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Abstract

Previous works have been showing the effective
operation of reasoning methods to elicit Large
Language Models (LLMs) in delivering multi-
step reasoned answers. Although these meth-
ods, best exemplified by Chain-of-Thought
(CoT) and Program-Aided Language Models
(PAL), have demonstrated actual functionalities
in monolingual (English), multi-, and cross-
lingual scenarios, are under-explored and lack
an in-depth understanding. To address this gap,
we propose a multidimensional analysis using
five Cross-lingual tasks, experimenting with
the impact of reasoning methods in different
LLMs selected per families and scope of con-
struction. Our results reveal that the effective-
ness of reasoning methods varies significantly
across models, tasks, and languages. In par-
ticular, higher-parameter LLMs, when elicited
via CoT, are able to deliver reasoned multi-step
answers better than smaller LLMs. In contrast,
LLMs prompted via PAL achieve significant
improvements anyway of the number of pa-
rameters. Finally, by analyzing the role of in-
context cross-lingual demonstrations, we reveal
that although they may provide benefits signif-
icantly in low-resource scenarios, their effec-
tiveness is related to a proper trade-off between
quantity and quality of demonstrations.

1 Introduction

One of the emergent properties of Large Language
Models (LLMs) is the ability to solve tasks through
prompts defined by structured patterns. This phe-
nomenon, known as in-context learning (Brown
et al., 2020; Dong et al., 2023), allows a task to be
solved without updating the model parameters us-
ing only the input structure. In light of the success
of in-context learning, there has been increased in-
terest in better analyzing the factors that influence
its operative, such as the selection of demonstra-
tions (Liu et al., 2022; Rubin et al., 2022; Zhao
etal., 2023) and prompts design (Zhang et al., 2022;
Min et al., 2022a; Si et al., 2023).

In the case of reasoning methods, Chain-of-
Thought (CoT) (Kojima et al., 2023; Wei et al.,
2023), and Program-Aided Language Models
(PAL) (Gao et al., 2022) have been emerged as two
effective approaches. The first method, i.e., CoT,
breaks down a reasoning problem into a series of
intermediate steps using natural language, assem-
bling it more general, flexible, and understandable.
PAL offers solutions via Python functions, with
its step-by-step programming code guaranteeing a
more rigorous and structured methodology.

However, recent work investigates the operation
of these methods mainly in English, while the study
in multi and cross-lingual scenarios lags. This is
problematic, as findings that apply to English may
not be valid for other languages, especially those
lower represented in LLMs training data.

Although there are some studies that go beyond
English, they focus on benchmarking LLMs on nat-
ural language inference (Yang et al., 2019; Ponti
et al., 2020) and math-word problem (Shi et al.,
2022; Chen et al., 2023b) tasks, or they investi-
gate specific capabilities such as machine transla-
tion (Zhu et al., 2023), code-switching (Iyer et al.,
2023; Zhang et al., 2023) and cross-lingual transfer
(Schuster et al., 2019; Baziotis et al., 2023; Tanwar
et al., 2023). Finally, despite the efforts of Qin
et al. (2023); Huang et al. (2023) and Ranaldi and
Zanzotto (2023) in studying the impact of Cross-
lingual prompting techniques, they investigated the
effect of CoT and derivatives on a limited number
of LLMs.

In this paper, we propose a multidimensional
approach that unifies these research strands and
comprehensively evaluates LLMs’ Cross-lingual
reasoning abilities. By proposing an analysis of
the actual impact of the reasoning methods, we
aim to investigate the effects of different prompt-
ing techniques discerning the characteristics and
capabilities of different LLMs in reasoning tasks
undertaken in Cross-lingual scenarios.
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Figure 1: An overview of reasoning methods proposed in our analysis. We study the performances achieved by
different LLMs (Section 3.2) on Cross-lingual tasks (Section 3.1) by proposing reasoning methods in zero-shot, and

few-shot settings as described in Section 3.3.

This leads to the target research questions,
which are the focus of this paper:
RQI: Does the performance of LLMs in Cross-
lingual scenarios benefit from reasoning methods?
RQ2: How relevant are the properties of LLMs
to empower their performances by applying
reasoning methods?
RQ3: What is the role of in-context demonstra-
tions?

We answer these questions by proposing a sys-
tematic evaluation by prompting different LLMs
through reasoning methods in Cross-lingual com-
monsense and math reasoning tasks. In particular,
to study the impact of these methods, we propose
two aligned versions of CoT and PAL in zero and
few-shot settings (as shown in Figure 1). Con-
cerning PAL, we propose a novel Cross-lingual
version; for CoT, we extend the work proposed
in (Shi et al., 2022). For the results obtained in
reasoning tasks, we employ GPTs (OpenAl, 2023)
models, and in additional analysis, we include dif-
ferent versions of Llama2 (Touvron et al., 2023)
and Mistral (Jiang et al., 2024). On the other hand,
we selected StarCoder (Li et al., 2023) and CodeL-
lama (Roziere et al., 2024) for the coding capabil-
ities. Finally, to establish a robust evaluation, we
use different tasks specifically adapted for Cross-
lingual contexts. These tasks are best exemplified

by MGSM (Shi et al., 2022) and MSVAMP (Chen
et al., 2023b), related to mathematical reasoning
problems, and XCOPA (Ponti et al., 2020), PAWS-
X (Yang et al., 2019) and XLNI (Conneau et al.,
2018) concerning commonsense reasoning and nat-
ural language inference.

Our main findings are:

* The effectiveness of reasoning methods varies
considerably depending on the LLMs, the
task, and the language. In general, both CoT
and PAL improve baseline performances, ex-
tending their effectiveness beyond English.
However, the benefits of CoT stably seem to
emerge only in models with a higher number
of parameters (more than 70 billion).

* On the other side of the coin, in mathematical
reasoning tasks, the effect of PAL seems to
emerge even in smaller models. It is high-
lighted in models with high proficiency in
coding, although stable relations emerge with
in-context demonstrations.

* Finally, from the in-depth analysis, we show
the importance of Cross-lingual, in-context
demonstrations in all proposed tasks. The
models that seem to derive the most significant
benefit are those with fewer parameters and
do not alter the behavior of the bigger models.



Chain-of-Thought

Cross Chain-of-Thought

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

Q: <Question, (in English)>

A: <CoT Demonstration, (in English)>

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

A:Let’s think step-by-step! (n english

....few-examples.... (in case of few-shot prompting)

Given the following question, please
act as an expert in multi-lingual
understanding in Chinese.

Q: REHHLEEFILE BN WE—FH
WO, HRNZET LEm. kRSailEE
WHHZ /D6 K

After understanding, you should act as
an expert in arithmetic reasoning in
English.

A: Let’s resolve the task you understand
above step-by-step!

Table 1: The Table on the left represents Chain-of-Thought (CoT) prompting in a few-shot setting where demonstra-
tions of CoT answers are provided as input (Wei et al., 2023) or zero-shot where no demonstrations are provided
(Kojima et al., 2023) (see QA pair after the dashed line). On the right, Cross-lingual prompting as proposed in (Shi
et al., 2022) where, unlike traditional CoT, the questions and demonstrations are in different languages both with

each other and the language of the question.

2 Cross-lingual Reasoning Methods

Reasoning methods are popular prompting strate-
gies that elicit Large Language Models (LLMs)
to generate multi-step reasoned answers as intro-
duced in Section 2.1. Although these methods
demonstrate their functionality in a variety of tasks,
evaluations and further studies are primarily con-
ducted in English, leaving other languages unex-
plored (Section 2.2). To align the gap between
languages, we propose a systematic study of the
impact of reasoning methods in Cross-lingual set-
tings as described in detail in Section 2.3.

2.1 Reasoning Methods

These methods, best represented by Chain-of-
Thought (CoT) (Wei et al., 2023), and Program-
Aided Language Models (PAL) (Gao et al., 2022)
are popular prompting strategies that elicit LLMs to
solve complex problems by simplifying them and
breaking down into a series of sub-problems. They
operate in zero-shot (Kojima et al., 2023), few-
shot (Wei et al., 2023), self-consistent way (Wang
et al., 2023) in case of CoT. Instead, in the case of
PAL, they use code interpreter (Zhou et al., 2023).
Although these methods showed functionality by
obtaining solid performances in math and common
sense reasoning tasks, the evaluations are mostly
conducted in monolingual (English) settings.

