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Abstract

Large language models have made substan-
tial progress in mathematical reasoning. How-
ever, benchmark development for multilin-
gual evaluation has lagged behind English in
both difficulty and recency. Recently, GSM-
Symbolic (Mirzadeh et al., 2025) showed a
strong evidence of high variance when mod-
els are evaluated on different instantiations of
the same question; however, the evaluation was
conducted only in English. In this paper, we
introduce MGSM-Pro, an extension of MGSM
dataset with GSM-Symbolic approach. Our
dataset provides five instantiations per MGSM
question by varying names, digits and irrele-
vant context. Evaluations across nine languages
reveal that many low-resource languages suf-
fer large performance drops when tested on
digit instantiations different from those in the
original test set. We further find that models
robustness in HRL setting do not necessarily
translate to LRL. Moreover, proprietary mod-
els, such as Gemini 2.5 Flash and GPT-4.1 are
less robust to digit, whereas Gemini 3.0 Pro is
more robust. Among open models, GPT-OSS
120B and DeepSeek v3 show stronger robust-
ness. Based on these findings, we recommend
evaluating each problem using at least five digit-
varying instantiations to obtain a more robust
and realistic assessment of math reasoning. 12

1 Introduction

Large language models (LLMs) have drastically
improved in capability in recent years, particularly
on challenging knowledge-intensive and reason-
ing tasks, with open models closing the gap as
evidenced by public benchmarks (Liu et al., 2024;
Yang et al., 2025; Gemma-Team et al., 2025). How-
ever, progress in developing benchmarks for multi-
lingual settings, particularly for mathematical rea-
soning, has lagged behind English in both diffi-

1Dataset: MGSM-Pro Huggingface Dataset
2Code: MGSM-Pro

culty and recency, 3 making existing multilingual
benchmarks easily saturated and potentially prone
to memorization or being over-optimized (Shi et al.,
2022b; Chen et al., 2024).

One way to address this issue is to create
new benchmarks that are more recent, such as
MMath (Luo et al., 2025) and PolyMath (Wang
et al., 2025) often translated from existing English
benchmarks, but without modification of the num-
bers and context. However, it remains unclear
whether LLMs evaluated on these benchmarks
generalize to other similar problems. Prior evi-
dence in English shows that LLMs exhibit high
variance when presented with different instanti-
ations of the same question (known as GSM-
Symbolic) (Mirzadeh et al., 2025). We carefully
extend this finding to the multilingual setting.

In this paper, we introduce MGSM-Pro, a multi-
lingual extension of GSM-Symbolic based on the
MGSM and AfriMGSM datasets (Shi et al., 2022a;
Adelani et al., 2025) in two steps: (1) template con-
struction in English that allows easy replacement
of names and digits (2) dataset construction that
translates the template to multiple languages (with
an LLM), followed by human verification—this
helps to generate different instantiations of same
question (e.g. 5 instances).

Our results reveal a more precarious setting than
GSM-Symbolic: low-resource languages (LRLs)
experience a sharp performance drop when accu-
racy is averaged over five instances instead of a
single example, unlike high-resource languages
(HRLs). As shown in Figure 1, Gemini 3.0 Pro
and Gemini 3.0 Flash are more robust to this degra-
dation, whereas smaller-sized open models like
Gemma 3 4B and older LLMs (regardless of size)
such as Llama 3 70B struggle to maintain accuracy
relative to the original dataset. When languages

3E.g. AIME https://artofproblemsolving.com/
wiki/index.php/AIME_Problems_and_Solutions
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Figure 1: Relative decrease in accuracy from the original dataset to five instances of changing both names and
numbers and adding irrelevant context, averaged over all nine languages.

are grouped by resource level (i.e. HRL vs. LRLs),
LRLs suffer the most in terms of a huge drop in
performance and, in some cases, lose more than
a −20.0 drop in performance. Finally, we show
that leaderboard rankings can undergo substantial
changes when results are averaged over at least
five instances, with Gemini 2.5 Flash, for example,
falling from 3rd to 7th place.

