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Abstract

Recent advances have enabled Large Language Models
(LLMs) to tackle reasoning tasks by generating chain-of-
thought (CoT) rationales, yet these gains have largely applied
to high-resource languages, leaving low-resource languages
behind. In this work, we first investigate CoT techniques in
extremely low-resource scenarios through previous prompt-
ing, model-editing, and fine-tuning approaches. We introduce
English-Pivoted CoT Training, leveraging the insight that
LLMs internally operate in a latent space aligned toward the
dominant language. Given input in a low-resource language,
we perform supervised fine-tuning to generate CoT in English
and output the final response in the target language. Across
mathematical reasoning benchmarks, our approach outper-
forms other baselines with up to 28.33% improvement in low-
resource scenarios. Our analysis and additional experiments,
including Mixed-Language CoT and Two-Stage Training,
show that explicitly separating language understanding from
reasoning enhances cross-lingual reasoning abilities. To facil-
itate future work, we also release LC2024, the first benchmark
for mathematical tasks in Irish, an extremely low-resource
and endangered language. Our results and resources highlight
a practical pathway to multilingual reasoning without exten-
sive retraining in every extremely low-resource language, de-
spite data scarcity.

Code, Dataset, Appendix —
https://github.com/ReML- Al/english-pivoted-cot

Introduction

Large Language Models (LLMs) have showcased excep-
tional performance in a wide-range of task (Zhao et al. 2025;
Zhang, Jin, and Zhuo 2024), particularly in English, due to
the vast amount of available data during pre-training (Qin
et al. 2024; Guo et al. 2023; Kim, Koo, and Lim 2024). Re-
cent advances in post-training techniques, such as reason-
ing scaling (OpenAl 2024b), which explicitly trains models
to generate chain-of-thought (CoT) reasoning, have signifi-
cantly enhanced model accuracy in tasks such as mathemat-
ics and programming. However, such advances have unin-
tentionally widened the performance gap between popular
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languages like English and low, extremely low-resource lan-
guages (Ji et al. 2025). This disparity arises primarily be-
cause post-training methods typically require high-quality,
manually curated datasets, predominantly available only in
English, and misalignment and inherent biases within mul-
tilingual training corpora (Ghosh et al. 2025).

Figure 1 illustrates this phenomenon by comparing out-
puts from a small-size state-of-the-art reasoning model
(r1-distill-Llama-8B (DeepSeek-Al 2025)) given the same
mathematical problem presented in English and in Irish,
classified endangered by UNESCO (UNESCO 2010), less
than 0.01% appearance in Common Crawl (Common Crawl
2025). When the question is presented in English, the model
reasoning process can lead to correct solution, however, with
the same problem in Irish, the model misunderstands, unable
to converse in target language, causing the CoT process to
fail and resulting in an incorrect answer. Our proposed solu-
tion addresses this issue by aligning the model’s reasoning
process across languages, allowing it to “think” internally in
its dominant language (English).

Enabling CoT reasoning in limited-resource languages is
critical for developing Al systems that function effectively
across diverse linguistic contexts. Despite its importance,
this remains a relatively unexplored domain, leaving low-
resource and extremely low-resource languages underrepre-
sented. Current low-resource CoT techniques can be split
into three broad categories: (1) multilingual fine-tuning (Lai
and Nissim 2024; Anand et al. 2024), (2) prompting strate-
gies (translation-based (Shi et al. 2023) or self alignment-
based prompting (Qin et al. 2023)), and (3) model edit-
ing (model merging (Yadav et al. 2023; Tao et al. 2024),
layer swapping (Bandarkar et al. 2025)). In general, while
these methods show promise, they often require extra train-
ing data, additional modules, or incur translation errors, lim-
iting their practical usability in truly low-resource settings.

