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Abstract

Large language models (LLMs) with Chain-
of-thought (CoT) have recently emerged as a
powerful technique for eliciting reasoning to
improve various downstream tasks. As most
research mainly focuses on English, with few
explorations in a multilingual context, the ques-
tion of how reliable this reasoning capability is
in different languages is still open. To address
it directly, we study multilingual reasoning con-
sistency across multiple languages, using pop-
ular open-source LLMs. First, we compile the
first large-scale multilingual math reasoning
dataset, mCoT-MATH, covering eleven diverse
languages. Then, we introduce multilingual
CoT instruction tuning to boost reasoning ca-
pability across languages, thereby improving
model consistency. While existing LLMs show
substantial variation across the languages we
consider, and especially low performance for
lesser resourced languages, our 7B parameter
model mCoT achieves impressive consistency
across languages, and superior or comparable
performance to close- and open-source models
even of much larger sizes.

1 Introduction

Recent progress on language models shows that
they can achieve surprising performance on com-
plex reasoning tasks in natural language process-
ing (NLP), such as symbolic reasoning (Wei et al.,
2022a; Kojima et al., 2022), math word prob-
lem (Cobbe et al., 2021; Wei et al., 2022a), and
commonsense reasoning (Wei et al., 2022a; Ko-
jima et al., 2022). Most of the research focuses on
prompting large language models (LLMs), where
the LLMs are conditioned on a few examples or
instructions describing the target task (Wei et al.,
2022b; Fu et al., 2023b; Zhou et al., 2023; Kojima
et al., 2022; Chuanyang et al., 2023).

While most previous works focus on reasoning
with LLMs in English, Shi et al. (2023) recently
have extended it to a multilingual setting lever-
aging a few-shot prompting approach. However,

EN Problem: Silvia has $23. She bought five bagels for $3 each. How
much money does she haveleft?

EN CoT: 5 bagels for $3 eachshouldcost 5 * $3 =$15. Silvia had $23
in the beginning, so now she has 23 - 15 =$8 left. The answeris 8.
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Figure 1: Overview of multilingual reasoning; LLMs
are expected to have consistent reasoning capabilities
across different languages when given the same problem
which has the same answer. Shown in picture are three
example languages: English (EN), Swahili (SW), and
Chinese (ZH). For EN, we show the problem formula-
tion, and the Chain-of-Thought (CoT) reasoning.

performance for lesser resourced languages still
lags behind, in a similar way as generalization of
factual knowledge has been shown to vary widely
across languages (Fierro and Se¢gaard, 2022; Qi
et al., 2023), mainly due to the fact that most lan-
guages are not well represented in LLMs. The
work we present here has the twofold aim of (i)
better understanding and evaluating the general rea-
soning capabilities of LLLMs beyond just English,
and (ii) providing lesser resourced languages with
capable but manageable models which can be used
for reasoning tasks.

To this end, we propose to measure reasoning
consistency across multiple languages. As shown
in Figure 1, LLMs are expected to produce logi-
cally similar reasoning solutions and consistent fi-
nal results for inputs which are semantically equiv-
alent but expressed in different languages. Based
on our findings, we aim to enhance multilingual
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reasoning abilities through instruction tuning, yield-
ing a model that can solve reasoning tasks in vari-
ous languages, with similar reasoning capabilities
across those languages. Specifically, we focus on
math word problems and empirically investigate
the reasoning consistency of current open-source
state-of-the-art LL.Ms across multiple languages.
The model’s reasoning consistency is evaluated to-
ward the final answer (the final results should be
the same across languages). On the basis of prelim-
inary results showing substantial reasoning gaps
between different languages, we propose a multilin-
gual Chain-of-Thought reasoning (mCoT) frame-
work using instruction tuning, which aims to boost
reasoning capability across languages, thereby im-
proving consistency. So, first we construct the
multilingual instruction training dataset (mCo'T-
MATH) by automatically translating English data
into multiple languages, and then we use it for
LLM finetuning.

In summary, our contributions are:!

* We propose to study reasoning consistency of
LLMs across different languages, providing
insights into (the evaluation of) this ability of
LLMs.

* We compile and distribute mCoT-MATH, the
first large-scale multilingual math CoT rea-
soning dataset containing around 6.3 million
samples for 11 diverse languages.

¢ Based on mCoT-MATH, we train and make
available a 7B parameter model mCoT for
multilingual math reasoning, which achieves
impressive consistency across languages, and
superior or comparable performance to close-
and open-source models.

2 Background

Math Reasoning with LLMs In recent years,
LLMs such as GPT-3 (Brown et al., 2020) have
shown impressive performance in various NLP
tasks. In particular, LLMs with CoT-based method
exhibit the emergent ability to perform complex
math reasoning tasks (Wei et al., 2022b; Wang
et al., 2023). One popular line is prompt engi-
neering, which aims to elicit reasoning capability
of LLMs by exploring various prompts, such as
basic CoT prompting (Wei et al., 2022b), complex
CoT (Fu et al., 2023b), auto-CoT (Zhang et al.,
2023), self-consistency CoT (Wang et al., 2023),

"Data, code, and model are available at https://github.
com/laihuiyuan/mcot.

multilingual CoT (Shi et al., 2023), least-to-most
prompting (Zhou et al., 2023), progressive-hint
prompting (Chuanyang et al., 2023), residual con-
nection prompting (Jiang et al., 2024), and using
specific phrases like “Let’s think step by step” (Ko-
jima et al., 2022). In addition to guiding the model
through prompting methods, several works pro-
pose to control the reasoning path during inference
through verifier (Cobbe et al., 2021; Khalifa et al.,
2023) and decoding method (O’Brien and Lewis,
2023). Another research line is a tailor-designed
reasoning model that improves the mathematical
reasoning ability of LLMs through instruction tun-
ing on reasoning data, including reinforcement
learning (Uesato et al., 2022; Luo et al., 2023),
knowledge distillation (Fu et al., 2023a; Hsieh et al.,
2023; Magister et al., 2023; Shridhar et al., 2023;
Yue et al., 2024), and data augmentation (Huang
et al., 2023; Zelikman et al., 2022; Ni et al., 2023;
Zhu et al., 2023; Yu et al., 2024). In this work we
extend the multilingual reasoning carried out by
Shi et al. (2023) in GPT-3 and PaLM (Chowdhery
et al., 2022) to current open-source popular LLMs,
and study multilingual reasoning consistency. Ad-
ditionally, following previous works (Chen et al.,
2023a; Chai et al., 2024), we employ machine trans-
lation to translate existing English data into other
languages for multilingual reasoning, but we do
so at a very large scale, with substantial gains in
performance.