Based on our findings on nine typologically di-
verse languages, we recommend that math rea-
soning evaluation should be performed on a
minimum of five instances of the same problem
by modifying digits.4 We are releasing the new
dataset (MGSM-Pro) with more instances to encour-
age a more robust evaluation. Similar to how we ex-
pect a good student that understands a sample prob-
lem to be able to solve various instances with mod-
ified digits. We expect both open LLMs and pro-
prietary LLMs to be robust to these small changes.

2 Related Work

Math Reasoning Benchmarks With the increase
of interest in evaluating a model’s logical rea-
soning capabilities, multiple English math bench-
marks have been introduced (Cobbe et al., 2021;
Hendrycks et al., 2021b; Mishra et al., 2022; Pa-
tel et al., 2021; Miao et al., 2020). Extending
the investigation into the multilingual setting, (Shi

4i.e. evaluating on 1240 instances of MGSM rather than
the 248 questions for a more robust evaluation

et al., 2022a; Adelani et al., 2025) notices weaker
model performances under low-resource language
settings. However, it is unclear if success on these
benchmarks translates to effectiveness on related
problems or memorization of the test set.

Robustness in Reasoning True logical reason-
ing requires robustness to minor variations and
noise. Several English datasets highlight signif-
icant accuracy drops in such scenarios (Shi et al.,
2023; Abedin et al., 2025; Mirzadeh et al., 2025;
Adelani et al., 2025). However, their investigations
remain limited to English. Our work introduces
MGSM-Pro, a new dataset that expands these inves-
tigations to a multilingual setting.

Re-purposing existing benchmarks Scaling la-
beled datasets across many languages remains chal-
lenging due to annotation costs and the difficulty of
constructing sufficiently challenging benchmarks.
Recent work has explored re-purposing existing
datasets to increase both their complexity and cov-
erage. For instance, SIB-200 (Adelani et al., 2024)
and Belebele (Bandarkar et al., 2024) extend the
FLORES-200 benchmark by introducing additional
labels or multiple-choice formulations, enabling
evaluation across a broader set of languages. Sim-
ilarly, MMLU-Pro (Wang et al., 2024) increases
task difficulty of MMLU (Hendrycks et al., 2021a)
by expanding the number of answer choices from
four to eight, while MMLU-ProX (Xuan et al.,
2025) further extends this framework to additional
languages. GlobalMMLU augments MMLU with
annotations that distinguish between questions re-
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Figure 2: MGSM-Pro creation diagram, illustrating both template creation and multilingual data construction steps
on a sample language.

quiring Western cultural knowledge and those that
do not. Collectively, these efforts enable more rig-
orous and scalable evaluation of large language
models across diverse languages and tasks. Build-
ing on this line of work, we introduce MGSM-Pro,
which expands the original MGSM dataset fivefold
(248 to 1,240 questions) by systematically generat-
ing new instances through controlled digit substi-
tutions. This approach enables a more robust and
fine-grained evaluation of multilingual mathemati-
cal reasoning.

3 MGSM-Pro: Creation Process

We introduce, MGSM-Pro—a multilingual exten-
sion of GSM-Symbolic based on the MGSM and
AfriMGSM datasets (Shi et al., 2022a; Adelani
et al., 2025) to nine languages with various resource
levels as defined by Joshi et al. (2020). This in-
cludes high-resource languages or HRLs (English,
Chinese, French, and Japanese; Class 5) and low-
resource languages or LRLs (Swahili, Amharic,
Igbo, Yoruba, and Twi; Classes 1–2). We also
cover six dataset variants per language. These varia-
tions are organized into two series: Symbolic (SYM)
and Irrelevant Context (IC). Each series consists of
three distinct variations.