Inspired by recent advances in reasoning scaling, where
models explicitly generate CoT traces without the need for
carefully crafted reasoning prompts, and recent findings on
the dynamics of language models across layers (Shi et al.
2023; Wendler et al. 2024; Tran, O’Sullivan, and Nguyen
2024) (where distinct layers/neurons specialize in language
understanding and others in reasoning, typically biased to-
wards English), we explore the connections between rea-
soning and multilinguality, particularly how reasoning can
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Figure 1: [llustrative example of model behavior (r1-distill-Llama-8B) when prompted with the same problem in English (robust
reasoning) versus a low-resource language - Irish (reduced understanding and conversational ability). Training with an Irish
chain-of-thought diverges from baseline, while training with English chain-of-thoughts achieves the best of both worlds.

be transferred across languages by keeping the explicit CoT
in English, while boosting the low-resource language under-
standing and generation of the model while keeping inputs
and final responses in the target language. Our method al-
lows the LLM to interpret a problem in the target language,
perform CoT in English, where it is most robust, and then
subsequently generate accurate final responses in the target
language. Our contributions are summarized as follows:

* English-Pivoted CoT Training, a novel and effective
method for adapting LLM’s reasoning capabilities to ex-
tremely low-resource scenarios. Our approach explicitly
aligns reasoning process across languages, addressing
linguistic misalignment and boosting performances.

Our results demonstrate successful transfer of reasoning
capability to Irish, an extremely low-resource language,
by leveraging model’s internal reasoning representations
across languages, upto 28.33% improvement.

Our analysis and ablations, including generalization to
medium and high-resource languages, mixed CoT lan-
guage and two-stage training further highlight the bene-
fit of separating language understanding and reasoning,
demonstrating a practical pathway for multilingual rea-
soning without extensive retraining in each language.

LC2024, the first-ever dataset for evaluating mathemati-
cal reasoning in Irish, an endangered language.

Related Works
CoT Reasoning for Low-Resource Languages

Reasoning is formally described as the cognitive process of
logically analyzing available information to reach conclu-
sions, enabling both humans and Al systems to address com-
plex problems (Ghosh et al. 2025). Chain-of-thought (Wei
et al. 2022; Zelikman et al. 2022) has emerged as a pow-
erful technique for improving reasoning in LLMs by gen-
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erating explicit step-by-step rationales. Recent works ex-
plore CoT in low-resource languages (Shi et al. 2023; Qin
et al. 2023). (Shi et al. 2023) finds that few-shot prompt-
ing with CoT in English consistently achieves competitive
performance to prompting in the native language. To bridge
the gap between languages, alignment techniques have been
carried out to align representation between low-resource
languages and English through learning with parallel sen-
tences (Zhu et al. 2024; Li et al. 2024b) or additional mul-
tilingual encoders (Huang et al. 2024). On the other hand,
there are also attempts to directly fine-tune LLMs in reason-
ing tasks across multiple languages, by obtaining reasoning
data in low-resource languages, mostly through neural ma-
chine translation (Anand et al. 2024; Lai and Nissim 2024).

While prior works highlight stronger performance when
aligning language models to reason in English for tasks in
low-resource languages, they typically leverage prompting
techniques or require additional modules or parallel corpus.
In this work, we explicitly train LLMs to separate their rea-
soning and language understanding capabilities by separat-
ing the languages of internal CoT and final response.

Alignment of Internal Representations in
Multilingual LLMs

There has been a large interest in investigating and aligning
how multilingual LLMs organize and share knowledge be-
tween languages internally. A key question is whether LLMs
“think” in English, or rely on English-centric representations
or rationales even when operating in other languages. There
is evidence that multilingual models often map other lan-
guages into an implicit English latent space (Li et al. 2024a;
Zhu et al. 2024). Recent works analyze intermediate embed-
dings across transformer layers and found distinct phases of
operation, where middle layers perform reasoning in a latent
space steer toward dominant language (English) (Wendler
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Figure 2: Loss curves over the training process for Native CoT Training (Left) and our approach, English-Pivoted CoT Training
(right), normalized with exponential moving average with a smoothing weight of 0.95. Our method shows lower initial reasoning
loss and slower decline, indicating effective separation of English reasoning from target-language responses.

et al. 2024; Tran, O’Sullivan, and Nguyen 2024).