Consistency in Language Models Consistency
is one of the core qualities of language models,
which refers to models behaving consistently on
semantically equivalent inputs (Elazar et al., 2021;
Fierro and Sggaard, 2022). Intra-language consis-
tency has been studied across different tasks, such
as language inference (Li et al., 2019; Mitchell
et al., 2022), explanation generation (Camburu
et al., 2020), fill-in-the-blank phrases (Ravichan-
der et al., 2020), and math reasoning (Wang et al.,
2023). These works mainly consider the En-
glish language, although there is some recent re-
search on factual consistency in a multilingual sce-
nario (Fierro and S¢gaard, 2022; Qi et al., 2023).
To our knowledge, the present work is the first
systematic analysis of multilingual reasoning con-
sistency for LLMs, measuring the extent to which
language models reason about the same answer to
the same question written in different languages. In
this context, we introduce multilingual CoT instruc-
tion tuning to boost reasoning capability across

12013


https://github.com/laihuiyuan/mcot
https://github.com/laihuiyuan/mcot

multiple languages, thereby improving model con-
sistency.

3 Multilingual Reasoning Consistency

This section provides details on the task, the data,
and the experimental setup we use to investigate the
LLMs’ reasoning capability in different languages
and their reasoning consistency.

3.1 Task, Dataset, and Setup

Task Definition Generally, each math problem is
fed to an LLM along with a set of manually written
CoT exemplars, which is expected to generate all
necessary intermediate steps up to and including
the final answer. Given a set of math problems M,
each problem consists of a triplet (question:gy,
reasoning steps:r,, final answer:a), where
the problem and intermediate steps are written in a
natural language x € £. We define the multilingual
reasoning consistency of an LLM as the extent to
which it reasons to the same answer for the same
question asked in different languages, including
correct consistency and incorrect consistency. For
a given language pair (x,y), correct consistency
(CC) is the percentage of identical math problems
written in that language pair for which the correct
answer is predicted. Formally:

IMIT(az = a¥ = g
s i

Where I(+) is the indicator function. a; represents
the gold answer corresponding to the i-th math
question, a¥ and a are the predicted answers to
the ¢-th question written in languages  and y, re-
spectively. For incorrect consistency (IC), we cal-
culate the proportion of predicted answers that are
incorrect but identical in the language pair out of
the total number of incorrect answers in each re-
spective language, and take the average of the two
languages as the final result:

M|/ .
’ M| /4
S # a)
M|/ 4 .
Slag=al#a)) o
ST 2O
> i 1@ # aq)
Reasoning Dataset As defined above and de-
picted in Figure 1, multilingual reasoning consis-

tency requires both questions and reasoning steps
to be written in the same language, for multiple

languages. GSMS8K (Cobbe et al., 2021) is an
English (EN) dataset which includes high-quality
grade school math word problems, each involving
basic arithmetic operations (addition, subtraction,
multiplication, and division) that usually require
two to eight steps to solve according to the official,
provided solution. It contains approximately 7,500
and 1,319 samples for training and testing, respec-
tively. Based on GSMS8K, Shi et al. (2023) create
MGSM, extending math reasoning into a multilin-
gual setting. To do so, they select the first 250 prob-
lems from GSM8K and manually translate them
into ten different languages: Bengali (BN), Chi-
nese (ZH), French (FR), German (DE), Japanese
(JA), Russian (RU), Spanish (ES), Swahili (SW),
Telugu (TE) and Thai (TH). SW, BN, TE, and TH
are usually heavily underrepresented languages in
pre-trained language models; in PaLM (Chowdh-
ery et al., 2022) they account for less than 0.1% of
the pretraining data. We conduct experiments on
these ten languages plus English, and measure the
reasoning consistency between any two languages.

Model Setup We select a range of open-source
state-of-the-art LLMs in three different sizes:

e 7B: LLAMAZ2 (Touvron et al., 2023); Qwen (Bai
et al., 2023); Mistral (Jiang et al., 2023).

¢ 13-14B: LLAMA2-13B (Touvron et al., 2023);
Qwen-14B (Bai et al., 2023).

* 56-72B: Mistral-8 x7B%; LLAMA2-70B (Tou-
vron et al., 2023); Qwen-72B (Bai et al., 2023).

We perform few-shot CoT reasoning following Wei
et al. (2022a) and Shi et al. (2023), who improve
the reasoning task by augmenting few-shot exam-
ples with intermediate steps. We use 8-shot for
all languages except TE which only uses 2-shot
due to the maximum number of input tokens. All
CoT prompts in different languages are sourced
from the original multilingual CoT reasoning pa-
per (Shi et al., 2023). On the other hand, assum-
ing that we can not access existing math problems
with the corresponding reasoning solutions in some
languages, a natural and simple way is to use ma-
chine translation to translate existing data (e.g.,
English data) into the target languages. Therefore,
we compare not only the consistency between lan-
guages, but also the consistency between human-
translated (HT) prompts and machine-translated

2https: //mistral.ai/news/mixtral-of-experts/

12014


https://mistral.ai/news/mixtral-of-experts/

100

LLAMA2-7B  EEE LLAMA2-13B Qwen-72B
I Qwen-7B HEl (Qwen-14B Mistral 7*8B
30 1 BN Mistral-7B EEE [LAMA2-70B
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(a) Reasoning accuracy (%) using human-written prompt.
100
LLAMA2-7B  EEE LLAMA2-13B Qwen-72B
s Qwen-7B HEEE Qwen-14B Mistral 7*8B
30 1 BN Mistral-7B EEE [LAMA2-70B
S 60
>
3
5
§ 40 1
20 A
oLl II.J_..I.
SW BN TE TH JA ZH RU ES FR DE AVG

(b) Reasoning accuracy (%) using machine-translated prompt.