2.2 Reasoning Across Languages

Earlier work studied the impact of different lan-
guages on CoT prompting. Shi et al. (2022) tested
the effectiveness of CoT translations on zero-shot
prompts (see Table 1 and Table 5). Qin et al. (2023)
inspired by (Huang et al., 2023) and (Wang et al.,
2023), proposed two-step CoT prompting (see Ta-
ble 6). Finally, Ranaldi and Zanzotto (2023) pro-
posed a self-consistent strategy based on a single-
step Tree-of-Thouths prompt (Yao et al., 2023) as
described in Appendix B. These studies focused on
providing actual performance evaluations of CoT
and derived methods on LLMs with a high num-
ber of parameters, leaving a gap between smaller
models and models built to handle multilingual or
code-based problem-solving.

2.3 Aligning Reasoning Methods

Inspired by previous work, we take the next step
by proposing a multidimensional assessment to an-
alyze the impact of reasoning methods on different
LLMs chosen by family, capabilities, and purpose
of construction (Section 3.2) by using appropriately
crafted tasks presented in Section 3.1. The aim is
to align previous findings and study whether intro-
ducing different languages limits or improves the
functionality of these strategies.

Our contribution through the following key
points: (i) construction of Cross-lingual evalua-
tions by proposing an extension of PAL and com-



Program-Aided Language Models (PAL)

Cross Program-Aided Language Models

Q: 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?
A: Roger started with 5 tennis balls.
tennis_palls = 5
2 cans of 3 tennis balls each is
bought_balls = 2 x 3 tennis balls.
The answer is
answer = tennis_balls + bought_balls
The answer is 11

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

A:

.... few-examples .... as in (Gao et al., 2022)

Given the following question, please
act as an expert in multi-lingual
understanding in German.

Q: Michael hat 58 Golfballe. Am Dienstag
hat er 23 Golfballe verloren. Am Mittwoch
hat er 2 weitere verloren. Wie viele
Golfballe hat er Mittwoch am Ende des
Tages?

After understanding, you should act as a

programmer in English.
A:

Table 2: The Table on the left represents Program-Aided Language Models (PAL) method in a few-shot setting
where demonstrations of PAL answers are provided as input (Gao et al., 2022). On the right, our Cross-lingual PAL
(Cross-PAL) prompting where, unlike traditional PAL, the questions and demonstrations are in different languages

both with each other and the language of the question.

pleting the Cross-lingual CoT (Shi et al., 2022;
Huang et al., 2023) methods on different mod-
els employing appropriately crafted benchmarking
tasks; (ii) fine-grained investigation of the results
as far as concern the characteristics of selected
LLMs; (iii) analysis of the impact of the presence
of high-resources languages in the construction of
evaluations.

3 Experimental setup

3.1 Data

In order to study the impact of reasoning methods
in Cross-lingual tasks, we use MGSM (Shi et al.,
2022), MSVAMP (Chen et al., 2023b), XNLI (Con-
neau et al., 2018), and PAWS-X (Yang et al., 2019),
XCOPA (Ponti et al., 2020).

Understanding tasks To assess Cross-lingual
comprehension abilities, we use XNLI and PAWS-
X. The first is an extension of Stanford Natural
Language Inference (SNLI) (Bowman et al., 2015)
across 15 languages and is based on one premise
and one hypothesis and requires the model to de-
termine whether the hypothesis is entailed, contra-
dicted, or neutral conditioned on the premise in 15
different languages. The second, Paraphrase Ad-
versaries from Word Scrambling (PAWS-X) (Yang
et al., 2019), contains two sentences and requires
the model to judge whether they paraphrase each
other in seven languages.

Commonsense Reasoning task The Cross-
lingual Choice of Plausible Alternatives (XCOPA)
(Ponti et al., 2020) is based on one premise and
two choices. It asks the model to choose which one
is the result or cause of the premise. It covers 11
languages from 11 diverse families.

Arithmetic Reasoning task To evaluate the
problem-solving abilities in Cross-lingual scenar-
10s, we use the extension of GSM8K Cobbe
et al. (2021) and SVAMP (Patel et al., 2021).
Respectively, Multilingual Grade School Math
(MGSM) (Shi et al., 2022) and Multilingual Sim-
ple Variations on Arithmetic Math word Problems
(MSVAMP) (Chen et al., 2023b). In both original
cases, the authors proposed a benchmark of mathe-
matical problems in English. The examples have
the following structure: a math word problem in
natural language and a target answer in Arabic num-
bers. Shi et al. (2022); Chen et al. (2023b), in their
contribution, selected a subset of instances from
the official list of examples and translated them
manually into 11 different languages, maintaining
the structure of the input and output.

Evaluated Languages In our experiments, in or-
der to promote open-source sharing, we use a list of
tasks available in different languages; we provide
detailed descriptions in Appendix A.



3.2 Models

We evaluate the impact of reasoning methods on
different LLMs. Following the previous work, we
use three models from the GPT family; moreover,
in additional experiments, we introduce other mod-
els from the Llama2 and Mistral families and Star-
Coder2. Hence, complementing previous evalua-
tions, we choose models for (i) multilingual perfor-
mances achieved by the GPTs (GPT-3.5 and GPT-
4) and Llama2 (Llama2-70, -13 and -7) (Ahuja
et al., 2023),(ii) the monolingual abilities in mathe-
matical reasoning achieved by Mixtral (Jiang et al.,
2024) on GSMBK, and finally, (iii) the proficiency
in coding for StarCoder2 (Li et al., 2023), CodeL-
lama (Roziere et al., 2024), and GPTinstruct (also
for results in PAL (Gao et al., 2022; Ye et al.,
2023)). The GPT family models were used via
API, while the other models were used, the versions
available open-source on huggingface. Appendix
F describes the parameters and versions used in
detail.

3.3 Prompting Methods

In order to conduct the study on robust models and
have a term of comparison with the previous results,
we start from state-of-art promoting methods and
extend the experimental setting by introducing a
Cross-lingual version of Program-Aided Language
Models (PAL) (Gao et al., 2022) as in Figure 1.

Arithmetic Reasoning Prompts We define two
types of prompts for the MGSM and MSVAMP
tasks by adapting the CoT and PAL reasoning meth-
ods for cross-lingual scenarios. Hence, we adapt
CoT to cross-lingual input as proposed in (Qin
et al., 2023; Huang et al., 2023) (see Table 1). Con-
cerning PAL, we include cross-lingual demonstra-
tions as shown in Table 2. Moreover, in the ad-
ditional experimented prompts in Appendices B
and E, we evaluated further approaches based on
specific language prompting (Shi et al., 2022).

Understanding & Commonsense Prompts
While we employ the workflow proposed in previ-
ous works for arithmetic tasks by performing exper-
iments with zero and few-shot settings, for under-
standing and commonsense tasks, we define input
templates that lead to the comprehension of LLMs
and consequently aid generation. As described in
detail in Appendix D, we construct prompts follow-
ing (Ahuja et al., 2023) using the CoT prompting
method to elicit multi-step generations.

Evaluation We evaluate performance using the
accuracy score, following the approaches used in
(Shi et al., 2022; Gao et al., 2022). In particular,
we measure the exact match between generated
outputs and labels' (Ahuja et al., 2023). The top-p
parameter is set to 1 in all processes. We select the
Prompting temperature [0, 1] (in Appendix F are
reported detailed info).

4 Main Results

Large Language Models (LLMs) benefit from rea-
soning methods not merely in monolingual con-
texts (as amply demonstrated in English) but also
in multi and Cross-lingual scenarios. These con-
clusions can mainly be observed from the results
obtained on mathematical reasoning, understand-
ing, and commonsense tasks (Table 3). As dis-
cussed in Section 4.1, LL.Ms prompted with both
Chain-of-Thought (CoT) and Program-Aided Lan-
guage Models (PAL) aligned for Cross-lingual
tasks generally outperform the baseline prompting
approaches.

Although reasoning methods have been shown
to be effective in Cross-lingual settings, their oper-
ations appear to extend to only some models. As
discussed in Section 4.2, more improvements are
achieved in the LLMs with higher parameters than
in the lower ones. On the other hand, input ra-
tionales consistently influence the performance of
models with fewer parameters (Section 4.3).

Finally, in Section 4.4, we examine the impact
of the presence of high-resource languages on the
final performance by discerning the factors that
influence the generation of the final response and
highlighting the matter of Cross-lingual demonstra-
tions in low-resource settings.