These alignment efforts (Tao et al. 2024; Bandarkar et al.
2025) seek to improve cross-lingual generalization, allow-
ing knowledge learned in one language to transfer to others.
Our work is informed by these studies but takes a distinct
direction. While prior works often relies on external models
or separate bilingual modules, our approach aligns the rea-
soning process within the model’s own representations. This
allows us to transfer reasoning skills to low-resource lan-
guages without retraining from scratch, advancing the un-
derstanding of how multilingual LLMs can maintain consis-
tent reasoning across diverse languages.

English-Pivoted CoT Training for Reasoning
Transfer

We introduce English-Pivoted CoT Training, leveraging the
model’s robust reasoning capabilities developed predomi-
nantly in English, by explicitly constraining the intermedi-
ate CoT reasoning steps to English, while maintaining inputs
and final responses in the target low-resource language. For-
mally, let = denote an input problem expressed in the target
(low-resource) language, and let y represent the final answer
also in the target language. We denote the chain-of-thought
reasoning trace as C', which is constrained to be in English.
The rationale behind this design is that models typically
have been extensively trained in English for reasoning tasks,
and we hypothesize that their latent spaces are more robustly
aligned with English reasoning processes. Our method is de-
signed to learn the conditional probability distribution:

Fo(C,ylz) = Py(Clz) Py(ylz, C) (M

where 0 represents the parameters of the language model,
C = (s1,...,8y) is the chain-of-thought, comprising natu-
ral language reasoning steps s;. Following recent works (Ze-
likman et al. 2022; OpenAl 2024a), we explicitly separate C'
and y by a special token (e.g. “</think>") to mark the tran-
sition between the reasoning trace and the final answer.

Given a training dataset D = {(z,C,y)} consisting of
tuples where:

e x € Sp:input in the target low-resource language.
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* C € S.,: reasoning trace in English.
» y € S7: final answer in the target low-resource language.
we optimize the following objective during training:

LO)= ) logPy(C,ylz) &)
z,C,yeD
= Y [log Ps(Clx) + log Py (ylz, C)] 3
z,C,yeD
= Y logPy(Clz)+ ) log Ps(yla,C) “
z,CED z,yeD
=a Z log Py(Clz) + 8 Z log Py(ylz,C)  (5)
z,CED z,yeD

where log Py(C|x) optimizes the model to generate En-
glish reasoning traces given input in different languages, and
log Py (y|a, C') with C = 6(z:) pushes the model to generate
final response based on both the input (in target language)
and the generated reasoning trace. Additionally, each objec-
tive can be balanced with hyperparameter weights a and S.
By default, we set both the hyperparameters a and 3 to 1.0.
Effectively, this training approach allows the model to
“reason” in English (through forcing the ground-truth CoT
via the loss function log Py(C|z)), a language where it
has been extensively trained for reasoning. In other words,
this enhances the representation alignment between input
prompts in different languages, where they will lead to the
same traces of reasoning. The training method also allows
the model to understand and provide responses in the low-
resource target language. This not only boosts performance
on low-resource languages but also simplifies the training
process by reducing the need for large amount of data in
those languages. In Figure 2, we visualize the changes of the
two loss components in Eq. (5) over the first training epoch.
The figure indicates that our English-Pivoted CoT training
makes it easier for the model to maintain reasoning in En-
glish, as evidenced by the lower initial reasoning loss and
slower subsequent decrease. The increasing gap between
reasoning and response losses shows our method effectively
separates English reasoning from target-language genera-
tion, enabling better understanding of the low-resource lan-
guage. In contrast, Native CoT starts with higher initial rea-
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Figure 3: Parameter updates (mean absolute differences) of Native CoT Training (Left) and English-Pivoted CoT Training
(right) for r1-distill-Llama-8B. English-Pivoted CoT Training focuses more on language comprehension layers (red boxes).