Figure 2: Accuracy (%) on MGSM of different models with the few-shot method. All machine-translated prompts

are translated from English data using Google Translate.

(MT) prompts to understand the impact of trans-
lated data on model performance.

3.2 Results

Model Performance We first compare the perfor-
mance of different models, as shown in Figure 2.
Unsurprisingly, and similar to the results reported
by Shi et al. (2023), the performance generally
improves for all models across all languages as
the models scale up in size. However, in contrast
to their findings for the large-scale model PaLM-
540B, open-source models still yield a performance
gap between underrepresented languages (which
cover less than 0.1% of the training corpora in
PalLM) and high-resource languages. For instance,
Qwen-7B scores above 30% in most high-resource
languages (e.g., ES and FR) and below 10% in un-
derrepresented languages (e.g., SE, BN, and TE).
Particularly, Mistral-8 x 7B and Qwen-72B achieve

3Detailed results are in Appendix A.2.

similar or higher scores than Pal.M-540B in high-
resource languages, while PaLM-540B has better
results in underrepresented languages. Regarding
HT and MT prompts, we compare all languages
except EN, and observe that the results using these
two prompts are very close for all models and lan-
guages we considered.

Reasoning Consistency We illustrate multilin-
gual reasoning consistency results for different
models in Figure 3. When looking at reasoning
consistency between language pairs as presented
in Figure 3(a), consistent with the trend in model
performance, we find overall consistency to be
lower for smaller-scale models (7B and 13B) and
underrepresented languages (SW, BN, and TE).
The correct consistency for all models improves
with increasing language representation in pre-
training, which is not surprising as higher-resource
languages have better accuracy. Incorrect consis-
tency, however, shows a different trend, with higher
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Figure 3: Multilingual reasoning consistency. The triangle above the marked diagonal shows the consistency of the
models on the correct answers; the triangle below the diagonal contains the consistency between the language pairs

where the final answer is the same but incorrect.

scores between underrepresented languages and
between high-resource languages in most models,
and this occurs even in larger-scale models such as
LLAMAZ2-70B and Qwen-72B. This suggests that
incorrect reasoning knowledge in LLMs is similar
to a certain extent between these languages.

To further analyse the impact of using machine-
translated prompts, we present reasoning consis-
tency between HT and MT prompts in Figure 3(b).
The consistency trend is similar to those in Fig-
ure 3(a), with high-resource languages having high
consistency on correct answers and underrepre-

12016



EN Problem: Silvia has $23. She bought five bagels for $3 each. How
much money does she haveleft?

EN CoT: 5 bagels for$3 eachshouldcost 5 * $3=815. Silvia had $23
in the beginning, so now she has 23 - 15 =88 left. The answeris 8.

EN SW ZH

Problem
and CoT

Instruction Format
[EN] Question: \n[Math Question] \nAnswer: \nLet‘s think step by step.
\n[CoT Reasoning]

[SW] Question: \n[Math Question] \nAnswer: \n Hebu fikiriahatua kwa
hatua.\n[CoTReasoning]

3 [ZH] Question: \n[Math Question]\nAnswer: \nibFA 11— 5%
i \n[CoT Reasoning]

Figure 4: Overview of multilingual CoT reasoning data.
English data is first automatically translated into target
languages, and then inserted into the templates to con-
struct multilingual instruction data.

sented languages having high consistency on in-
correct answers. On the other hand, consistency
scores of the larger models are closer to the rea-
soning accuracy of using human-written prompts,
indicating that using machine-translated prompts
has less impact on these models.

4 mCoT Instruction Tuning

Based on our findings in multilingual reasoning
consistency, we propose a multilingual instruction
tuning framework mCoT to supervise the reasoning
process, aiming to generate similar reasoning and
the same results on inputs expressed in different
languages but semantically equivalent. Formally,
given a question ¢ = {q1,- - , ¢} in language x
and its corresponding answer — always an integer
in this work — the model can generate the step-by-
step reasoning solution s = {s1,- - , s, } written
in language = with the final answer.

4.1 mCoT-MATH

Source Data We leverage two English datasets
as source data: MetaMathQA (Yu et al., 2024),
which augments the training data of GSM8K and
MATH with a question bootstrapping method that
rewrites questions using both forward and back-
ward reasoning paths and leverages LLMs to refor-
mulate the question text; and Mathlnstruct (Yue
et al., 2024), which is based on seven existing
math rationale datasets annotated by humans or
GPT-4 (OpenAl, 2023). This dataset contains two
prompt formats: Chain-of-Thought (CoT, Wei et al.
2022b) and Program-of-Thought (PoT, Chen et al.

2023b). We select MathInstruct’s CoT samples
and combine them with MetaMathQA, resulting in
approximately 580,000 samples.

Automatic Translation Following Shi et al.
(2023), we select the ten different languages in-
cluded in MGSM as the target languages for trans-
lation. The overall framework is illustrated in Fig-
ure 4. First, we machine-translate* all EN data into
the target languages. After translation, we use the
instruction format to reformulate all the data to ob-
tain mCoT-MATH, the first large-scale multilingual
math CoT dataset, containing around 6.3 million
samples. This is expected to facilitate an exhaustive
exploration of model reasoning consistency across
languages.

4.2 Implementation

We use Mistral-7B as base model, training our
mCoT instruction tuning framework using Hug-
gingFace Transformers (Wolf et al., 2020) and
Deepspeed (Rasley et al., 2020). During training,
we set the maximum length of the input sequence
to 1024, thus reducing GPU memory consumption
and improving training speed. We train our model
using AdamW optimiser (Loshchilov and Hutter,
2019) with a maximum learning rate of 5e-6 and
a 3% learning rate warmup. The batch size is set
to 32 and gradients are accumulated in 4 update
steps. We train our model on 4 x NVIDIA A100
40GB GPUs for around 10 days. We report the
final answer accuracy for all experiments.