4.1 Reasoning Methods operate across
languages

Reasoning methods empower the LLMs’ perfor-
mances in mathematical reasoning tasks, both in
multi-lingual and Cross-lingual scenarios. In Ta-
ble 3, the CoT method (i.e., "En-CoT") consis-
tently outperforms the baselines (i.e., "Direct")
aligned results achieved by PAL and En-PAL. Fur-
thermore, using a cross-lingual generative switch,
the best results are displayed in the Cross-CoT and
Cross-PAL methods.

In particular, in results achieved by GPT-4 do not

'We extract target labels from the generated answers using
regular expressions before calculating the exact match.



Model Method Mathematical Understanding ~ Commonsense
MGSM MSVAMP XNLI PAWS-X XCOPA
Direct 67.1 69.2 75.4 68.1 89.0
En-CoT 68.4 71.6 76.1 70.7 91.7
GPT-4 En-PAL 73.4 72.5 - - -
Cross-CoT 76.9 734 76.8 73.6 96.2
Cross-PAL 77.0 74.3 - - -
Direct 48.5 59.3 62.1 66.4 80.2
En-CoT 57.8 64.3 63.2 67.2 85.3
GPT-3.5-based  En-PAL 63.3 63.9 - - -
Cross-CoT 65.0 69.4 64.0 70.1 84.3
Cross-PAL 69.3 68.5 - - -
Direct 45.9 54.0 48.2 58.3 70.2
En-CoT 54.0 56.7 49.8 60.6 75.1
Llama-70-based En-PAL 48.8 55.8 - - -
Cross-CoT 57.2 60.1 47.8 57.8 72.5
Cross-PAL 53.1 59.6 - - -

Table 3: The average accuracy scores achieved by models proposed in Section 3.2 using reasoning methods
introduced in Section 3.3 (in bold the best performance per model and task). For GPT-3.5-based, we reported
results achieved by gpt-3.5-turbo and gpt-instruct, and For L1ama-70-based, we reported results achieved
by L1ama2-7@ and CodelLlama-70. In Appendices G and H are reported detailed results.

emerge a significant distinction between En-CoT,
En-PAL and the baseline Direct, since this model
has already shown robust results in many lan-
guages (OpenAl, 2023). In contrast, GPT-based
and Llama-70-based models appear to obtain no-
ticeable benefits from En-CoT and En-PAL prompt-
ing (complete results in Appendix G). However, the
best performances were obtained by eliciting the
LLMs’ code-switching skills using the Cross-CoT
and Cross-PAL promting method, which signifi-
cantly increases low-resource language accuracy,
discussed in detail Section 4.4.

Although these LLMs benefit the most from
introducing reasoning methods in the prompting
stage, further improvements are observable even in
LLMs with fewer parameters. The complete tables
in Appendix H show that Llama2-7, CodeLlama-
7, and StarCoder?2 outperform the baselines when
reasoning methods are used.

These results demonstrate the sensitivity of in-
context prompting also in understanding (in Tables
18 and 19) and commonsense task in Table 20.
However, some models do not to be benefit-stable
as in the case of Mixtral8x7 in Appendix G and
Mistral-7 in Appendix H. Hence, in Section 4.2, we
investigate this phenomenon in depth and analyze
if it is relevant to other tasks as well.

4.2 The Limits of Reasoning Methods

The effective operation of reasoning methods is
limited to certain models. In fact, as shown in the
complete results in Appendix G for larger LLMs
and Appendix H for smaller LLMs, the improve-
ments in using reasoning methods are evident in
larger models and less apparent in smaller models.
Hence, a distinction between methods and models
emerges. The in-context rationales (see En—-CoT
and En-PAL) positively affect final performance in
mathematical reasoning tasks, with the exception
of the Mistral family models as can be seen from
Tables 14 and 16. The same phenomenon occurs
in XCOPA, PAWS-X, and XNLI (respectively in
Table 20 and Figures 18,19), where the same phe-
nomenon can be seen when using the reasoning
method En-CoT.

Although reasoning methods have brought more
benefits than misleading results, these do not
extend into cross-lingual prompting, where the
smaller LLMs did not achieve the same increment
as the larger LLMs and, in some cases, underper-
formed the baselines (see Mistral-7 and Llama2-7
in Table 16). Finally, a difference in operation
between specialized and non-specialized models
emerges. Specifically, the specialized models for
code (GPT-instruct, CodeLlama, and StarCoder)
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Figure 2: Average accuracies on mathematical reasoning task (MGSM) using methods proposed in (Section 3.3)
setting providing in input k-shot demonstrations with k equal to {0,2,4,6}. In Appendix K and Appendix M,

detailed results are reported.

seem to exploit in-context demonstrations better
when these are closer to their nature, as in the case
of PAL, En-PAL, and Cross-PAL.

The improvements in the presence of in-context
demonstrations have been extensively studied pre-
viously both in English (Chen et al., 2023a) and
in mono-lingual and cross-lingual contexts (Yang
et al., 2023; Ahuja et al., 2023). However, the role
of different type of in-context demonstration (e.g.,
CoT rationales or PAL) has never been thoroughly
analyzed across the languages. Hence, in Section
4.3, we investigate the effect of different types of
cross-lingual demonstrations in detail.

4.3 The Role of Demonstrations

In-context demonstrations play a key role in com-
plex scenarios such as multi- and cross-lingual set-
tings because they promote multi-step reasoning
across languages. In particular, we investigated the
performance trend as in-context demonstrations
increased by discerning between the quality and
quantity of demonstrations operated. Hence, we
repeated the previous experiments focusing on a
mathematical task (MGSM), starting with zero- and
increasing to 6-shots, as adopted in earlier experi-
ments. The results display that the positive impact
of in-context demonstrations across the languages
is related to both the quality and quantity of demon-
strations used.

Quantitative Impacts The amount of in-context
demonstrations seems to be relevant. However, a
distinction emerges between models and the num-
ber of demonstrations that are de facto useful. In
fact, GPT-based models with 4-shots achieve re-

sults comparable to 6-shots (see the average ac-
curacies for high-resource languages in Figure
2). This balance does not occur in Llama2-70,
CodeLlama-70, and Mixtral, which underperform
as in-context demonstrations increase (especially
for low-resource languages). Finally, the smaller
models (Llama2-7, Mistral-7, CodeLLlama-7 Star-
Coder2) have conspicuous improvements as the
number of demonstrations increases. However,
there are divergences related to the kind of lan-
guages as discussed in Section 4.4.

Qualitative Impacts The quality of in-context
demonstrations has beneficial effects on down-
stream performance, even in cross-lingual prompts.
Although previous work has shown the positive
trend of introducing quality demonstrations in
prompts (Kojima et al., 2023), from the results Fig-
ure 3 emerges that CoT rationales are much more
influential when delivered in cross-lingual settings
(see the generations in Tables 23, 24 and 25). More-
over, Cross-CoT and Cross-PAL outperform both
the native (Native-CoT) and English (En-CoT)
demonstrations stably. The cross-demonstrations,
constructed by combining the power of native
demonstrations and elicitation in English, achieve
significant gains in all languages (as discussed in
Section 4.4). As far as commonsense reasoning
tasks are concerned, the same scenario does not
occur; in fact, demonstrations in English (En-CoT)
seem to be more beneficial than Cross-CoT, which
in turn is better than direct prompting.



4.4 The Language Matter

Although in-context demonstrations provide tangi-
ble benefits (as discussed in Section 4.2) in pro-
posed tasks, a performance gap arises between
low- and high-resources languages® (Table 11 re-
ports language distributions in (Common Crawl,
2021)). In particular, the GPTs family models in
high-resources settings perform stably with an aver-
age of four in-context demonstrations while manag-
ing to benefit from more in-context demonstrations
(up to 6-shots) in low-resources settings (the larger
LLMs in Figure 2 and detailed in Figure 3). In
contrast, Llama2-70 and Mixtral8x7 underperform
when more demonstrations are involved (4-shot out-
performs 6-shot) both in low- and high-resource set-
tings. Moreover, the smaller models, i.e., Llama2-7,
Mistral-7, StarCoder2, and CodeLlama-7, perform
better as dimsotrations increase in both settings
(see smaller LLMs in Figure 2). In conclusion, rea-
soning methods robustly outperform the baselines
(Direct) and perform better across languages via
cross-lingual methods for math tasks and multi-
lingual methods (i.e., En-CoT) in the other tasks.
Finally, to observe whether the origin and
method of training limit the impact of reasoning
methods across languages, we tested other LLMs
described in Appendix O. The results obtained in
Figure 22 and discussed in Appendix O show that
the methods are scalable to other LLMs and the
conclusions are comparable to the discussed results.
Although these results are promising, they do not
help solve the problem of low-resource languages.