The Symbolic Series (SYM) involves systematic
modifications to a problem’s surface features with-
out altering its logical structure. This series in-
cludes three variants:

• SYM_N, which replaces names with culturally

relevant ones;

• SYM_#, which changes numerical data; and

• SYM_N#, which varies both names and num-
bers simultaneously.

The Irrelevant Context Series (IC) mirrors the
modifications in the SYM series but introduces a
distinct layer of difficulty as it inserts an irrelevant
sentence to the problem. The resulting variants are
denoted as IC_N, IC_#, and IC_N#.

In this section, we introduce the methodology
for constructing MGSM-Pro in two steps: template
construction (§3.1) and dataset construction (§3.2).
Figure 2 shows an example of the data generation
workflow in which names and digits are first identi-
fied and replaced with multiple instances.

3.1 Template Construction

The foundation of our dataset lies in the creation of
adaptable templates. We adopt the GSM-Symbolic
framework to generate symbolic templates for 248
out of 250 English MGSM questions.5 To simplify
cross-lingual transfer, we restrict parameterization
strictly to names and numbers (i.e. SYM). Each tem-
plate includes a symbolic equation alongside vari-
able constraints to ensure that the generated com-
binations yield correct and logical answers. Once

5The remaining two were excluded because the questions
do not have digits, so it is difficult to use a template approach
that focuses on digit replacement.
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the English template is crafted, we employ Gem-
ini 2.0 Flash to generate multilingual templates.
These translations then undergo a rigorous verifi-
cation process: they are first reviewed by native
speakers, followed by automated alignment checks
against the English source. Any template failing
these checks is subject to a second round of human
correction. Finally, to enable a controlled increase
in difficulty, we build upon GSM-IC’s (Mirzadeh
et al., 2025) methodology to create irrelevant con-
text templates for every English question. The
curation of the IC sentence template follows the
methodology of (Shi et al., 2023), where we ensure
that irrelevant sentences have: 1) some related con-
nection with the problem and 2) use names found
in the question. We applied similar rigorous checks
as with the SYM templates. More details on the
template construction process are in Appendix B.

3.2 Dataset Construction

To efficiently generate a large quantity of prob-
lem instances that share the same underlying logi-
cal structure, we leverage the symbolic equations
and restrictions defined during the template phase.
This methodology enables the systematic sampling
of new numerical values that are guaranteed to
be mathematically valid and distinct from those
present in the original training data.

A limitation in previous datasets, such as MGSM
and AfriMGSM, was the reliance on direct trans-
lations, where names were frequently phonetic
transliterations of English origin. This approach
compromised the problems’ local fit and cultural
meaning. To ensure deep cultural relevance across
all languages in MGSM-Pro, we tasked native an-
notators with curating a comprehensive repository
of entities specific to their locale. This includes
categories such as cities, personal names, and com-
mon pet names, guaranteeing that the generated
problems resonate well with native speakers and ac-
curately represent the target language’s culture. For
example an annotator suggested using ’Zainabu’ as
a female name in the Swahili dataset as opposed
to ’Carla’ which was found in the original Swahili
MGSM dataset.

4 Experimental Setup and Results

4.1 Experiment Setup

Models evaluated We benchmark two broad cat-
egories of models: open and closed. For open
models, we evaluated GPT-OSS series (20B and

120B) (Agarwal et al., 2025), Gemma 2 series (9B
and 27B)(Team et al., 2024), Gemma 3 series (4B,
12B, and 27B) (Gemma-Team et al., 2025), Qwen
3 32B (Yang et al., 2025), Qwen 3.5 27B (Qwen
Team, 2026), and Deepseek V3 0324 (Liu et al.,
2024). As for proprietary models, we evaluated
Gemini 2.0 Flash, Gemini 2.5 Flash (Comanici
et al., 2025), Gemini 3 Flash, Gemini 3 Pro (Gem-
ini Team, Google, 2025), GPT-4.1 (Achiam et al.,
2023), GPT-5 (Singh et al., 2025), and Claude Son-
net 4 (Anthropic, 2025).