4.3 Evaluation Data

We select two popular multilingual math reasoning
datasets, in which each sample contains a ques-
tion and the corresponding final answer. Specif-
ically, in addition to MGSM, we also include
MSVAMP (Chen et al., 2023a), which is con-
structed based on English data SVAMP (Patel et al.,
2021). Chen et al. (2023a) use Google Translate to
transform 1,000 questions from the SVAMP test set
into nine languages: SW, BN, TH, JA, ZH, RU, ES,
FR, and DE. To ensure the translation quality, they
back-translate the translated text into English and
ask three professional annotators to check semantic
consistency manually.

4.4 Baselines

We consider state-of-the-art models of different
sizes, both closed and open source.

4https: //translate.google.com/.
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Model SW BN

TE TH JA ZH RU ES FR DE EN

Lang. Freq. (%) <0.1 <0.1 <0.1 <0.1 04 04 05 21 33 35 780
Close-Source Models

GPT-3 few-shot 112 64 04 08 260 400 284 404 37.6 36.0 53.6
GPT-3.5-En 2-shot 400 7.6 - 156 468 528 504 612 592 620 672
GPT-4-En 2-shot 644 17.6 - 404 71.6 70.0 64.0 712 72.0 73.6 80.0
PalLM-540B few-shot 352 46.0 45.6 52.8 40.0 46.8 484 568 464 492 624
Open-source Models

7B Models

WizardMath (Luo et al., 2023) 34 20 - 40 240 224 30.8 348 304 304 476
MathOctopus (Chen et al., 2023a) 384 332 - 364 356 452 484 452 38.0 43.6 548
MathOctopus-Mistral (Chen et al., 2023a) 51.6 44.0 - 488 480 51.6 49.6 532 472 50.0 584
xCoT (Chai et al., 2024) 484 404 428 492 500 50.0 50.0 488 49.6 472 484
13B Models

WizardMath (Luo et al., 2023) 56 64 - 5.6 22.0 28.0 344 456 420 404 528
MathOctopus (Chen et al., 2023a) 46.0 42.0 - 460 396 512 476 532 49.6 492 516
xCoT (Chai et al., 2024) 51.6 50.0 472 50.0 49.6 540 56.8 548 464 524 544
mCoT-7B (ours) 672 656 624 67.6 652 648 668 684 63.8 612 71.6

Table 1: Multilingual evaluation results (final answer accuracy:%) on the MGSM benchmark. Notes: (i) Lang.
Freq. (%) is the language frequency in PaLLM training data; (ii) the results of GPT-3 and PaLM-540B are from Shi
et al. (2023), while those for GPT-3.5 and GPT-4 are from Chen et al. (2023a); and (iii) in boldface best results per

language among closed models and among open models.

Close-Source Models We include six models
from three different companies as foundational
benchmarks: (i) OpenAI’'s GPT-3 (Brown et al.,
2020), GPT-3.5°, and GPT-4 (OpenAl, 2023); (ii)
Anthropic’s Claude-2°; and (iii) Google’s PaLM
2 (Chowdhery et al., 2022) and Flan-PalLM (Anil
et al., 2023).

Open-Source Models We also compare our
model mCoT with several best-performing open-
source models for the sake of fairness (includ-
ing size comparison): (i) WizardMath (Luo et al.,
2023); (ii) MathOctopus (Chen et al., 2023a); (iii)
xCoT (Chai et al., 2024); and (iv) MetaMath (Yu
et al., 2024).

4.5 Results

Evaluation on MGSM Table 1 reports results on
the MGSM benchmark. The first observation is that
most existing models, including close- and open-
source, perform poorly on underrepresented lan-
guages such as SW, BN, and TE. For close-source
models, GPT models achieve higher accuracy in
high-resource languages, with GPT-4 scoring the
highest; PalLM-540 achieves competitive perfor-
mance in all languages, especially reaching the
highest score in low-resource languages BN, TE
and TH. For open-source models, we observe that

5https ://openai.com/blog/chatgpt.
6https ://www.anthropic.com/index/claude-2.

WizardMath achieves less than 7% accuracy on
low-resource languages which is explained by the
fact that this model is trained on English data, while
both MathOctopus and xCoT gain strong improve-
ment with the help of the multilingual instruction
dataset. When looking at our model, we see that
mCoT significantly outperforms all previous strong
baselines, and even outperforms GPT-4 in under-
represented languages such as SW, BN, TE, and
TH. Particularly, mCoT has higher accuracy scores
than PalLM-540B across all languages.

Evaluation on MSVAMP Table 2 reports results
on the MSVAMP benchmark. We can observe that
GPT-4 with 2-shot achieves the best performance in
all languages except BN, where our model achieves
the best results. When looking only at open-source
models, similar to the observations on MGSM,
WizardMath performs poorly in low-resource lan-
guages, while our model mCoT shows the highest
scores across the board. In particular, mCoT outper-
forms MathOctopus-Mistral, the one also based on
Mistral-7B, confirming that leveraging our dataset
mCoT-MATH can yield substantial gains in perfor-
mance. Finally, we observe that mCoT scores are
very close across all languages, suggesting a lesser
dependency on the low- vs high-resource aspect.