5 Related Work

Large Language Models (LLMs) demonstrate in-
context learning abilities (Brown et al., 2020; Min
et al., 2022b) to guide LLMs to generate desired
task responses, marking the advent of the prompt-
ing era and surpassing the age of the intermediate
steps in algorithmic and structured reasoning (Roy
and Roth, 2015; Ling et al., 2017). Early works
challenged the efficacy of few-shot techniques for
empowering the prompting phase and downstream
performances. In particular, Gao et al. (2022)
adapted the original idea of Chain-of-Thought
(CoT) (Wei et al., 2023) by considering the pro-
ficiency of LLMs in producing code they proposed
Program-Aided Language Models (PAL) method.

2high (German, Chinese, French,
Spanish, Japanese) and low (Telogu,
Swali, Thai)

Russian,
Bulgarian,

These prompting approaches, called reasoning
methods, have demonstrated considerable success,
but the findings are limited to a single language
(i.e., English). Shi et al. (2022) proposed a multi-
lingual evaluation that Qin et al. (2023) extended
to cross-lingual by proposing a prompt mechanism
to handle requests in any language and generate
English CoT. This approach proposed both single-
phase (as a single prompt), also adopted by (Huang
et al., 2023) and multi-phase that is based on the
self-consistency approach (Wang et al., 2023). Al-
though the mechanism achieves state-of-the-art
cross-lingual reasoning, the single-phase promt-
ing underperforms in low-resource languages, and
the multi-phase prompting defined by cascading
prompts is supported far away from the zero- or
few-shot CoT concept.

In our work, we propose a multidimensional
approach (Ruder et al., 2022) to evaluate LLMs’
Cross-lingual reasoning abilities We analyze the
impact that reasoning methods cause on final per-
formance by studying the role of in-context demon-
strations in different languages. Hence, the corner-
stones can be outlined by the following points: (i)
Analysis of the impact of reasoning methods on
mathematical, understanding, and commonsense
tasks in different languages using several LLMs
(selected by features and scope of construction);
(i1) Introduction and adaptation of further methods
(i.e., PAL assessment on different languages); (iii)
Study of the role of in-context demonstrations by
discerning between low-resource and high-resource
languages.

6 Conclusion

The benefits of reasoning methods for the English
language also emerge across the languages. Our
analysis shows that LLMs, appropriately elicited,
can deliver structured answers in different lan-
guages. Indeed, by adapting two methods, CoT and
PAL, to settings in various languages, we revealed
that in-context demonstrations play a strategic role
by improving performance in direct proportion to
their quality without depending on quantity. Our
research highlights the need for a customized ap-
proach to employing reasoning methods for LLMs
in different languages. It supports the demand for a
reasonable combination of model scale, reasoning
technique, and strategic use of in-context demon-
strations to elicit the prospect of LLMs in different
language landscapes.



Limitations

Due to the limitations imposed by the evaluation
benchmarks and the cost of the OpenAl API, we
conducted tests on five tasks and 16 different lan-
guages in total, which only scratches the surface
of the world’s vast array of languages. In addi-
tion, our approaches are based on a single-stage
prompting approach in English. It should be evalu-
ated Self-consistency prompts (Wang et al., 2023)
and using different configurations of cross-lingual
in-context demonstrations. Finally, we tested the
effectiveness of our method on GPT-based models
(closed-source) and several models (open-source).
In the future, it will be appropriate to study the
generality of our model compared to other closed-
source Large Language Models.

Finally, although we have considered and ana-
lyzed 9 different families distributed over 22 mod-
els in our work, we would like to take a closer look
at the performance achieved by language-specific
pre-trained models (better known as language-
centered). However, at the moment, there are not
many open resources comparable in size to those
we have analyzed. In the future, we hope these
models can be readily available to investigate this
phenomenon better.

Ethics Statemets

In our work, ethical topics were not addressed.
The data comes from open-source benchmarks,
and statistics on language differences in commonly
used pre-training data were obtained from official
sources without touching on gender, sex, or race
differences.
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A Proposed Task

Dataset Task Languages #Languages
Bengali (bn), Chinese (zh), French (fr), Thai (th) 10
MGSM mathematical reasoning German (de), Japanese (jp), Russian (ru), Telugu (te)
Spanish (es), Swahili (sw)
I Bengali (be), Chinese (zh), French (fr), Thai (th) = ¢ 9
MSVAMP  mathematical reasoning German (de), Japanese (jp), Russian (ru)
Spanish (es), Swahili (sw)
T English (en), German (de), Russian (ru), French (fr), 15
XNLI natural language inference  Spanish (es), Chinese (zh), Vietnamese (vi), Turkish (tr),

Arabic (ar), Greek (el), Thai (th), Bulgarian (bg),
Urdu (ur), Swahili (sw), Hindi (hi)
N Chinese (zh), Italian (it), Vietnamese (vi), Indonesian (in), 11 =~
XCOPA commonsense reasoning Turkish (tr), Thai (th), Estonian (et), Tamil (ta),
Swahili (sw), Haitian (ht), Quechua (qu)

PAWS-X  paraphrase identification English (en), German (de), Japanese (jp), French (fr), 7
Spanish (es), Chinese (zh), Korean (ko)

Table 4: Languages present in datasets used in this work.

K K-shot per Model

GPT-a GPT-3.5 Llama2-70 Mixtral8x7
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Figure 3: Acciracies (%) on MGSM using methods proposed in (Section 3.3) setting providing in input k-shot
demonstrations with k equal to {@,2,4,6}. In contrast to the experiments reported in Appendix M, we here show
the performance of each model introduced in Section 3.2
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Figure 4: Acciracies (%) on MGSM using Cross-CoT (Section 3.3) setting providing in input k-shot demonstrations
with k equal to {0,2,4,6}.

N K-shot per Language using Cross-PAL
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Figure 5: Acciracies (%) on MGSM using Cross-PAL (Section 3.3) setting providing in input k-shot demonstrations
with k equal to {0,2,4,6}.
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B State-of-art Prompting Methods

Direct (Question in Chinese without CoT)

Q:: TNAS TMER. fBICET2 FEMBK. BiER3
NIER . IR Z DA FER?

A: 11

Q: FIMLA32 IG5 /), thIRiRE42 B . anikiwl 1z
T35, TR R 2 R

A:

Native-CoT ( Question and CoT Answer in Chinese)

Q: TAES TMBK. L T2 fEMER . BIER3 1
Wik . IR %/ Rk

A: BAR—TFRES B 2 FEA3 NEREEZ6 M
Bk 5+6=11. BFREI-

Q: FILA32 IG5 77, MRk E42 B QiRim1nz
T35, 13T 20
AR B E

En-CoT (Question in Chinese and CoT Answer in English)

Q: TRES TMER. fSCK T2 EMEK. BEA3 T
WIER - fINAER 2 /DA FBR?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each
is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: ALA32 IG5 77, MikERA42 o IR
T35, f]— Sl T Z DR

A: Let’s think step-by-step!

Table 5: Chain-of-Thought as proposed in (Shi et al.,
2022) (for simplicity we have reduced the shot but the
original is 6-shot). Given a problem in specific lan-
guage, the following prompts are Direct, Native-CoT
(without additional languages) and En-CoT, the original
question in specific language with answers in English.

CLIP First-Step

Please act as an expert in multi-lingual
understanding in [Specific Language Ls].
Question: [Given sentence X in L]

Let’s understand the task in [Target Language
L:] step-by-step!

CLIP Second-Step

After understanding, you should act as an expert
in mathematics in [Language L.].

Let’s resolve the task you understand above
step-by-step!

Table 6: CLIP (Qin et al., 2023) where the prompt is
split into two phases: there is the alignment of the differ-
ent languages, and then, there is the solving mechanism
for the specific language.

Cross-ToT

Simulate the collaboration of {n} mathematicians
answering a question in their mother tongue: Li,
Lo, and L,. They all start Stepl from a
separate thought process, step by step, each
explaining their thought process. Following
Step1, each expert refines and develops their
thought process by comparing themselves with
others. This process continues until a
definitive answer to the question is obtained.
Question: [Question in Language Li]

Answer: [num].

