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Abstract

Large Language Models (LLMs) excel at
mathematical reasoning in English, but their
performance in low-resource languages re-
mains underexplored. This gap is par-
ticularly critical in the Indonesian context,
where equitable access to AI systems depends
on robust multilingual reasoning across di-
verse local languages. We introduce MATH-
IDN, a multilingual benchmark for mathe-
matical problem solving in Indonesian, Ja-
vanese, Sundanese, and Buginese, with En-
glish as a reference, following the MATH
dataset. We evaluate multiple open-source
LLMs, including math-specialized, Southeast-
Asian-adapted, and general-purpose models,
under a zero-shot chain-of-thought setting. Re-
sults show that MATH-IDN presents a chal-
lenging and discriminative benchmark, re-
vealing substantial performance gaps in low-
resource languages, particularly Buginese, and
highlighting key limitations in current multilin-
gual reasoning capabilities. 1

1 Introduction

Recent advances in mathematical reasoning within
natural language processing, particularly research
leveraging Large Language Models (LLMs) (Yuan
et al., 2023; Touvron et al., 2023; Ouyang et al.,
2022), have focused primarily on high-resource
languages such as English. Prominent bench-
marks including MATHQA (Amini et al., 2019),
GSM8K (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), and MathOdyssey (Fang et al., 2025)
have driven remarkable progress, yet they largely
overlook the linguistic diversity of low-resource
regions (Guo et al., 2024). To understand whether
LLMs maintain cross-lingual consistency, that is,
whether their reasoning proficiency in English de-
grades when applied to other languages there is a

1Our data and code are available at
https://github.com/aialt/MATH-IND.

pressing need for multilingual benchmark datasets
that enable systematic evaluation of reasoning
across languages.

This need is particularly acute for Indone-
sia, one of the most linguistically diverse coun-
tries in the world. Although several new bench-
marks have begun to explore multilingual mathe-
matical reasoning, such as MMATH (Luo et al.,
2025), MCLM (Son et al., 2025), MGSM (human-
translated) (Shi et al., 2023), and mCOT-MATH
(synthetic) (Lai and Nissim, 2024), none include
the languages spoken in Indonesia. For Southeast
Asia more broadly, resources such as SeaExam,
SeaBench (Liu et al., 2025; Nguyen et al., 2024),
and SeaCrowd (Lovenia et al., 2024) have ex-
panded multilingual coverage but focus mainly on
general NLP tasks rather than mathematical rea-
soning. Within Indonesia, NusaCrowd (Cahyaw-
ijaya et al., 2023) and IndoMMLU (Koto et al.,
2023) represent major advances: NusaCrowd stan-
dardizes data across more than 700 local lan-
guages, while IndoMMLU benchmarks 64 aca-
demic subjects from the national curriculum.
However, neither addresses symbolic or numerical
reasoning, and both overlook the semantic and cul-
tural shifts that arise in cross-lingual translation-
leaving mathematical reasoning in Indonesian lo-
cal languages a crucial yet unexplored challenge.

To address this gap, we introduce MATH-IDN,
a multilingual mathematical reasoning dataset
manually translated and human-verified from the
MATH dataset (Hendrycks et al., 2021). The
dataset covers five parallel languages, including
English, Indonesian, Javanese, Sundanese, and
Buginese, allowing systematic analysis of LLMs
cross-lingual consistency in mathematical prob-
lem solving. Following the MATH500 dataset,
MATH-IDN contains 500 expert-curated prob-
lems.

We conduct the zero-shot chain-of-thought eval-
uation on multiple LLMs, including LLaMA-3.1
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Language System prompt

English You are a mathematics expert. Please solve the following problem and provide a detailed solution.
Indonesian Kamu adalah ahli matematika. Tolong selesaikan persoalan matematika berikut dan berikan solusinya

secara rinci.
Javanese Awakmu ahli matematika. Tulung rampungna soal matematika ing ngisor iki lan wenehi solusine

kanthi rinci.
Sundanese Anjeun ahli matematika. Mangga tuntaskeun soal matematika ieu sarta sadiakeun solusi lengkepna
Bugis Iko ahli matematika. Pappurai persoalang matematika e nappa alengka solusi na.

Table 1: System prompt used for each language’s mathematical reasoning task.