Reasoning Consistency To further evaluate
mCoT’s reasoning capability in different languages,
in Figure 5 we present its reasoning consistency
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Model SW BN

TH JA ZH RU ES FR DE EN

AVG

Lang. Freq. (%) <0.1 <0.1 <01 04 04 05 21 33 35 780 -
Close-Source Models

GPT-3.5-En zero-shot 632 3.1 244 633 724 623 695 719 66.7 76.1 573
GPT-3.5-En 2-shot 68.4 144 46.0 740 784 709 746 782 739 812 66.0
GPT-4-En 2-shot 75.7 312 68.1 748 789 779 815 839 781 80.1 73.0
Open-source Models

7B Models

WizardMath (Luo et al., 2023) 103 16.1 63 267 268 337 429 399 39.6 451 27.0
MathOctopus (Chen et al., 2023a) 423 328 40.5 432 432 421 445 453 4311 468 424
MathOctopus-Mistral (Chen et al., 2023a) 41.2 36.7 402 41.5 43.1 440 470 490 464 49.7 439
13B Models

WizardMath (Luo et al., 2023) 125 13.7 163 295 370 438 504 494 487 56.3 358
MathOctopus (Chen et al., 2023a) 434 342 395 431 464 482 482 499 477 446 445
mCoT-7B (ours) 550 53.7 564 588 582 58.1 589 588 61.1 583 57.7

Table 2: Multilingual evaluation results (final answer accuracy:%) on the MSVAMP benchmark. Notes: (i) Lang.
Freq. (%) is the language frequency in PaLM training data; (ii) the results of GPT-3.5 and GPT-4 are from Chen
et al. (2023a); and (iii) in boldface best results per language among closed models and among open models.

results on the dataset MGSM. After instruction
tuning on our dataset mCoT-MATH, correct consis-
tency shows a strong improvement as our model’s
reasoning accuracy improves, and in particular we
observe that: (i) this is especially true for underrep-
resented languages; and (ii) the scores for all lan-
guage pairs are very close, with most being above
50%. It is also interesting to see an increasing trend
in incorrect consistency for most language pairs,
including low- and high-resource languages, con-
firming that our model exhibits similar reasoning
capabilities across languages. Overall, these obser-
vations underscore the efficacy of our method in
improving the model’s reasoning consistency.

5 Analysis

Case Study Table 3 shows reasoning solutions
generated by our model mCoT for the same math
question expressed in different languages. In this
case, mCoT incorrectly reasons in the second step
in TE: Yogurts cost $5.00 each, so Terry spends
60 * 5.00 =300.00 on yogurts in 30 days (EN
translation of red background part), which leads to
the wrong reasoning and final answer. For other
languages, we observe that mCoT generates the
correct final answers, while the solutions might be
logically different. For example, the focus of FR is
to first reason about how many packs of yogurt are
needed and then calculate the total cost based on
the price of each pack, while for other languages
such as EN, the total cost is calculated through
the total amount of yogurt and the unit price of
each yogurt. Overall, these evidences demonstrate

2 167.6(56.0 54.4 56.4 56.0 54.8 56.4 60.0 54.4 53.2 60.0
70}

-20.4/65.6|52.8 53.6 53.2 54.4 53.6 58.0 52.0 49.6 56.8

te bn

-14.9 12.2162.4|51.6 50.0 50.4 51.6 55.6 48.8 50.0 56.0

th

-18.5 13.2 13.8|67.6(54.4 52.0 56.0 60.0 53.2 50.8 59.2

-16.7 13.9 7.8 14.3(65.2|52.0 53.2 56.4 51.6 50.0 57.6

-19.0 18.4 12.1 17.8 13.7|64.8|54.4 56.8 50.0 50.8 58.0

-13.4 11.8 79 19.5 82 14.1/66.8(57.6 53.6 52.4 59.6

es ru zh ja

-16.2 15.8 14.0 25.0 9.7 18.0 16.1(68.4(55.6 52.8 62.8

-15.2 18.1 14.1 21.0 13.5 11.2 23.0 21.3]63.6|50.0 55.2

fr

-19.3 15.4 14.7 17.0 12.0 15.2 15.7 18.4 20.2|61.2|56.4

-21.1 141 99 17.2 14.1 153 17.0 25.4 17.5 19.5|71.6

en de

sw bn te th ja zh ru es fr de en
Figure 5: Multilingual reasoning consistency of mCoT.
The triangle above the marked diagonal shows the con-
sistency of the models on the correct answers; the trian-
gle below the diagonal contains the consistency between

the language pairs where the final answer is the same
but incorrect.

that mCoT has a good reasoning capability across
different languages.

6 Conclusion

We studied multilingual reasoning consistency
across multiple languages for popular open-source
LLMs such as Mistral and LLAMA?2, which pro-
vides insights into the evaluation of LLMs. Our
findings show that there is a substantial variation
across the languages, with lesser resourced ones
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Language

CoT Reasoning

Question

Terry eats 2 yogurtsaday. They are currently onsale at4 yogurts for $5.00. How muchdoeshe spend on yogurt over30
days?\nAnswer:\nLet's think step by step.

EN

Terry eats 2 yogurts a day, so in 30 days, he will eat2 x 30 = 60 yogurts.\nThe yogurts are on sale at 4 for $5.00,so each
yogurt costs $5.00 /4 =$1.25.\nTherefore, Terry will spend $1.25x 60 =875.000n yogurt over 30 days.\nThe answer is 75.

SW

Terry hunywa maziwa 2 ya mtindi kwa siku, kwa hiyo katika siku 30 atakunywa?2 x 30 =60 maziwa ya mtindi. Kwa sasa
kuna ofa ya maziwa 4 yamtindi kwa $5.00, kwa hivyokila moja inagharimu $5.00 /4 =$1.25. Kwa muda wa siku 30,
Terry atatumia $1.25x 60 =$75.00 kwa maziwa ya mtindi. Jibu ni 75.

BN

GfF fre 2f6 TAHIE AR, i3 30 A Wy, 67 2 x 30 = 6016 JAGHE A JAGIE 4 ST ST $5.00 97 & fifes Tz, ©i e
BEBIBI WY $5.00 /4 = $1.251 30 faea e, BfF SASMTT 7 60 x $1.25 = $75.00 U6 FAQ| 3T & 751

TE

08 PIBer 2 AWrifed Sotrcd, Te 30 Berd’ et 2 * 30 = 60 ArriGen Sotrcd. [AARAG &6 28 S $5.00,
s 88 30 B airrbe o 60 * $5.00 = $300.00 by B, wIFEP0 300.