Table 7: Cross-ToT prompting (Ranaldi and Zanzotto,
2023) that using Tree-of-Thoughts method elicit the
model to produce multi-step reasoning processes in dif-
ferent languages.
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C Prompting Methods Arithmetic
Reasoning Tasks

In this work, as introduced in Section 3, we pro-
pose the Cross-lingual extension of Program-Aided
Language Models (Cross-PAL) as shown in Table
2 (detailed in Appendix E), and a Cross-lingual ver-
sion of CoT as shown in Table 1. In detail, in both
settings, the prompt is a few-shots as proposed in
(Wei et al., 2023) for CoT and in (Gao et al., 2022)
for PAL, respectively; however, unlike the previous
versions, the question-answer pairs (the answers
are a CoT demonstration) are proposed in the lan-
guages evaluated in each task. Moreover, we use
additional configurations as proposed by Shi et al.
(2022): "Direct” prompt, i.e., question and an-
swer in the original language; the "Native-CoT"
prompt, i.e., question and answer CoT in the orig-
inal language; the "En-CoT" prompt specific lan-
guage question and answer CoT in English (see
prompts in Appendix B). Furthermore, in order to
analyse the effect of reducing the in-context ex-
amples down to zero-shots we propose additional
settings esemplifing the number and the typology
of demonstrations that compose the prompt.

D Prompts for Understanting &
Commonsense Reasoning Tasks

As far as prompts for natural language understand-
ing and commonsense reasoning tasks are con-
cerned, we follow the methods proposed by state-
of-the-art works. Hence, following Ahuja et al.
(2023), to construct prompts that lead Large Lan-
guage Models (LLMs) to produce stable and struc-
tured answers, we define a sequence consisting of
Task Instruction, Demonstration, and Task Prob-
lem. In particular, the Task Instruction is the initial
instruction that defines the type of task and the de-
sired answer. Then, there is a body composed of
Demonstrations that are related to the number of
shots. For example, in the few-shot settings such
as CoT proposed in (Shi et al., 2022), the demon-
strations are composed of questions and desired
outputs. Finally, the final part consists of questions
about the tasks we are analyzing. As in Appendix
B, we propose Direct, En-CoT and Cross-CoT
configurations while we do not use PAL as it is
not suitable for this type of task. In Table 12, we
report the selected templates. Table 23, 24 and
25 report the demonstrations, input and outputs
generated.



E Program-Aided Language Models
Prompts

In this paper, as introduced in Section 3.3, we
propose a novel Cross-lingual extension of the
Program-Aided Language Models (Gao et al.,
2022) (Cross-PAL) method. The following tables
show the prompts used for the final evaluation.

Program-Aided Language Models (PAL)
Q: 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?
A: Roger started with 5 tennis balls.
tennis_balls = 5
2 cans of 3 tennis balls each is
bought_balls = 2 * 3 tennis balls.
The answer is
answer = tennis_balls + bought_balls
The answer is 11
| Q: Kyle bought last year’s best-selling book |
for $19.50. This is with a 25% discount from the
original price. What was the original price?
A:

Table 8: This is an example prompt of the PAL method
proposed by (Gao et al., 2022).

En-PAL
Q: BNAES TMEk . MB3K 12 EMER . BHEA3
MER - ABILLEE /01 R ER?
A: Roger started with 5 tennis balls.
tennis_balls = 5
2 cans of 3 tennis balls each is
bought_balls = 2 * 3 tennis balls.
The answer is
answer = tennis_balls + bought_balls
The answer is 11

. WENIREZ 2/ DF TR
A:

Table 9: In En-PAL we use the same setting proposed in
Table 5 but in contrast to En-PAL we use PAL demon-
strations.

Cross Program-Aided Language Models
Q: Michael hat 58 Golfballe. Am Dienstag hat
er 23 Golfballe verloren. Am Mittwoch hat er
2 weitere verloren. Wie viele Golfballe hat er
Mittwoch am Ende des Tages?
A: Michael hat 58 Golfballe.

initial = 58

Am Dienstag verlor er 23 Golfballe

lost_tuesday = 23

Am Mittwoch verlor er 2 Golfballe

lost_wednesday = 2

Golfballe abziiglich der verlorenen

answer = initial - lost_tuesday

- lost_wednesday
Die Antwort ist 33

Table 10: In Cross-PAL, we use the same setting pro-
posed in Table 9 but in contrast to En-PAL, we use PAL
demonstrations in the same language of the question.
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F Model and Hyperparameters

In our experimental setting, as introduced in
Section 3.2, we propose different LLMs: (i)
three models from the GPT family (OpenAl,
2023): GPT-3.5 (gpt-3.5-turbo-0125), Codex
(gpt-3.5-turbo-instruct) and GPT-4 (gpt-4);
(i1) four models from the Llama-2 family (Touvron
et al., 2023): Llama2-7b, Llama2-70b, CodeLlama-
7 and CodeLlama-70; (iii) two models of the Mis-
tral Al family: Mistral-7b and Mixtral (Jiang et al.,
2024); (iv) finally, StarCoder2-15b (Li et al., 2023).
In particular, GPTs models are used via API, while
for the others, we used versions of the quantized to
4-bit models that use GPTQ (see detailed versions
in Table 21)

Furthermore, we have added additional LLMs in
the additional experiments presented in the Ap-
pendix O. These models are two from Orca2
(Mukherjee et al., 2023), two from Yi (Al et al.,
2024), two models of the Google (Team et al.,
2024), three from Wizard (Luo et al., 2023), and
three from Tulu (Ivison et al., 2023) families.

As discussed in the limitations, our choices are re-
lated to reproducibility and the cost associated with
non-open-source models. We use closed-source
API and the 4-bit GPTQ quantized version of the
model on four 48GB NVIDIA RTXA600 GPUs for
all experiments performed only in inference.
Finally, the generation temperature used varies
from 7 = 0 of GPT models to 7 = 0.5 of Llama2s.
We choose these temperatures for (mostly) deter-
ministic outputs, with a maximum token length of
256. The other parameters are left unchanged as
recommended by the official resources. We will
release the code and the dataset upon acceptance
of the paper.

Language Percentage
English (en) 46.3%
Russian (ru) 6.0%
German (de) 5.4%
Chinese (zh) 5.3%
French (fr) 4.4%
Japanese (ja) 4.3%
Spanish (es) 4.2%
Other 23.1%

Table 11: Language distribution of CommonCrawl
(Common Crawl, 2021).



Task Instruction for:

XNLI

You are an NLP assistant whose purpose is to solve Natural Language Inference (NLI)
problems in {evaluated language}. NLI is the task of determining the inference
relation between two (short, ordered) texts: entailment, contradiction, or neutral.
Answer as concisely as possible in the same format as the examples below:

XCOPA
You are an Al assistant whose purpose is to perform open-domain commonsense causal
reasoning in {evaluated language}. You will be provided a premise and two alternatives,
where the task is to select the alternative that more plausibly has a causal relation
with the premise. Answer as concisely as possible in the same format as the examples
below:

PWAS-X

You are an NLP assistant whose purpose is to perform Paraphrase Identification in
{evaluated language}.The goal of Paraphrase Identification is to determine whether a
pair of sentences have the same meaning. Answer as concisely as possible in the same
format as the examples below:

Table 12: Task Instruction for XNLI, XCOPA and PAWS-X as proposed in (Ahuja et al., 2023). List of the Basic
Prompt is in Table 13

Benchmark #Test | Final Prompt

MGSM 250 | Q: {problem}
MSVAMP 1000 | Q: {problem}

XCOPA 200 | Here is a premise: {premise}. What is the {question}? Help me pick the
more plausible option: -choicel: {choice1l}, -choice2: {choice2}

XNLI 200 | {premise}. Based on the previous passage, is it true that {hypothesis}? Yes,
No, or Maybe?

PAWS-X 200 | Sentence 1: {sentencel} Sentence 2: {sentence2?} Question: Does Sentence
1 paraphrase Sentence 27 Yes or No?

Table 13: The prompt of each task (excepted for MGSM and MSVAMP) that is systematically added following the
instructions we defined in Table 12. The column #Test denotes the number of instances for each language in the test
set proposed by the authors. The constructions of these tasks are derived from translations (manual or automatic) of
subsets of the original monolingual versions (in English) as explained in Section 3.1.
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G Results Arithmetic Reasoning Tasks Larger Models

The following evaluations were made by prompting the models presented in Section 3.2 with the methods
presented in Section 3.3 (see Appendix B and Appendix E where the prompts are described in detail).

