correlated with
performance, but instead depends on the interac-
tion between language resource availability and
model characteristics. These findings suggest that
constraining CoT depth should be treated as a con-
ditional strategy rather than a universally beneficial
strategy.

8 Future Work

Future work can extend the analysis to a broader
range of models to assess the generality of the ob-
served patterns. Detailed error analysis could fur-
ther distinguish between sources of failure, such as
morphological ambiguity and hallucinations. Ex-
panding evaluation to include more low-resource
languages or diverse language families would also
improve the robustness of these findings. Addition-
ally, it is important to explore adaptive approaches
that dynamically determine the optimal CoT depth
for each language and task. Analyzing the role
of pre-training data composition and tokenization
efficiency may help clarify the reasoning noise ob-
served in this study. Finally, developing interven-
tion strategies, such as cross-lingual knowledge
distillation or targeted reasoning fine-tuning, could
help mitigate representation gaps and improve the
effectiveness of CoT prompting in low-resource
languages.
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