TH

: P : P
moSinulensn 2 dwiefy dniulu 30 Sy meduluisn 2 x 30 =60 dw Teisadieaz 4 dwaanmedn 500 aeamianiys duiulsisudazddeism
500 aoanniemsga /4 =125 avamiamiga  dniu meingldne 60 X 1.25 avams = 75.00 avamismiulonsa faeudo 75

JA

FTUV—E1HEC 2203 =7V b2 AENZOT, 30 HEIWC I 2x30=60fHOI—7 LV b2 RARNZ I LW aD &
T, =7V MNEAETS PLOE— DT, 3—7 1 b 1{EDOAiAIE 5 Fvid=125 Fvéen D £,
LER>T. 7Y 30H2DI—Z7 )L PIZ60x125 KL =75 FLVEHER T LD Ed. BZ2EISTT,

ZH

FRRAEERIZ 2 YD, ML 30 RAWKNZ 2 x 30 =60 3 ERYY. BRUHITHT, 4 AERWE S 3£on, Wik 1 HERRYEN
5/4=1.25%7G. Terry ¥ifE 30 RINTED 60 x 1.25 £I6="75.00 E I LRY . BRELTS.

RU

Teppw chesaeT 2 HOrypTaB IeHb, 3HauuT, 3a 30 Heit oH chect 2 X 30 = 60 forypTos. Horyprs mpoaatorcs no uexe 5
JI0JUTApOB 32 4 IITYKH, HO3TOMY KaKIbIid HOTYpT cToMT 5 nomwtapos/4 = 1,25 nomnapa. 3a 30 queit Teppu moTpaTuT Ha
Horypter 60 x 1,25 nosmapa =75 nosapos. Orser: 75.

ES

Terry come 2 yogures al dia, por 1o que en 30 dias comera 2 x 30 =60 yogures. Actualmente hay una oferta de 4 yogures por
$5, por lo que cada yogurcuesta $5/4 =$1,25. Durante 30 dias, Terry gastara 60 x $1,25=875 en yogur. Larespuestaes 75.

Terry mange 2 yaourts chaque jour, donc sur 30 jours, il mangera 2 x 30 =60 yaourts. Les yaourts sont vendus au prix de 4

FR pour 5,00 $, donc Terry devra acheter 60/4=15 ensembles de yaourts. Chaque ensemble cotte 5,008, donc Terry

dépensera 15 x 5,00 $=75,00 $ en yaourt sur 30 jours. Laréponse est 75.

Terry isst 2 Joghurts pro Tag, also isst sie in 30 Tagen 2 x 30 = 60 Joghurts. Die Joghurts sind fiir 5,00 $ fiir 4 Stiick im

DE Angebot, also kostet 1 Joghurt 5,00 $/4=1,25$. In30 Tagen wird Terry 60 Joghurts zu je 1,25 $ ausgeben, also 60 x 1,25

$=75,00$. Dic Antwortist 75.

Table 3: Case study in the test set of MSGM. Note that here we only show an EN question, the questions
corresponding to each output are written in their respective languages.

substantially underperforming. To address this
issue, we constructed the first large-scale multi-
lingual math reasoning instruction dataset mCo'T-
MATH, with around 6.3 million samples in eleven
diverse languages. We then introduced a multi-
lingual reasoning instruction tuning framework to
train our model mCoT on mCoT-MATH. Evalua-
tion on two multilingual benchmark datasets shows
that our 7B parameter model achieves impressive
reasoning consistency across all languages, and
comparable or superior performance to close- and
open-source state-of-the-art models even of much
larger sizes.

7 Limitations

In this work we investigated multilingual reasoning
consistency across 11 languages and eight open-
source models in different sizes, but there are very
many more languages and LLMs that can still bring
substantial challenges and insights if considered.

In addition, when considering more languages in
the future, it will also be interesting to consider
language families as factor. On the other hand, this
work focused on reasoning consistency based on
the final answer, while the consistency of intermedi-
ate reasoning steps is definitely an interesting direc-
tion. Reasoning solutions are not necessarily con-
sistent across languages (even within the same lan-
guage), since they might be logically different but
still result in the same and correct answer. There-
fore, automatically assessing intermediate steps
is challenging and requires more explorations in
the future. Regarding the dataset, while mCoT-
MATH boosts the reasoning capability across lan-
guages, screening high-quality machine-translated
data could further improve the model. Finally, the
full potential of our approach could be further ex-
plored by for example extending instruction tuning
with reward learning to encourage models to gener-
ate more diverse solutions.
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A Appendix
A.1 Prompt Examples

Question: Roger has 5 tennis balls. He buys 2
more cans of tennis balls. Each can has 3 tennis
balls. How many tennis balls does he have now?
Step-by-Step Answer: Roger started with 5
balls. 2 cans of 3 tennis balls each is 6 tennis
balls. 5+ 6 =11. The answer is 11.

Question: There were nine computers in the
server room. Five more computers were installed
each day, from monday to thursday. How many
computers are now in the server room?
Step-by-Step Answer: There are 4 days from
monday to thursday. 5 computers were added
each day. That means in total 4 * 5 =20
computers were added. There were 9 computers
in the beginning, so now there are 9 + 20 =29
computers. The answer is 29.

Question: Leah had 32 chocolates and her sister
had 42. If they ate 35, how many pieces do they
have left in total?

Step-by-Step Answer: Leah had 32 chocolates
and Leah’s sister had 42. That means there were
originally 32 + 42 =74 chocolates. 35 have been
eaten. So in total they still have 74 - 35 =39
chocolates. The answer is 39.

Question: Shawn has five toys. For Christmas,
he got two toys each from his mom and dad.
How many toys does he have now?
Step-by-Step Answer: He has 5 toys. He got 2
from mom, so after that he has 5 +2 =7 toys.
Then he got 2 more from dad, so in total he has
7+ 2 =9toys. The answer is 9.