(Dubey et al., 2024), Gemma-2 (Rivière et al.,
2024), Qwen2.5 (Qwen, 2024), Qwen2.5-Math
(Yang et al., 2024), and Southeast-Asian models
such as Bakpia, Komodo (Owen et al., 2024),
and SEA-LION (Ong and Limkonchotiwat, 2023).
Our results reveal substantial performance degra-
dation in low-resource languages, particularly
Buginese, highlighting MATH-IDN as a chal-
lenging benchmark for cross-lingual reasoning re-
search.

2 MATH-IDN Dataset

2.1 Task Definition

A mathematical reasoning task in Natural Lan-
guage Processing (NLP) aims to develop a compu-
tational model that can solve mathematical prob-
lems presented in natural language (Hendrycks
et al., 2021). Formally, given a mathematical prob-
lem expressed as a natural question or query Qi,
the task is to generate a valid answer Ai in a
model’s response. A complete response consists
of two main components: (1) An intermediate
reasoning process or Chain-of-Thought (CoT) Ri;
and (2) A final answer Ai.

To study the consistency of LLMs mathematical
reasoning across languages, we use multilingual
system prompts tailored to each target language to
instruct the models to solve the reasoning tasks, as
shown in Table 1.

2.2 Dataset Construction

Our data collection process consists of several
steps. First, we use MATH500 examples from the
existing mathematical reasoning dataset MATH
(Hendrycks et al., 2021). Second, we use gpt-
4.1-2025-04-14 to translate samples from English
to the target local languages in Indonesia. Third,
given the translation results, we ask the native
speakers of the target languages, as human experts,
to analyze translation quality and refine the trans-
lated texts.

LLM Translation We use an instruction tem-
plate, as shown in Table 2, to prompt gpt-4.1 with
a one-shot example.

{% block instruction %}

{{instruction_start}}

Terjemahkan teks Bahasa Inggris berikut menjadi teks
Bahasa Indonesia. Jangan mengubah teks berformat
latex maupun ekspresi matematika di dalamnya.

{{instruction_end}}

{% endblock %}

{# example 1 #}

{{input_start}}

Convert the point (0, 3) in rectangular coordinates
to polar coordinates. Enter your answer in the form
(r, θ), where r > 0 and 0 ≤ θ < 2π. Terjemahan:

{{input_end}}

{{output_start}}

Konversikan titik (0, 3) dalam koordinat persegi
panjang ke koordinat polar. Masukkan jawaban Anda
dalam bentuk (r, θ), di mana r > 0 dan 0 ≤ θ < 2π.

{{output_end}}

Table 2: Example prompt template used for translating
samples from English into Indonesian.

Annotator Recruitment Translating texts to
under-represented languages, such as local lan-
guages in Indonesia, requires access to native
speakers who can at least speak in two languages:
English and a local language. Our annotators,
including university and institutional researchers,
have been working on low-resource translation
tasks: one translator for Indonesian and Javanese;
two translators for Sundanese; and two translators
for Buginese. We use at least one hour of training
and supervision to familiarize the translators with
scoring system because the characteristic of the
mathematical reasoning dataset differs from other
translation datasets. The five-scaled scoring sys-
tem is to measure the quality of LLM translation
results before being refined by human translators.

Translation Quality Rubrics For the transla-
tion task, we use five-scaled scoring system to
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measure the quality of LLM translation results.
After that, the translations are refined by human
translators. For each sample, the translators are
asked to rate its “Fluency” and “Change of Mean-
ing”.

For “Fluency”, the rubrics are as follows:
• 5 - Excellent: The text is perfectly natural and

fluent, indistinguishable from human-written
text. It is free of grammatical errors and awk-
ward phrasing.

• 4 - Good: The text is fluent and easily un-
derstood. It may contain minor grammatical
errors or typos that do not impact the overall
meaning.

• 3 - Adequate: The text is comprehensible,
but contains noticeable errors in grammar or
unnatural word choices. The phrasing may
be awkward, similar to that of a non-native
speaker.

• 2 - Disfluent: The text contains significant
grammatical errors that make it difficult to un-
derstand. The reader must exert considerable
effort to grasp the intended meaning.

• 1 - Incomprehensible: The text is nonsensical
or so grammatically flawed that its meaning
cannot be understood.

For “Change of Meaning”, the rubrics are as fol-
lows:

• 5 - No Change: The translation perfectly pre-
serves the full semantic content and nuance
of the original text.

• 4 - Mostly Preserved: The translation retains
the core meaning and most details, but with
minor, non-critical differences in nuance or
emphasis.