Model Method de zh fr ru swW es bn ja te th Avg
Direct 56.0 60.0 62.0 620 480 612 336 528 7.6 422 | 485
Native-CoT | 70.0 59.6 644 624 500 612 264 544 220 46.6 | 51.6
En-CoT 73.6 632 700 656 552 696 504 60.6 40.0 48.0 | 59.8
GPT-3.5 Cross-CoT 792 742 78.0 758 682 73.6 652 676 492 62.8 | 68.8
TPALT T T T 1628 52,6 582 582 486 60.2 288 586 344 500 | 51.3°
En-PAL 684 59.6 646 598 512 664 356 61.8 382 558 | 56.1
Cross-PAL 80.8 782 778 688 652 708 636 69.8 530 644 | 69.2
T T T T T T T PALT T T T 1672 580 620 624 516 636 320 616 394 548|553
GPTinstruct En-PAL 722 628 668 620 534 646 31.8 60.0 404 59.6 | 57.6
Cross-PAL 82.0 788 766 702 664 726 634 698 550 64.0 | 70.0
Direct 522 55.0 582 60.0 464 586 302 486 92 41.0 | 459
L1ama2-70 Native-CoT | 63.8 61.0 602 582 514 650 288 506 284 442 | 51.0
En-CoT 640 614 61.6 614 506 638 350 542 374 49.0 | 540
Cross-CoT 65.2 628 648 646 538 682 440 564 382 512 | 572
TPALT T T T [ 33.0 7572 528 524 482 538 "240 500 128 468 | 450
CodeLlama-7@0 En-PAL 576 57.6 572 568 483 548 27.8 53.6 260 464 | 488
Cross-PAL 62.8 604 592 58.6 482 546 282 566 346 48.6 | 53.1
Direct 582 624 644 628 542 628 350 542 128 446 | 512
Mixtral8x7 Native-CoT | 56.8 582 576 56.8 502 620 258 556 18.6 454 | 48.7
En-CoT 55.8 594 586 584 510 630 448 568 222 46.6 | 51.6
Cross-CoT 57.6 568 582 572 530 612 284 58.6 20.0 452 | 495

Table 14: Accuracies (%) on MGSM using the reasoning methods described in Appendix C (for each model, we
reported best performances per language and per method in bold).

Model Method de zh fr ru SW es bn ja th Avg
Direct 603 662 635 603 592 692 9.6 689 362|593
Native-CoT | 68.9 765 77.8 685 663 745 12.1 73.1 435 | 624
En-CoT 739 784 782 709 684 746 144 740 46.1 | 643
GPT-3.5 Cross-CoT | 784 78.6 793 748 704 752 410 762 514 | 694
TPALT T T T 16437 725 TT73.0° 673 642 728 78 672 4247|7593
En-PAL 66.7 743 748 703 672 731 193 717 472 | 629
Cross-PAL 823 769 802 757 71.6 768 377 745 502 | 69.5
S U PAL | 653 731 737 686 66.1 719 87 686 412|597
GPTinstruct En-PAL 678 747 753 710 676 742 200 721 483 | 634
Cross-PAL | 82.6 782 81.6 768 731 772 403 76.1 534 | 702
Direct 559 652 646 598 583 686 85 675 37.8 ] 54.0
Llana2-70 Native-CoT | 60.7 648 609 60.5 59.1 673 132 668 36.7 | 54.8
En-CoT 635 663 628 61.7 602 660 203 659 403 | 56.7
Cross-CoT | 66.5 69.5 659 64.6 625 68.6 30.7 693 441 | 60.1
TPALT T T T 61337 612 5937 368 57.8 637 146 642 381 | 533
CodeLlama-70 En-PAL 674 642 603 621 602 639 206 634 402 | 558
Cross-PAL | 704 67.6 653 643 632 652 234 658 458 | 59.6
Direct 63.5 67.5 642 59.7 60.1 683 151 685 382 | 56.2
Mixtral8x7 Native-CoT | 63.1 66.7 653 602 614 695 156 693 40.1 | 56.8
En-CoT 66.2 673 668 61.7 625 689 162 700 40.1 | 57.6
Cross-CoT | 648 647 654 623 628 662 156 703 37.1 | 565

Table 15: Accuracies (%) on MSVAMP using the reasoning methods described in Appendix C(for each model, we
reported best performances per language and per method in bold).
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H Results Arithmetic Reasoning Tasks Smaller Models

Model Method | de zh fr ru SW es bn ja te th | Avg
MGSM
Direct 484 502 540 568 42.0 548 28.0 462 5.4 38.4 | 42.5
Llama2-7 Native-CoT | 548 51.0 554 576 488 584 274 492 20.0 41.6 | 46.1
En-CoT 56.0 552 564 602 51.0 602 300 502 226 438 | 48.0
Cross-CoT 538 544 562 576 504 626 274 500 28.8 452 | 489
TPALT T T T [ 486 544 4927 49.6 458 502 204 486 T 6.4 ~ 40.0 | 41.0
CodeLlama-7 En-PAL 50.8 560 51.0 502 494 514 246 498 162 440 | 434
Cross-PAL 524 548 550 572 490 61.8 30.2 498 266 45.6 | 48.5
Direct 56.0 606 62.0 602 520 60.0 344 52.0 120 474 | 49.5
Mistral-7 Native-CoT | 542 584 60.2 586 514 586 326 502 122 478 | 48.0
En-CoT 556 592 614 590 522 588 324 510 140 48.0 | 484
Cross-CoT 542 574 60.0 584 502 586 320 518 124 478 | 48.2
PAL 546 568 524 526 488 540 246 48.6 140 46.8 | 45.1
StarCoder2 En-PAL 56.2 584 540 548 502 564 262 528 162 480 | 473
Cross-PAL 542 552 54.6 570 50.0 60.2 28.0 50.2 250 49.0 | 484
MSVAMP
Direct 512 573 57.1 510 509 563 104 60.2 - 30.1 | 46.8
Llama2-7 Native-CoT | 52.8 587 582 523 51.7 570 11.7 628 - 32.3 | 48.6
En-CoT 556 598 60.0 526 542 569 18.8 63.7 - 34.5 | 51.0
Cross-CoT 534 577 580 516 513 572 19.7 634 - 323 | 48.8
TPALT T T T 1542 7584 T 563 534 T 5237 572 T 93 7385 -7 T 33| 474°
CodeLlama-7 En-PAL 556 593 574 542 531 580 10.7 58.9 - 324 | 48.6
Cross-PAL 558 594 573 554 540 588 175 576 - 29.2 | 49.6
Direct 526 587 59.0 523 514 559 8.8 62.1 - 32.7 | 48.2
Mistral-7 Native-CoT | 50.7 572 568 520 52.1 5638 9.1 63.7 - 31.8 | 47.8
En-CoT 513 58.6 572 532 528 576 104 o621 - 32.3 | 48.6
Cross-CoT 50.8 573 57.6 53.0 524 543 6.7 59.3 - 28.6 | 46.2
PAL 545 593 574 543 526 587 11.6 583 - 32.0 | 48.6
StarCoder2 En-PAL 562 60.2 582 554 532 59.0 145 592 - 327 | 49.6
Cross-PAL 570 596 585 563 513 574 151 589 - 34.2 | 50.2

Table 16: Accuracies (%) on MGSM and SVAMP of further models using the reasoning methods described in
Appendix C (in bold the best performance of each model).

I Results Arithmetic Reasoning Tasks GPT-4

Model Method | de zh fr ru SW es bn ja te th | Avg
MGSM

Direct 780 792 83.0 784 762 822 388 720 184 654 | 67.1

Native-CoT | 788 79.6 842 792 77.1 834 340 762 254 662 | 684

En-CoT 80.6 800 844 812 782 842 560 784 456 68.6 | 73.7

GPT-4  Cross-CoT 83.0 832 852 834 800 832 606 80.6 570 682 | 769
TPALT T T T 7790 802 T 826 77.8 T 782 828 410 772 412 640 | 701

En-PAL 80.2 814 830 79.6 792 832 550 792 510 674 | 734

Cross-PAL 844 836 850 838 81.6 850 588 812 562 702 | 77.0

MSVAMP

Direct 74.1 736 812 763 70.5 772 36.0 705 - 65.9 | 69.2

Native-CoT | 746 742 818 762 714 781 380 71.2 - 66.3 | 70.2

En-CoT 767 763 826 778 712 813 39.6 718 - 67.2 | 71.6

GPT-4 Cross-CoT 81.3 775 834 782 73.1 82.1 428 73.6 - 68.5 | 734
TPALT T T T 77758 7769 T 832 78.0 724 719.6 4027 720 T -7 T 663 | 717"

En-PAL 779 788 832 78.1 721 824 382 725 - 69.4 | 72.5

Cross-PAL 824 78.6 837 785 7377 827 43.2 745 - 70.2 | 74.3

Table 17: Accuracies (%) on MGSM and SVAMP of GPT-4 on first 100 questions for each language using the
reasoning methods described in Appendix C.
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J Performances on XNLI L Performances on PAWS-X

GPT-4

T Zero Shot Direct
= Zero-Shot En-CoT
s Zero-Shot Cross-CoT

Accuracy (%)
Accuracy (%)

GPT-3.5 GPT-3.5
H g
i i
- - O » -
Llama2-70 Llama2-70

= fewsnotDirect Zero-Shot Direct
-
= Few-Shot Cross-CoT [z Zero-Shot Cross-CaT.