Each model is evaluated under a zero-shot set-
ting across six variations within the SYM and IC
series for each language. To ensure robustness,
every variation is evaluated five times using differ-
ent values, and we report the mean performance
across these iterations. We report the results of
original data (DO), IC_N, IC_# and SYM_# in the
main paper. More results can be found in Appendix
D.2.

Models configuration We set the decoding tem-
perature to 0.1 for all models, except GPT-5 which
only supports a temperature of 1. The maximum
output length is 4096 tokens for all models. Also,
to ensure the fairest possible comparison, we dis-
able thinking mode whenever possible. For the five
models that do not support non-thinking (GPT-5,
Gemini 3.0 Flash, Gemini 3.0 Pro, GPT-OSS 120B,
and GPT-OSS 20B), we set the thinking budget to
be the lowest possible setting.

Prompt The prompt is structured to ensure the
model adheres to the CoT format while includ-
ing clear instructions to help numerical result cap-
ture. Our prompt suggests thinking in English since
previous works show LLM reason better in En-
glish (Tam et al., 2025; Qi et al., 2025). However,
we discuss the impact of using native language in
the result, with consistent conclusions (§5.1).

Evaluation Prompt

Explain your reasoning step by step in clear
English to solve the problem.
Your response should end with the final nu-
merical answer, without including units.
Question: {question}

4.2 Results
4.2.1 Main results
Table 1 and Table 2 show the results of five closed
and five open LLMs respectively. The models in-
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Gemini 2.5 Flash Gemini 3.0 Pro Claude 4 Sonnet GPT-4.1 GPT-5 ∆ Ave. ∆ Med.

Language DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# – –

English 96.8 94.6 83.1 81.0 98.0 96.2 94.4 93.2 98.0 96.0 91.5 90.4 96.4 91.7 81.5 79.6 96.8 93.3 92.8 88.0 −10.7 −8.8

Chinese 89.9 89.0 78.0 79.0 93.5 93.1 93.2 93.5 93.1 91.9 88.7 88.5 89.9 90.6 78.6 76.8 92.3 91.9 89.3 88.4 −6.5 −4.7

French 91.5 87.1 77.5 73.8 90.7 89.7 88.6 87.2 91.5 90.4 86.4 85.3 88.7 85.5 75.9 74.5 89.9 88.4 85.4 84.2 −9.5 −6.2

Japanese 86.7 83.9 74.9 73.1 90.7 89.4 87.6 88.0 89.9 84.8 83.1 81.5 87.1 83.6 74.8 74.1 90.7 84.1 83.6 82.6 −9.2 −8.5

Swahili 91.5 89.9 80.3 78.7 97.6 93.9 93.0 92.4 91.9 90.9 85.1 84.4 91.5 89.0 79.8 77.5 90.7 92.4 87.7 89.3 −8.2 −7.5

Amharic 81.9 81.9 71.0 70.2 87.5 85.4 83.2 83.0 82.3 81.5 74.5 73.1 68.1 68.2 53.0 51.2 71.8 74.0 67.6 70.1 −8.8 −9.2

Igbo 81.5 79.7 68.6 66.6 89.9 87.5 82.1 81.2 78.2 76.7 68.1 66.0 79.0 71.3 58.5 54.0 79.8 74.5 70.2 66.7 −14.8 −13.1

Yoruba 83.9 79.4 69.7 68.1 86.3 85.7 83.1 80.9 77.4 73.7 67.9 66.0 72.6 69.6 59.8 55.6 74.6 73.5 67.7 68.9 −11.2 −11.4

Twi 65.3 61.9 51.5 49.6 77.8 74.9 70.6 69.1 52.8 46.0 43.2 36.2 41.9 36.9 31.5 28.4 46.8 43.1 38.5 37.9 −12.7 −13.5

Average 85.4 83.0 72.7 71.1 90.2 88.4 86.2 85.4 83.9 81.3 76.5 74.6 79.5 76.3 65.9 63.5 81.5 79.5 75.9 75.0

Table 1: Different closed models’ accuracy across dataset variations (SYM_#, IC_N, IC_#) and original (DO). Cells
are shaded by how far each variant falls below its row’s DO within the same model group; values at or above DO

are left white. We report the Average (Ave.) and Median (Med.) of ∆(IC_#−DO) taken across the five models.