Question: Michael had 58 golf balls. On
tuesday, he lost 23 golf balls. On wednesday, he
lost 2 more. How many golf balls did he have at
the end of wednesday? )
Step-by-Step Answer: Michael started with 58

olf balls and lost 23, so he has 58 - 23 = 35.

fter he lost 2 more, he has 35 -2 = 33 balls
now. The answer is 33.

Question: Olivia has $23. She bought five
bagels for $3 each. How much money does she
have left?

Step-by-Step Answer: 5 bagels for $3 each
should cost 5 * 3 = 15 dollars. Olivia_had $23 in
the bcEmmng, 5o now she has 23 - 15 = 8 dollars
left. The answer is 8.

Question: Jason had 20 lollipops. He gave
Denny some lollipops. Now Jason has 12
lollipops. How many lollipops did Jason give to
Denn{?

Step-by-Step Answer: Jason started with 20
lollipops, but now he only has 12, so he gave
Denny 20 - 12 = 8 lollipops. The answer is 8.

Question: If there are 3 cars in the parking lot
and 2 more cars arrive, how many cars are in the
garking lot? .

tep-by-Step Answer: There are 3 cars in the
beginning, 2 more arrive, so now there should be
3 +2=5cars. The answer is 5.

Question: [Math Question]
Step-by-Step Answer:

Frage: Roger hat 5 Tennisballe. Er kauft noch 2
Dosen Tennisbille. In jeder Dose sind 3
Tennisbélle. Wie viele Tennisbélle hat er jetzt?
Schritt-fiir-Schritt-Antwort: Roger begann mit
5 Billen. 2 Dosen von jeweils 3 Tennisballen
rln]acht 6 Tennisbille. 5+ 6 = 11. Die Antwort ist

Frage: Es waren neun Computer im

Serverraum. Von Montag bis Donnerstag wurden
jeden Tag noch fiinf Computer installiert. Wie
viele Computer sind jetzt im Serverraum?
Schritt-fiir-Schritt-Antwort: Von Montag bis
Donnerstag sind es 4 Tage. Jeden Tag kamen 5
neue Computer hinzu. Das macht insgesamt 4 x
5 =20 Computer, die hinzugefligt wurden. Am
Anfang waren es 9 Computer, also sind es jetzt 9
+20 =29 Computer. Die Antwort lautet 29.

Frage: Leah hat 32 Pralinen und ihre Schwester
hat 42. Wenn sie 35 essen, wie viele sind dann
insgesamt noch iibrig?
Schritt-fiir-Schritt-Antwort: Leah hat 32
Pralinen und Leahs Schwester 42. Das bedeutet,
dass es urspriinglich 32 + 42 =74 Pralinen
waren. 35 wurden gegessen. Also haben sie
insgesamt noch 74 - 35 = 39 Pralinen ibrig. Die
Antwort lautet 39.

Frage: Shawn hat fiinf Spielzeuge. Zu
Weihnachten hat er von seiner Mama und
seinem Papa jeweils zwei Spielzeuge
bekommen. Wie viele Spielzeuge hat er jetzt?
Schritt-fiir-Schritt-Antwort: %r hat 5
Spielzeuge. Er hat 2 von seiner Mama
bekommen, sodass er nun 5 + 2 = 7 Spielzeuge
hat. Dann hat er noch 2 von seinem Papa
bekommen, also hat er insgesamt 7+2 =9
Spielzeuge. Die Antwort lautet 9.

Frage: Michael hat 58 Golfbille. Am Dienstag
hat er 23 Golfbille verloren. Am Mittwoch hat
er 2 weitere verloren. Wie viele Golfbélle hat er
Mittwoch am Ende des Tages?
Schritt-fiir-Schritt-Antwort: Michael hatte
anfangs 58 Golfbille und hat 23 verloren, sodass
er 58 - 23 =35 hat. Nachdem er 2 weitere
verloren hat, hat er jetzt 35 - 2 =33 Bille. Die
Antwort lautet 33.

Frage: Olivia hat 23 US-Dollar. Sie hat fiinf
Bagels fiir 3 US-Dollar pro Stiick gekauft. Wie
viel Geld hat sie iibrig?
Schritt-fiir-Schritt-Antwort: 5 Bagels fiir 3
US-Dollar pro Stiick kosten 5 x 3 =15 Dollar.
Olivia hat anfangs 23 US-Dollar, also hat sie
Jéetzt 23 - 15 =8 Dollar iibrig. Die Antwort lautet

Frage: Jason hatte 20 Lutscher. Er hat Denny
einige Lutscher gegeben. Jetzt hat Jason 12
Lutscher. Wie viele Lutscher hat Jason Denny
ée eben? .

chritt-fiir-Schritt-Antwort: Jason hat mit 20
Lutschern angefangen, aber jetzt hat er nur 12,
also hat er Denny 20 - 12 = 8 Lutscher
abgegeben. Die Antwort lautet 8.

Frage: Wenn 3 Autos auf dem Parkplatz stehen
und 2 weitere Autos ankommen, wie viele Autos
stehen dann auf dem Parkplatz?
Schritt-fiir-Schritt-Antwort: Anfangs sind 3
Autos da, 2 weitere kommen an, also sind jetzt 3
+2 =5 Autos da. Die Antwort lautet 5.

Frage: [Math Question]
Schritt-fiir-Schritt-Antwort:

Frage: Roger hat 5 Tennisballe. Er kauft noch
zwei Dosen Tennisbille. Jede Dose enthilt 3
Tennisbille. Wie viele Tennisbélle hat er jetzt?
Schritt-fiir-Schritt-Antwort: Roger begann mit
5 Billen. 2 Dosen mit je 3 Tennisbillen ergeben
6 Tennisbille. 5 + 6 =11. Die Antwort ist 11.

Frage: Im Serverraum befanden sich neun
Computer. Jeden Tag, von Montag bis
Donnc_:rsta%x/wurdcn fiinf weitere Computer
installiert. Wie viele Computer stehen jetzt im
Serverraum?