Accuracy (%)

Llama2-7

== Direct = Zero-Shot Direct
e EnCoT  mms Zero-Shot En-CoT
== CrossCoT 1 Zero-Shot Cross-CoT

@ w w4 o= & omwom o w oW o

Accuracy (%)
Accuracy (%)

Mixtral8X7 Mixtral8x7
== Direct 7= Zoro Shot Diract
s EnCoT  wmm Zero'Shot EnCoT

== CrosscoT _mm Zero Shot Cross.CoT

Accuracy (%)

Mistral-7 Mistral-7

= Direct 5 Zero Shot Direct

Aceuracy (%)
Aceuracy (%)

Table 18: Accuracies XNLI using 4-shot and 0-shot ~ Table 19: Accuracies PAWS-X using 4-shot and 0-shot
prompts. prompts.
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Model et ht id it qu SW ta th tr vi zh Avg
GPT-4

Direct 98.8 932 97.6 998 58,6 944 79.6 878 974 862 92.6 | 89.0
En-CoT 958 940 96.6 982 800 952 84.6 880 934 852 936 | 91.7
Cross-CoT 97.8 952 96.6 950 84.8 938 858 918 96.6 872 940 | 96.2
GPT-3.5

Direct 906 720 904 952 546 820 590 77.6 91.0 836 904 | 80.2
En-CoT 924 782 91.6 968 814 81.6 648 802 93.6 852 940 | 853
Cross-CoT 940 796 922 964 826 820 632 820 938 860 934 | 844
Mixtral8x7

Direct 825 68.0 816 545 831 603 781 819 805 742 706 | 742
En-CoT 81.7 665 793 535 829 613 808 824 798 747 703 | 739
Cross-CoT 80.7 67.1 773 542 820 60.7 802 803 792 735 69.2 | 73.1
Llama2-70

Direct 804 662 798 824 528 81.6 584 760 792 73.0 692 | 70.2
En-CoT 842 68.8 804 84.6 552 828 60.6 784 804 744 71.6 | 75.1
Cross-CoT 79.8 660 782 81.6 512 802 57.8 772 804 736 70.6 | 72.7
Llama2-7

Direct 39.6 325 584 558 472 346 474 332 430 59.6 504 | 454
En-CoT 428 366 602 562 500 368 48.6 348 442 608 51.6 | 47.1
Cross-CoT 40.8 362 57.8 562 484 330 470 344 442 602 51.6 | 46.2
Mistral-7

Direct 42,6 365 60.1 578 487 373 492 366 452 593 512 | 477
En-CoT 419 37.1 59.8 572 50.1 382 497 385 463 60.1 523 | 482
Cross-CoT 397 365 576 568 496 384 487 375 452 594 50.7 | 473
HUMAN (Ponti et al., 2020) | 98.2 964 100.0 97.0 948 990 98.6 982 964 984 96.6 | 97.6

Table 20: Accuracies (%) on XCOPA (Ponti et al., 2020) using the reasoning methods described in Appendix C.
(Direct, En-CoT and Cross-CoT as introduced in Section 3.3.
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O Scalability to further LLMs

In this experiment, we study the performance of
additional Large Language Models (LLMs) that
were not considered in the principal analysis. The
following models were chosen for performances
obtained in mathematical reasoning tasks (in the
case of WizardMath (Luo et al., 2023)), for perfor-
mances obtained in specific languages other than
English (in the case of Tulu (Ivison et al., 2023)
and Yi (Al et al., 2024)), and finally for abilities
also shown in functions with a limited number of
parameters (in the case of gemma (Team et al.,
2024)). In order to make the results comparable
with the previous ones, we used the same experi-
mental setup introduced in Section 3. However, we
only produced evaluations for a few instances of the
MSGM task (we used the same instances as those
used for GPT-4). This further experiment observes
whether the selected models perform comparably
to those discussed in Section 4.

From Figure 22, it can be observed that just as
it happened in previous LLMs (results detailed in
Table 16), the following points emerge:

* Reasoning methods operate between lan-
guages. As discussed in Section 4.1, almost
all LLMs prompted via En-CoT stably over-
perform the baselines, i.e., Direct.

* However, there are limitations, as yet dis-
cussed in Section 4.2. Models with fewer
parameters (see Orca and Gemma) underper-
form when the quality of in-context prompts
is more articulated (Direct vs. En-CoT case).

* While the smaller models appear not to ben-
efit under varying in-context demonstrations,
the larger models (in these experiments, they
are average LLMs not comparable to GPT-
4) outperform when the Cross-CoT promting
strategy is used, as happens to the results dis-
cussed in Section 4.

In conclusion, these additional experiments have
shown that this approach is scalable to other LLMs
and that, generally, the findings obtained by testing
the models presented in Section 3.2 are scalable to
further models.

P Models Vesions

Model

| Version

Llama-2-7-chat
Llama-2-13-chat
Llama-2-70-chat

meta-llama/Llama-2-7b
meta-llama/Llama-2-13b
meta-llama/Llama-2-70b

gemma-2 google/gemma-2b
gemma-7 google/gemma-7b
Orca-2-7 microsoft/Orca-2-7b
Orca-2-13 microsoft/Orca-2-13b

Mistral-7-instruct
Mixtral

mistralai/Mistral-7B-Instruct-v(.2
TheBloke/Mixtral-8x7B-Instruct-v0.1-GPTQ

Yi-6b TheBloke/Yi-6B-GPTQ
Yi-34b TheBloke/Yi-6B-GPTQ
Tulu-2-7 TheBloke/tulu-2-7B-GPTQ
Tulu-2-13 TheBloke/tulu-2-13B-GPTQ
Tulu-2-70 TheBloke/tulu-2-70B-GPTQ

WizardMath-7
WizardMath-13
WizardMath-70

TheBloke/WizardMath-7B-V1.0-GPTQ
TheBloke/WizardMath-13B-V1.0-GPTQ
TheBloke/WizardMath-70B-V1.0-GPTQ

StarCoder2
CodeLlama-70 (7)

bigcode/starcoder2-15b
TheBloke/CodeLlama-70B (7)-Instruct-GPTQ

GPT-3.5-turbo
GPT-instruct
GPT-4

OpenAl API
OpenAl API
OpenAl API

Table 21: List the versions of the models proposed
in this work, which can be found on huggingface.co.
We used all the default configurations proposed in the
repositories for each model.

Q Performances other LLMs

(%) Acuracy

Direct

Tulu-2-7

Tulu-2-13

22
: P‘.I

Avg Accuracies on MGSM

769
737
66
w“2

27.6| 28

= 248, = 252
22 = 26 £3
- T

En-CoT Cross-CoT

® WizardMath-13
® WizardMath-70

® Tulu-2-70

® GPT4
WizardMath-7

(%) Acuracy

Gemma-.

® Gemma-

Avg Accuracies on MGSM

2b Orcaz-7b
b @® Orca2-13b

Yi-6b
® Yi-34b

® GPT4

Table 22: Average

accuracies across specific languages

of further LLMs by using prompting pipelines proposed

in Section 3.3.



En-CoT

Q: BRAES TWEK. MK T2 FEMEK . BREA3 TMERk . MIER Z /DT MER?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 tennis balls. 5 + 6 =
The answer is 11.

gEgﬂHE@? fRS52sLE BE LGB . WE—SBEN, BRNZHET el REHIGERIEFE/D
=] X ¢

A: 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.

Q: FA: BEELANIA. 2T bESEERELER THAIE . tmIEEZ 01 A

A: 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 = 9 toys. The answer is 9.

Q: (Al FIE32 RIS, WhIRERE42 3R QD%?@THHLT% P, 1 —3n g R 2 b

A: 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.