• 3 - Partially Preserved: The core meaning is
recognizable, but significant details are omit-
ted or altered, leading to a partial loss of in-
formation.

• 2 - Misleading: The translation introduces
inaccuracies or ambiguities that significantly
distort the original meaning, potentially lead-
ing to misinterpretation.

• 1 - Completely Different: The translation con-
veys a meaning that is entirely different from,
or contradictory to, the original text.

3 Experiments

3.1 Models

We select a range of open-source LLMs across
three categories: general-purpose models, in-

cluding LLaMA-3.1-8B-Instruct (Dubey et al.,
2024), Gemma-2-9B-IT (Rivière et al., 2024),
and Qwen2.5-7B-Instruct (Qwen, 2024); math-
specific models, represented by Qwen2.5-Math-
7B-Instruct (Yang et al., 2024); and SEA-specific
models, including Bakpia-V1-1.5B-Javanese,
Komodo-7B-Base (Owen et al., 2024), and Llama-
SEA-LION-v3.5-8B-R (Ong and Limkonchotiwat,
2023).

3.2 Metrics
We evaluate multilingual mathematical problem
solving along two dimensions: (i) language-wise
correctness on each target language, and (ii) cross-
lingual stability of correctness across the paral-
lel language set. Let Q = {qi}Ni=1 be the
N = 500 problems in MATH-IDN, and let
L = {EN, ID, JV, SU,BG} denote English, In-
donesian, Javanese, Sundanese, and Buginese. For
each model and each (qi, ℓ) ∈ Q × L, we ob-
tain a response and extract a final predicted answer
âi,ℓ using the same answer parsing protocol as the
MATH benchmark. We define an indicator of cor-
rectness

ci,ℓ = I(âi,ℓ = ai), (1)

where ai is the gold answer.

Accuracy. For each language ℓ ∈ L, we report
the standard accuracy:

Acc(ℓ) =
1

N

N∑

i=1

ci,ℓ. (2)

We also report per-language deltas relative to En-
glish, ∆(ℓ) = Acc(ℓ)−Acc(EN).

Consistency (Cross-lingual correctness stabil-
ity). We quantify whether a model answers the
same underlying problem correctly across all par-
allel languages. We define the Consistency Cor-
rect rate as the proportion of problems answered
correctly in every evaluated language:

CC =
1

N

N∑

i=1

I
( ∧

ℓ∈L
ci,ℓ = 1

)
. (3)

We define the complementary Consistency Incor-
rect rate as the proportion of problems for which
correctness is not consistent across languages (i.e.,
correct in some languages but incorrect in others):

CI =
1

N

N∑

i=1

I
(
∃ ℓ, ℓ′ ∈ L s.t. ci,ℓ ̸= ci,ℓ′

)
. (4)
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Intuitively, CC measures cross-lingual robustness,
while CI captures language sensitivity.

Unique Correct (language-specific success).
To localize which language uniquely enables suc-
cess, we report Unique Correct counts and rates.
A problem is uniquely correct in language ℓ if it is
correct in ℓ and incorrect in all other languages:

UC(ℓ) =
1

N

N∑

i=1

I
(
ci,ℓ = 1 ∧

∧

ℓ′∈L\{ℓ}
ci,ℓ′ = 0

)
.

(5)

Pivot Accuracy (decoupling language under-
standing from reasoning). To probe whether er-
rors primarily arise from multilingual understand-
ing rather than mathematical reasoning, we per-
form a pivot-language evaluation for source lan-
guages ℓ ∈ {JV, SU,BG}. We translate the source
problem text into a pivot language p ∈ {EN, ID}
using gpt-4.1, then evaluate the target LLM on the
pivoted input and compute accuracy:

PivotAcc(ℓ → p) =
1

N

N∑

i=1

I(â(ℓ→p)
i = ai), (6)

where â
(ℓ→p)
i is the model prediction given the

pivot-translated input.

3.3 Results
Overall Multilingual Accuracy Table 3 reports
accuracy across English, Indonesian, and three lo-
cal Indonesian languages. Across all evaluated
models, performance consistently degrades when
moving from English to low-resource languages,
with the largest drops observed in Buginese. This
confirms that MATH-IDN constitutes a challeng-
ing benchmark for multilingual mathematical rea-
soning.