Schritt-fiir-Schritt-Antwort: Es gibt 4 Tage
von Montag bis Donnerstag. Jeden Tag kamen 5
Computer hinzu. Das bedeutet, dass insgesamt 4
* 5 =20 Computer hinzugefiigt wurden. Am
Anfang gab es 9 Computer, jetzt sind es 9 +20 =
29 Computer. Die Antwort ist 29.

Frage: Leah hatte 32 Pralinen und ihre
Schwester 42. Wenn sie 35 gegessen hitten, wie
viele Stiicke wiren dann insgesamt iibrig

eblieben?

chritt-fiir-Schritt-Antwort: Leah hatte 32
Pralinen und Leahs Schwester hatte 42. Das
bedeutet, dass es urspriinglich 32 +42 =74
Pralinen waren. 35 wurden gegessen. Insgesamt
haben sie also noch 74 — 35 = 39 Pralinen. Die
Antwort ist 39.

Frage: Shawn hat fiinf Spielzeuge. Zu
Weil%nachlen bekam er von seiner Mutter und
seinem Vater jeweils zwei Spielzeuge. Wie viele
Spielsachen hat er jetzt?
Schritt-fiir-Schrité-Antwort: Er hat 5
Spielzeuge. Er hat 2 von Mama bekommen, also
hat er danach 5 + 2 = 7 Spielzeuge. Dann bekam
er noch zwei weitere von Papa, also hater
:)nsgcsamt 7 + 2 =9 Spielzeuge. Die Antwort ist

Frage: Michael hatte 58 Golfbille. Am Dienstag
verlor er 23 Golfbille. Am Mittwoch verlor er
zwei weitere. Wie viele Golfbille hatte er am
Ende des Mittwochs?
Schritt-fiir-Schritt-Antwort: Michael begann
mit 58 Golfbéllen und verlor 23, also hat er 58 —
23 =35. Nachdem er 2 weitere verloren hat, hat
er jetzt 35 —2 = 33 Bille. Die Antwort ist 33.

Frage: Olivia hat 23 $. Sie kaufte fiinf Baﬁvels
ﬁg Je{\;veils 3 Dollar. Wie viel Geld bleibt ihr
librig?
Sch%itt—fiir-Schritt—Antwort: 5 Bagels fiir
jeweils 3 US-Dollar sollten 5 * 3 = I5 US-Dollar
osten. Olivia hatte am Anfang 23 Dollar, jetzt
hat sie also 23 - 15 = 8 Dollar tibrig. Die
Antwort ist 8.

Frage: Jason hatte 20 Lutscher. Er 2gab Denny
ein paar Lutscher. Jetzt hat Jason 12 Lutscher.
Wie viele Lutscher hat Jason Denny gegeben?
Schritt-fiir-Schritt-Antwort: Jason begann mit
20 Lutschern, aber _}etzt hat er nur noch 12, also
gabser Denny 20 — 12 = 8 Lutscher. Die Antwort
1st 8.

Frage: Wenn 3 Autos auf dem Parkplatz stehen
und 2 weitere Autos ankommen, wie viele Autos
sind dann auf dem Parkplatz?
Schritt-fiir-Schritt-Antwort: Am Anfang
stehen 3 Autos, 2 weitere kommen hinzu, also
50115ten es jetzt 3 +2 =5 Autos sein. Die Antwort
ist 5.

Frage: [Math Question]
Schritt-fiir-Schritt-Antwort:

(a) English CoT prompt.

(b) HT German CoT prompt.

(c) MT German CoT prompt.

Figure 6: CoT prompt template: mathematical questions are inserted in square brackets, and the model generates
corresponding CoT reasoning.
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A.2 Multilingual reasoning results on MGSM

Language Model Prompt EN SW BN TE TH JA ZH RU ES FR DE AVG

Lang. Freq. (%) - 780 <0.1 <0.1 <0.1 <0.1 0.4 04 0.5 2.1 33 3.5 -
COMET Score - - 846 873 89.7 813 863 892 863 879 885 88.8 -
7B Models

HT 19.6 2.4 2.0 04 2.4 68 10.8 124 112 144 119 7.5
LLAMA2 MT - 2.0 2.4 0.4 44 7.2 9.2 9.6 124 13.6 136 7.5
Qwen HT 51.2 5.6 7.6 20 140 188 452 364 364 33.6 320 221

MT - 6.4 8.4 1.2 156 232 440 360 364 372 348 243
Mistral HT 45.6 72 120 28 148 200 336 308 356 324 276 21.7

MT - 6.8 11.6 28 132 256 348 284 372 340 312 226

13-14B Models

LLAMA2-13B HT 344 24 4.0 24 72 132 20.8 204 264 216 224 14.1

MT - 4.0 2.8 2.4 72 132 176 192 268 21.6 20.8 13.6
Qwen-14B HT 63.6 144 0.0 76 448 368 644 548 592 548 52.0 389
MT - 10.8 0.0 108 504 432 652 516 628 532 544 40.2
>65B Models
LLAMA2-70B HT 62.4 9.6 16.0 3.6 188 404 464 500 51.6 492 496 335
MT - 10.8 16.0 3.6 188 40.8 436 472 540 46.0 544 335
Qwen-72B HT 80.8 31.6 428 8.0 700 620 740 748 768 69.6 720 582
MT - 32.8 428 20 648 636 720 728 752 712 724 570
Mistral-8 x 7B HT 620 192 312 100 372 372 516 46.8 588 484 492 39.0
MT - 18.0 26.0 6.4 28.0 404 452 484 568 520 544 376
PaLM-540Bf HT 624 352 460 456 528 400 46.8 484 56.8 464 492 48.1

Table 4: Accuracy (%) on MGSM of different models with the few-shot method. Notes: (i) Lang. Freq. (%) is the
language frequency in PalLM training data; (ii) we report COMET (Rei et al., 2020) score between the HT and MT
prompts; (iii) average (AVG) scores do not include EN results; (iv) T: Results from Shi et al. (2023).
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