soning loss that decreases rapidly, resulting in a smaller gap following our proposed approach (denote English-Pivoted
between the two losses, indicating less separation between CoT Training). We compare the performance of our method
language understanding and reasoning processes. against several existing multilingual adaptation techniques,
This effect can also be seen in Figure 3, comparing the pa- including few-shot prompting (Shi et al. 2023), multilingual
rameter update patterns of Native CoT training (multilingual reasoning fine-tuning (denote Native CoT Training) (Anand
reasoning fine-tune with both CoT traces and answers in tar- et al. 2024; Lai and Nissim 2024), model merging (Yadav
get language) and our proposed English-Pivoted CoT train- et al. 2023; Tao et al. 2024) and layer swap (Bandarkar et al.
ing for r1-distill-Llama-8B. The figure illustrates key differ- 2025) with Llama-3.1-8B-Instruct (Grattafiori et al. 2024)

ences in adaptation dynamics. Firstly, considering the abso- following the default hyperparameter setup.
lute magnitude of parameter changes, Native CoT introduces Given the limited availability of reasoning data in low-
larger updates throughout the model (approximately 1.3 resource languages, following recent works (Tao et al.
times larger), suggesting a more significant departure from 2024; Liu et al. 2025a), we use NLLB-3.3B (Costa-Jussa
the baseline model’s parameters, which can lead to substan- et al. 2022) to translate existing reasoning datasets: Be-
tially different reasoning behavior. Secondly, examining the spoke (Labs 2025) into Irish, pensez (Ha 2025) into French.
relative changes across model layers, English-Pivoted CoT For Chinese, a high-resource language, we leverage con-
also concentrates updates in the first and last few layers, gliu (Liu et al. 2025b), and translate to English for our ap-
particularly within attention-related matrices (highlighted in proach. We sample the amount of data in target language to
red boxes). These layers have been shown in prior research be N = 8,000 samples, and add in 8,000 English samples
to be in charge of language understanding and generation from the same source to prevent forgetting. In our approach,
tasks (Tran, O’Sullivan, and Nguyen 2024; Wendler et al. reasoning traces originally in target languages are translated
2024). Consequently, our method strategically targets these into English for training purposes. While the amount of
layers, enabling the model to effectively understand and gen- data we leverage for adaptation to low-resource languages
erate final responses in the low-resource language without is relatively small (e.g., compared to 800,000 samples used
deviating from the original model’s reasoning capability. in (DeepSeek-Al 2025)), our evaluation results illustrate a
. clear improvement, highlighting its effectiveness. We note
Experiments that all evaluation datasets are created or manually verified

Experiment settings by humans, ensuring accuracy and quality.

Baselines. We select rl-distill-Llama-8B (DeepSeek-Al Training setup. Our training implementation employs
2025) and DeepHermes-3-Llama-3-8B (Teknium et al. HuggingFace Transformers and DeepSpeed. To manage
2025) due to their state-of-the-art performance and open- memory constraints efficiently, we set the maximum input
source availability. We perform fine-tuning on these models sequence length to 16,384 tokens. Models are trained using
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Model Setting AIME2024 (en) AIME2024 (ga) LC2024 (ga)

rl-distill-Llama-8B Zero-shot Prompting 43.33 6.67 63.64

rl-distill-Llama-8B Few-shot Prompting - Irish CoT 46.67 10.00 45.45

rl-distill-Llama-8B Few-shot Prompting - English CoT 46.67 6.67 32.73

rl-distill-Llama-8B TIES-merging (Yadav et al. 2023; Tao 26.67 3.33 34.55
et al. 2024)

rl-distill-Llama-8B Layer Swap (Bandarkar et al. 2025) 36.67 16.67 30.91

rl1-distill-Llama-8B Native CoT Training (Anand et al. 2024, 48.33 21.67 37.14
Lai and Nissim 2024)

rl-distill-Llama-8B English-Pivoted CoT Training (OURS) 53.33 35.00 73.33

DeepHermes-3-Llama-3-8B  Zero-shot Prompting 1.67 6.67 52.73

DeepHermes-3-Llama-3-8B  Few-shot Prompting - Irish CoT 6.67 0.00 23.64

DeepHermes-3-Llama-3-8B  Few-shot Prompting - English CoT 6.67 3.33 32.73

DeepHermes-3-Llama-3-8B  TIES-merging (Yadav et al. 2023; Tao 3.33 0.00 14.55
et al. 2024)