While some models such as Gemma-2-9b-it
and Qwen2.5-7B-Instruct exhibit comparable or
slightly improved accuracy in Indonesian rela-
tive to English, all models experience non-trivial
degradation in at least one local language. This
pattern suggests that multilingual robustness does
not transfer uniformly across linguistically related
languages.

Domain specialization and regional alignment
both contribute to improved multilingual per-
formance. Math-specialized models such as
Qwen2.5-Math-7B-Instruct achieve the highest
overall accuracy in English and maintain smaller

performance gaps across languages compared to
their general-purpose counterparts. Similarly,
SEA-adapted models such as Llama-SEA-LION-
v3.5-8B-R exhibit stronger performance in Indone-
sian and Javanese than general-purpose models of
similar scale. regional language exposure alone is
insufficient for complex mathematical reasoning.

Cross-Lingual Consistency Analysis Accuracy
alone does not capture whether models solve the
same problems consistently across languages. Ta-
ble 4 therefore reports cross-lingual consistency
metrics. Qwen2.5-Math-7B-Instruct achieves the
highest Consistency Correct (CC) rate (40.80%),
indicating that domain-aligned training substan-
tially improves cross-lingual stability. Similarly,
Qwen2.5-7B-Instruct and Gemma-2-9b-it exhibit
relatively high CC values, suggesting that larger-
scale pretraining combined with instruction tun-
ing contributes to more consistent multilingual be-
havior. In contrast, SEA-specific models such as
Bakpia-V1-1.5B-Javanese and Komodo-7B-Base
achieve markedly lower CC rates (below 20%),
reflecting limited ability to generalize reasoning
knowledge across languages.

High Consistency Incorrect (CI) rates are ob-
served across most models, particularly general-
purpose LLMs such as LLaMA-3.1-8B-Instruct.
This indicates that even when models possess the
underlying mathematical knowledge, their success
is often conditional on the language of presenta-
tion. Notably, CI remains substantial even for
models with strong English performance, high-
lighting that high monolingual accuracy does not
guarantee multilingual robustness.

To further localize language-dependent effects,
we examine Unique Correct (UC) cases, where a
problem is answered correctly in exactly one lan-
guage and incorrectly in all others. Across all
models, English accounts for the majority of UC
instances, whereas low-resource languagesespe-
cially Bugineserarely produce unique successes.
This asymmetry suggests that mathematical rea-
soning knowledge in current LLMs is dispro-
portionately anchored in high-resource languages,
with limited independent grounding in local lan-
guages. SEA-adapted models reduce this imbal-
ance to some extent in Indonesian and Javanese,
but the effect does not extend reliably to more
under-represented languages.

Pivot language performance analysis To disen-
tangle mathematical reasoning ability from mul-
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Models English Indonesian Javanese Sundanese Buginese

General purpose LLaMA-3.1-8B-Instruct 60.80% 48.40% (−12.40%) 42.80% (−18.00%) 37.60% (−23.20%) 39.00% (−21.80%)
Gemma-2-9b-it 53.40% 58.20% (+4.80%) 54.60% (+1.20%) 56.80% (+3.40%) 47.60% (−5.80%)
Qwen2.5-7B-Instruct 60.80% 62.40% (+1.60%) 55.80% (−5.00%) 56.40% (−4.40%) 49.00% (−11.80%)

Math-Specific Qwen2.5-Math-7B-Instruct 64.60% 61.80% (−2.80%) 55.60% (−9.00%) 58.80% (−5.60%) 50.20% (−14.40%)

SEA-specific Bakpia-V1-1.5B-Javanese 39.80% 30.20% (−9.60%) 27.40% (−12.40%) 26.80% (−13.00%) 24.00% (−15.80%)
Komodo-7B-Base 19.80% 20.60% (+0.80%) 19.40% (−0.40%) 18.40% (−1.40%) 17.00% (−2.80%)
Llama-SEA-LION-v3.5-8B-R 61.20% 57.80% (−3.40%) 54.80% (−6.40%) 48.60% (−12.60%) 42.00% (−19.20%)

Table 3: Performance of LLMs across languages under zero-shot chain-of-thought evaluation. Numbers denote
accuracy (%), with absolute differences from English accuracy shown in parentheses (∆(ℓ)).