Q: FA: WMREEGEEIWE, JCRT28%E, EEHEFEZOHE?

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

%*gfg INFRE20 IRBBEENE - s T FHE —Lmimhl . IIZE/RERE 12 BN . RRA T AHEZ R
A: Jason started with 20 lollipops, but now he only has 12, so he gave Denny 20 - 12 = 8
lollipops. The answer is 8.

'Q HIE— BT 22 T G R AR M EE — PR BRI EAAE . € —RHFERWLZ DITAE?

GPT 4
FITE— 7 s 22Tl LT AR R A MG PRI B MR, /e 2leh)—FRTIE A B4 4
Bto FHit, SEFTERMEEE N2 ELF RN L 10T 5 @LF4EAmE, .
2(EE)+1(HE)=3(E L) HRERE
HIE— T E /\?%%3317_575*4
GPT-3.5

FIE— R 22 DLl AT AR M E — R A MR . XEIRE T E ARG AT H
@Z‘Eﬂ i LA — L7 E A2 + 1 = 3ITA k-
Mixtral8x7
Making a robe requires 2 pieces of blue fabric and half as much white fabric as blue fabric. So you need 2 (blue
fabric) + 2/2 (white fabric) = 2 (blue fabric) + 1 (white fabric) = 3 pieces of fabric in total. The answer is 3.
Llama2-7
[:..] BIfE—#7F 2 two 7 blue cotton fabrics and this amount half white cotton fabric. How much fabric do
they need in total? A: To make one shirt, you need 2 pi (7) blue cotton fabrics and half of them is equal to 1 pi ()
white cotton fabric. So, in total, you need 2 * 7 + (1/2) * m = 37 white cotton fabrics.
Mistral-7
To make one suit, it requires 2 pieces of blue fabric and half as many pieces of white fabric. Therefore, it takes 2
(blue) + 2 (half of what 2 is for white) = 3.5. Since we cannot have a half piece of fabric, let’s assume it needs an
additional 0.5 pieces to cover this requirement. So, it takes a total of 3.5 x 2 = 7 pieces of fabric to create one suit.
The answer is 7.

Table 23: Example output answers generated by different LLMs prompted via En-CoT (Section 3.3). In general,
LLMs produce good answers while Smaller LLMs (for example see Llama2-7) produce misleading answers.
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Cross CoT

TNES TIER . M5O T2 HEMER . BRER3 TIER. BEEE Z DT RER?
A Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 tennis balls. 5 + 6 = 11.
The answer is 11.
g&%ﬂ% MRS BRI ERM WE—EIFM, 8RXZRT Lek. kSSILEBIEFZ D
= [Lf
A: 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.
Q: M. HEHLANIE . ZETBMNBEEEEIRSEE THAIE . IEEZ D1 A
A: 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 = 9 toys. The answer is 9.
Q: IR AITLA32 HITR T, WbbkEE42 Je . BT T35 5, M1 3550 F £/
A: 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.
Q: M. WMREEGEEIWE, SCRT2WE, BEEGEAZDHE?
A: There are 3 cars in the beginning, 2 more arrive, so now there should be 3 + 2 = 5 cars.
The answer is 5.
Q: Al ANFRF20 IREBEHE . fhen T /HE —Luiill . BAENRE 12 REEHE . Nke THeZ R
TEHEE?
A: Jason started with 20 lollipops, but now he only has 12, so he gave Denny 20 - 12 = 8
lollipops. The answer is 8.
| Q: FIfF— i F 22 ICEAF MR M E i E B YEmE . E—RREHRL DILHE?
After understanding, you should act as an expert in arithmetic reasoning in English.
A: Let’s resolve the task you understand above step-by-step!
GPT-4
To calculate the total amount of fabric required to make one robe based on the given conditions:
[:.]
To find the total amount of fabric needed for one robe, you sum the requirements for blue and white fabric:
Total fabric = Blue fabric + White fabric =2 bolts (blue) + 1 bolt (white) = 3 bolts
So, 3 bolts of fabric are needed in total to make one robe: 2 bolts of blue fabric and 1 bolt of white fabric.
GPT-3.5
To determine how many pieces of fabric are needed in total, we first calculate the amount of white fabric required.
Since the blue fabric needed is 2 pieces, the white fabric needed would be half of that, which is 1 piece.
[:..] If you want to know how many pieces of fabric are needed for a certain number of robes, you would multiply
the number of robes by the total pieces of fabric needed for each robe.
For example, if you want to make 5 robes, you would need 5 x 3 = 15 pieces of fabric in total.
Mixtral8x7
A robe requires 2 pieces of blue fabric and half the amount of white fabric as compared to the blue fabric.
First, determine the amount of white fabric required. Since the white fabric is half the amount of blue fabric, and
there are 2 pieces of blue fabric, the robe needs 0.5 * 2 = 1 piece of white fabric.
Next, add up the amount of both types of fabric to find the total amount required. The robe needs 2 pieces of blue
fabric and 1 piece of white fabric, so it needs 2 + 1 = 3 pieces of fabric in total.
Therefore, a robe requires 3 pieces of fabric in total (2 pieces of blue fabric and 1 piece of white fabric).
Llama2-7
‘We know that the total amount of fabric required is 20 pieces (since the problem states that there are 20 pieces of
fabric in total). So, we can set up the equation: 2x =20
Now, let’s divide both sides of the equation by 2 to get: x = 10
So, the blue fabric requires 10 pieces, and the white fabric requires 10 /2 = 5 pieces. In total, there are 10 + 5 = 15
pieces of fabric required to make one shirt.
Mistral-7
To make one suit, you need 2 pieces of blue fabric and half as many pieces of white fabric. So you need 2 (blue) + 2
(half of the number of white pieces) =2 + 1 = 3 pieces of blue fabric and 2 (half of the number of white pieces) =
pieces of white fabric in total. Therefore, you need 3 (blue) + 2 (white) = 5 pieces of fabric in total. The answer is 5.

Table 24: Example output answers generated by different LLMs proposed in our work prompted via Cross-CoT
(Section 3.3). In contrast to the generation in Table 23 Llama-2-7 does not deliver misleading answer.
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Cross-PAL
Q: Jason hatte 20 Lutscher. Er hat Denny einige Lutscher gegeben. Jetzt hat Jason 12 Lutscher.
Wie viele Lutscher hat Jason Denny gegeben?
A: #solution in Python
def solution():
jason_lollipops_left = 12
jason_lollipops_initial = 20
lollipops_given_to_denny = jason_lollipops_initial - jason_lollipops_left
return lollipops_given_to_denny
The answer is 8.
(...more in-context demonstrations...)
| Q: Kylar geht ins Kaufhaus, um Gldser fiir seine neue Wohnung zu erwerben. Ein Glas kostet |
5 US-Dollar, aber jedes weitere Glas kostet nur 60% des Ausgangspreises. Kylar mochte 16
Glaser kaufen. Wie viel muss er daflr ausgeben?
A: After understanding, you should act as a programmer in English.
GPT-4
A: #solution in Python
def total_cost_for_glasses():
first_glass_price =5

subsequent_glass_price = 0.60 * first_glass_price
total_glasses = 16
cost = first_glass_price + (total_glasses - 1) * subsequent_glass_price

return cost
The answer is 16
GPT-3.5
To calculate the total cost for Kylar’s purchase of 16 glasses, we can break it down into
two parts: the cost of the first glass and the cost of the additional glasses.
The cost of the first glass is $5.
For each additional glass beyond the first one, the cost is 60% of the original price, which
is 0.6 * $5 = $3.
So, for the remaining 15 glasses, the cost would be 15 * $3 = $45.
Adding the cost of the first glass to the cost of the additional glasses, the total cost
would be $5 + $45 = $50.
Therefore, Kylar would need to spend $50 to purchase 16 glasses for his new apartment.
CodeLlama-70
A: #solution in Python
def cost_of_glasses(glasses):
""" A function to calculate the cost of glases."""

glasses_cost =0

glass_price =5

for glass_index in range(glasses):

glasses_cost += glass_price
glass_price = 0.6 * glass_price

return glasses_cost
The answer is 16
CodelLlama-7
A: #solution in Python
def glass_cost(n): return 5 * n + 0.6 * 5 * (n - 1) price = glass_cost(16) print("Kylar will spend around $154.00 to
buy 16 glasses.")

Table 25: Example output answers generated by different LLMs prompted via Cross-PAL (Section 3.3). Generations
are structured and guided by program languages.
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