DeepHermes-3-Llama-3-8B  Layer Swap (Bandarkar et al. 2025) 3.33 3.33 25.45

DeepHermes-3-Llama-3-8B  Native CoT Training (Anand et al. 2024, 1.67 8.33 40.01
Lai and Nissim 2024)

DeepHermes-3-Llama-3-8B  English-Pivoted CoT Training (OURS) 5.00 10.00 54.55

Table 1: Performance comparison of our English-Pivoted CoT Training approach against baseline methods across English (en)
and Irish (ga) reasoning benchmarks. Bold scores indicate the best performance per benchmark.

Model Setting concepts & skills contexts & applications
rl-distill-Llama-8B Zero-shot Prompting 84.85 31.82
rl-distill-Llama-8B Native CoT Training 47.50 31.82
rl-distill-Llama-8B English-Pivoted CoT Training (OURS) 82.82 59.09
DeepHermes-3-Llama-3-8B  Zero-shot Prompting 57.58 45.45
DeepHermes-3-Llama-3-8B  Native CoT Training 57.58 13.64
DeepHermes-3-Llama-3-8B  English-Pivoted CoT Training (OURS) 57.58 50.00

Table 2: Comparisons of low-resource language understanding on LC2024, where the exam is split into 2 parts: concepts &
skills and contexts & applications. The latter part has additional contextual and real-world descriptions, requiring a higher level
of Irish language understanding to comprehend the input. Bold scores indicate the best performance per benchmark.

the AdamW optimizer (Loshchilov and Hutter 2019) for 3
epochs, with a maximum learning rate of 1 x 10~°. Training
is distributed across two Nvidia A100 GPUs (80GB each),
with a total batch size of 24.

Benchmarks. We evaluate the reasoning capabilities
of all models on standard English benchmarks, including
AIME2024 (Veeraboina 2023) (challenging Olympiad-level
math) and MGSM (Shi et al. 2023) (high school-level math).
Additionally, we use MGSM for evaluating performance
in French and Chinese (as it is a multilingual benchmark
dataset), supplemented by MATH-hard (Mohamad Alhajar
2024) for French, follow the French LLM leaderboard (Mo-
hamad Alhajar 2024). For the Irish language, due to lack of
existing datasets, we contribute two new ones:

e Irish version of AIME2024: translated and verified by
two Irish speakers.

e Leaving Certificate 2024 Math exam - Higher Level
(LC2024): derived from official Irish Leaving Certifi-
cate (Wikipedia 2025) examination with 2 splits: con-
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cepts&skills and contexts&applications/ We extract in-
dividual questions that have concrete answers (excluding
proof-based questions) and do not require modalities be-
yond text (e.g., geometric diagrams). The questions are
formatted in LaTeX with a total of 55 samples.

We adopt each benchmark’s default hyperparameters,
leveraging a decoding temperature of 0.6, top-k sampling
with £ = 0.95, limiting generation outputs to 16,384 tokens.

Results and analysis

Reasoning capability can be effectively transferred to
low-resource languages. Table 1 presents the performance
of models trained with our approach (English-Pivoted CoT
Training) compared to baselines on English and Irish bench-
marks. Our method demonstrates a strong improvement: on
the Irish version of AIME2024, while all baselines per-
form poorly, our approach obtains a clear gap of upto
28.33% on rl-distill-Llama-8B baseline. More specifically,
we achieve accuracies of 35.00% and 10.00% when fine-
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Figure 4: Representation retrieval accuracy between Left: questions, and Right: questions and generated CoT traces of the same

questions in different languages.