Model Consistency Correct (CC) Consistency Incorrect (CI) Unique Correct (UC)

English Indonesian Javanese Sundanese Buginese

LLaMA-3.1-8B-Instruct 23.60% 47.80% 47 / 9.40% 8 / 1.60% 11 / 2.20% 2 / 0.40% 9 / 1.80%
Gemma-2-9b-it 33.40% 37.40% 10 / 2.00% 10 / 2.00% 2 / 0.40% 5 / 1.00% 5 / 1.00%
Qwen2.5-7B-Instruct 35.60% 38.60% 12 / 2.40% 11 / 2.20% 3 / 0.60% 4 / 0.80% 5 / 1.00%
Qwen2.5-Math-7B-Instruct 40.80% 33.80% 13 / 2.60% 6 / 1.20% 5 / 1.00% 7 / 1.40% 7 / 1.40%
Bakpia-V1-1.5B-Javanese 18.40% 29.40% 46 / 9.20% 12 / 2.40% 8 / 1.60% 6 / 1.20% 1 / 0.20%
Komodo-7B-Base 15.20% 12.60% 13 / 2.60% 13 / 2.60% 10 / 2.00% 5 / 1.00% 1 / 0.20%
Llama-SEA-LION-v3.5-8B-R 28.20% 45.00% 17 / 3.40% 9 / 1.80% 8 / 1.60% 7 / 1.40% 1 / 0.20%

Table 4: Cross-lingual consistency analysis across five languages.

Language Models Model Name Acc - Original PivotAcc (EN) PivotAcc (IDN)

Javanese general Gemma-2-9b-it 54.60% 56.00% 56.60%
Sundanese general Gemma-2-9b-it 56.80% 57.20% 57.60%
Buginese general Gemma-2-9b-it 47.60% 52.00% 53.00%

Javanese math-specific Qwen2.5-Math-7B-Instruct 55.60% 64.60% 61.20%
Sundanese math-specific Qwen2.5-Math-7B-Instruct 58.80% 62.20% 61.80%
Buginese math-specific Qwen2.5-Math-7B-Instruct 50.20% 58.60% 58.40%

Javanese SEA-specific Llama-SEA-LION-v3.5-8B-R 54.80% 64.20% 58.60%
Sundanese SEA-specific Llama-SEA-LION-v3.5-8B-R 48.60% 63.00% 58.20%
Buginese SEA-specific Llama-SEA-LION-v3.5-8B-R 42.00% 58.20% 55.00%

Table 5: Pivot-language evaluation results. Acc - Original denotes accuracy on the original low-resource language
input. Pivot Acc (EN/IDN) denotes accuracy after translating the input into English or Indonesian before inference,
isolating multilingual comprehension effects from reasoning ability.

tilingual comprehension, we conduct a pivot-
language evaluation, as shown in Table 5. Across
all evaluated models and languages, pivoting low-
resource inputs through English or Indonesian con-
sistently improves accuracy, often substantially.
For example, Qwen2.5-Math-7B-Instruct shows
accuracy gains of more than 8% in Buginese when
using English as a pivot language. This pattern
provides strong evidence that multilingual under-
standing, rather than mathematical reasoning it-
self, constitutes the primary bottleneck for low-
resource performance. Together with the consis-
tency analysis, these results demonstrate that many
errors arise from lexical and semantic interpreta-
tion failures rather than deficiencies in logical rea-
soning.

4 Conclusion

We introduced MATH-IDN, a multilingual bench-
mark for evaluating mathematical problem solv-
ing in Indonesian and under-represented local lan-
guages. Built on expert-verified translations of
MATH, MATH-IDN enables systematic analysis
of both accuracy and cross-lingual consistency
under controlled conditions. Our results show
that current LLMs suffer substantial performance
degradation in low-resource languages and fre-
quently exhibit language-dependent correctness.
Consistency and unique-correct analyses reveal
that reasoning success is often anchored in high-
resource languages, while pivot-language evalua-
tion provides evidence that multilingual compre-
hension, rather than mathematical reasoning, is the
dominant bottleneck. We hope MATH-IDN will
support future work on more robust and equitable
multilingual reasoning.
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5 Limitations

The current evaluation is restricted to language
models with fewer than 10 billion parameters.
This limitation primarily arises from computa-
tional and resource constraints during experimen-
tation. In addition, there are 700+ languages in
Indonesia. However, our work has only focused
on a small fraction of these languages. In addi-
tion, there are other regional languages in Indone-
sia, such as Balinese used in Bali and Minangk-
abau spoken in West Sumatra.
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