Gemma 3 27B Qwen 3 32B Qwen 3.5 27B DeepSeek V3 GPT-OSS 120B ∆ Ave. ∆ Med.

Language DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# DO IC_N SYM_# IC_# – –

English 95.6 93.3 81.6 77.6 89.1 87.3 87.7 86.5 98.4 94.2 93.8 90.7 98.4 94.3 92.7 89.7 96.4 93.9 93.5 92.1 −8.3 −7.7

Chinese 87.9 85.5 75.2 72.3 89.9 88.8 87.8 88.1 89.9 90.1 87.3 83.9 92.3 91.4 89.9 88.1 91.5 90.6 90.2 89.7 −5.9 −4.2

French 89.1 84.5 73.4 69.9 89.5 87.6 86.3 84.0 91.1 87.2 87.2 84.1 90.7 88.7 87.8 85.7 90.7 88.7 86.5 86.5 −8.2 −5.5

Japanese 85.1 79.4 71.1 64.6 88.7 85.2 84.8 83.3 87.5 80.1 76.0 72.1 88.7 83.0 79.8 79.8 89.1 85.2 85.2 83.9 −11.1 −8.9

Swahili 89.1 85.4 72.2 71.2 78.2 71.0 73.6 67.3 91.9 88.5 88.1 84.9 90.7 89.6 86.3 84.0 84.7 82.2 81.5 79.6 −9.5 −7.0

Amharic 71.4 70.2 57.4 55.1 42.7 39.4 37.7 33.6 77.0 76.0 68.1 67.4 76.2 73.5 71.9 66.0 60.9 57.7 58.5 53.7 −10.5 −9.6

Igbo 64.1 54.0 50.0 41.3 19.8 14.9 14.7 10.0 73.8 70.8 69.5 62.9 73.8 67.8 64.6 58.0 77.4 73.3 67.7 64.7 −14.4 −12.7

Yoruba 44.4 40.5 38.2 31.4 26.6 17.3 23.1 14.0 74.6 70.0 69.3 63.2 66.1 58.0 57.1 52.7 76.2 66.9 66.1 61.3 −13.0 −13.0

Twi 18.1 10.4 13.4 9.3 5.6 3.5 4.6 2.2 37.5 27.4 31.3 25.4 48.0 36.9 38.0 28.1 44.8 37.7 39.0 31.5 −11.5 −12.1

Average 71.6 67.0 59.2 54.7 58.9 55.0 55.6 52.1 80.2 76.0 74.5 70.5 80.6 75.9 74.2 70.3 79.1 75.1 74.2 71.4

Table 2: Different open models’ accuracy across dataset variations (SYM_#, IC_N, IC_#) and original (DO). Cells
are shaded by how far each variant falls below its row’s DO within the same model group; values at or above DO

are left white. We report the Average (Ave.) and Median (Med.) of ∆(IC_#−DO) taken across the five models.

clude Gemini 2.5 Flash, Gemini 3.0 Pro, Claude 4
Sonnet, GPT-4.1, GPT-5, Gemma 3 27B, Qwen 3
32B, Qwen 3.5 27B, DeepSeek V3, and GPT-OSS
120B. We highlight the main findings below.