Model Setting AIME2024 MSGM MATH- MSGM
(en) (en) hard (fr) (fr)
rl-distill-Llama-8B Zero-shot Prompting 43.33 79.6 49.74 54.8
rl-distill-Llama-8B Native CoT Training 45.00 82.0 31.90 61.2
rl-distill-Llama-8B English-Pivoted CoT Training (OURS) 50.00 89.6 70.01 83.2
DeepHermes-3-Llama-3-8B  Zero-shot Prompting 1.67 85.2 3.69 21.6
DeepHermes-3-Llama-3-8B  Native CoT Training 3.33 70.8 6.26 44.8
DeepHermes-3-Llama-3-8B  English-Pivoted CoT Training (OURS) 8.33 76.8 32.27 77.2

Table 3: Ablation study of fine-tuning on French - a medium resource language, and benchmark across English and French
reasoning datasets. Bold scores indicate the best performance per benchmark.

tuned on rl-distill-Llama-8B and DeepHermes-3-Llama-3-
8B, respectively, matching performance on the English ver-
sion. On LC2024, which is relatively less challenging than
AIME2024, although rl-distill-Llama-8B achieves an ac-
ceptable accuracy of 63.64%, our approach surpasses it by
a 10% margin (73.33%). Further inspection shows that both
baseline models generate all CoTs and final answers in En-
glish, regardless of prompting in which languages. This de-
fault behavior aligns with the English prompting approaches
in (Qin et al. 2023; Shi et al. 2023). Interestingly, perfor-
mances on LC2024 (authored by Irish speakers) drops com-
pared to the translated Irish AIME2024 for all baseline ap-
proaches. We hypothesize the model relies on familiar math
notation (same across all languages) to infer the task and
then applies English reasoning, whereas interventions such
as prompting, CoT fine-tuning or model merging disrupt this
implicit strategy, causing parameter interference in reason-
ing in an extremely low-resource language.

Improved language understanding capability. To in-
vestigate whether our approach also enhances language
understanding or simply overfits to mathematical phrases,
we split LC2024 into its two original sections: concepts
& skills and contexts & applications - with more contex-
tual and real-world application descriptions, requires deeper
Irish language understanding. Due to space limitation, we
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present the results of our method and 2 strongest baselines,
with more results in the Appendix. As shown in Table 2,
Native CoT training reduces the model’s performance for
DeepHermes-3-Llama-3-8B from 45.45 to 13.64 on con-
cepts & skills, while maintaining the same performance on
rl-distill-Llama-8B. This shows that training to force the
model to reason in low-resource languages affects its ability
to generate effective CoTs. In contrast, our approach yields
substantially gain in contexts & applications, indicating that
not only does it enable effective reasoning in low-resource
languages but also improves language understanding.

Diverged reasoning traces when forced to reason
in different languages. We assess cross-language align-
ment on AIME2024 by retrieving English embeddings
for Irish questions (with and without CoTs) using aver-
age token representations across layers. As illustrated in
Figure 4, target-language-only models show near-perfect
question-only alignment (up to 100%), but this falls to
around 35% once CoTs are included, revealing diver-
gent internal representations. Figure 1 illustrates how
minor embedding shifts (e.g., confusing “independence”
and “dependence”) can alter interpretation. In contrast,
English-Pivoted CoT Training maintains almost 100%
alignment for both questions and reasoning traces, demon-
strating stable, language-agnostic embeddings.



Training Setting  Prompting AIME2024 LC2024 - concepts&skills LC2024 - contexts&applications
Setting

Mixed CoT Lang.  Irish CoT 33.33 3.33 54.55

Mixed CoT Lang.  English CoT 33.33 30.00 61.82

Two-stage Irish CoT 40.00 6.67 45.45

Two-stage English CoT 33.33 33.33 58.18

Table 4: Irish task performance by CoT language for r1-distill-Llama-8B trained on English and Irish CoTs.
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Additionally, we experience with controlling the CoT
language at test time. We introduce 2 additional train-
ing settings: 1) Mixed CoT Language: 50% of CoTs
in Irish, 50% in English, 2) Two-Stage: first stage uses
English-Pivoted CoT to align comprehension, then a sec-
ond stage fine-tunes on native Irish CoTs to refine reason-
ing in the target language. We prepend each rationale with
“Let’s think in X language” and fix this prompt at infer-
ence to control the CoT language. Table 4 reports that on
Irish AIME2024 (olympiad-level), all methods perform sim-
ilarly, but English-CoT prompted models clearly outperform
on both LC2024 subsets. This suggests that in data-limited
scenarios, directing model to think in English remains the
most effective strategy for robust multilingual reasoning.
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Figure 7: Changes in correction rate from rl-distill-Llama-
8B when finetuned with our proposed approach across 3 data
resources, low (Irish), medium (French), and high (Chinese).

Sample efficiency of English-Pivoted CoT Training. By
decoupling reasoning from language learning, our method
needs only comprehension fine-tuning. As Figure 5 shows,
with just 1,000 samples (IN/8) it beats the base model by
over 5%, and accuracy climbs further with more data. This
highlights its strong performance in low-resource settings.

Learning dynamic of English-Pivoted CoT Training.
Varying the CoT-loss weight « (with 8 = 1) in Eq. 5 (Fig-
ure 6) reveals that both reducing and over-emphasizing «
degrade performance. This highlights the need to balance
the English-CoT and target-response objectives. These re-
sults underscore the need to balance the reasoning trace and
final response objectives in English-Pivoted CoT Training.

Generalizability to medium- and high-resource lan-
guages. Experiments on Chinese and French - medium to
high-resource languages (Zeman et al. 2024; Chang et al.
2024), present in Table 3 and Table 5, indicate the gen-
eralizability: on French MGSM, rl-distill-Llama-8B scores
54.8%, while our approach boosts it to 83.2%; on Chinese,
English pivoting yields only marginal gains over baseline
65.2%, likely because the model naturally reasons in Chi-
nese, so forcing English reasoning can cause interference.
Furthermore, the percentage of the new model corrects an
incorrect answer by the base model and vice versa are shown
in Figure 7. We can see that on MGSM (zh), the correct —
incorrect rate is the highest, reflecting these conflicts. Nev-
ertheless, our method still achieves an average improvement
of 14.30% across the 3 resource regimes (low, medium, and
high-resources), demonstrating its broad applicability.



Model Setting AIME2024 (en) MSGM (en) MSGM (zh)
rl-distill-Llama-8B Zero-shot Prompting 43.33 79.6 65.2
rl-distill-Llama-8B Native CoT Training 46.33 92.4 81.6
rl-distill-Llama-8B English-Pivoted CoT Training (OURS) 56.67 92.4 70.0
DeepHermes-3-Llama-3-8B  Zero-shot Prompting 1.67 85.2 50.8
DeepHermes-3-Llama-3-8B  Native CoT Training 11.67 83.2 61.6
DeepHermes-3-Llama-3-8B  English-Pivoted CoT Training (OURS) 13.33 89.6 62.4

Table 5: Ablation study of fine-tuning on Chinese - a high resource language, where baselines have high level of understanding
and tend to output CoT traces in Chinese. Bold scores indicate the best performance per benchmark.

Conclusion

In this work, we propose a novel approach named English-
Pivoted CoT Training to effectively transfer the reasoning
capabilities of LLMs to low-resource languages. Through
training to explicitly aligning reasoning processes across
languages by forcing CoT traces to be in the dominant lan-
guage, our approach achieves significant performance gains
(up to 28.33%) over existing techniques, and is generaliz-
able to other resource regimes (medium and high-resource
languages). Furthermore, our analysis provides insights into
multilingual LLM behavior, particularly the benefit of sepa-
rating language understanding from reasoning. By contribut-
ing the first-ever Irish mathematical reasoning benchmark
(LC2024), we also aim to support future research in multi-
lingual reasoning. Future work can be interested in extend-
ing to other low-resource languages and tasks, and develop-
ing strategies to further enhance cross-lingual reasoning.

Ethics Statement
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