LLM performance is less sensitive to name vari-
ation Simply changing the names of people or
items (i.e. SYM_N setting) does not necessarily hurt
performance.However, when irrelevant contexts are
added (i.e. IC_N), there is little drop. In general,
IC_N is more challenging for LRLs such as Twi,
Igbo, or Yoruba than HRLs. Also, we find pro-
prietary models to be more robust to this drop.
For example, on average, Gemini 3.0 Pro accu-
racy on all languages dropped by −1.8 while open
models such as DeepSeek V3 and GPT-OSS 120B
dropped by −4.7 and −4.0 respectively. Full result
for SYM_N is in Appendix D.2, omitted in main
table due to space constraint.

Numerical variation leads to huge drop in per-
formance While name variation leads to a small
drop, changing numbers used in the questions leads
to a huge drop in performance especially when
combined with irrelevant contexts. All models
dropped by at least −6.5 points under the IC_#

setting, except for the top-performing model Gem-
ini 3.0 Pro.

High-resource languages are more robust to
variations From Table 1 and Table 2, we observe
that overall models are less robust in LRL setting
than HRL setting. For instance, the median accu-
racy drop on Twi is -12.1 and -13.5 for open and
closed models, respectively. On the other hand,
Chinese only exhibits -4.2 and -4.7 for open and
closed models, respectively.

More capable recent models are more robust
Figure 3 corroborate the finding that the LRL are
less robust. Here, we show the comparison of the
relative accuracy drop across models on HRLs and
LRLs. Across all models, LRL settings have larger
drop than the HRL settings, indicating that model
robustness differs per language, and LRLs suffer
more. We find the more recent Gemini 3.0 Flash to
be more robust than Gemini 2.5 Flash, this shows
newer LLMs are improving in robustness. In addi-
tion, we also find similar result comparing Qwen 3
32B and Qwen 3.5 27B.
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Figure 3: Comparison of relative accuracy decrease from HRL and LRL Do, averaged across six variants of
MGSM-Pro. Models are sorted in descending order of average accuracy drop.

(a) Gemma 3 Family (b) GPT-OSS Family

Figure 4: Relative Accuracy Drop Across Model Families. The figures illustrate the relative decline in accuracy
for (a) the Gemma-3 family and (b) the GPT-OSS family. The drop is measured from the original dataset to two
configurations: IC_N# and SYM_N#, averaged over nine languages.

Model size do not correlate to robustness Fig-
ure 4 shows the effect of scaling of model sizes
and robustness to change in names and numbers
(IC_N#). There is no clear pattern across differ-
ent model architectures. For the Gemma family
of models, the drop in performance gets worse
as the model parameters increase from 4B, 12B,
and 27B (Figure 4a). However, for GPT-OSS, we
have the opposite trend where bigger model size is
more robust to the performance drop (Figure 4b).
Surprisingly, we find GPT-OSS 120B to be more
robust to degradation than GPT-4.1 which may be
of bigger parameter size since it is a closed model.
These findings suggest that model robustness is not
a direct result of model size but rather other factors,
maybe such as training recipes.

4.2.2 Reliability of Leaderboard ranking

Five evaluations provide stability Most leader-
board rankings for math reasoning are based on one
instance. However, our results in Table 3 demon-
strate that single-instance rankings are unstable as

there are substantial shifts once models are eval-
uated across multiple distinct instances of IC_N#.
To identify a reliable evaluation protocol, we exam-
ine average accuracy, ranking volatility, and 95%
confidence interval (CI) widths across three, five,
and ten instances (AVG-3, AVG-5, and AVG-10).
While evaluating across multiple instances is essen-
tial for robust leaderboard ranking, we notice that
AVG-3 yields confidence intervals that are roughly
twice as wide as those in AVG-5. Moreover, four of
the top ten models continue to shift rank as we ex-
tend the number of evaluated instances from three
to five. In contrast, AVG-5 substantially stabilizes
the leaderboard, and scaling further to AVG-10
yield similar ranking to the AVG-5 setting. These
findings are interesting, since varying the questions
with five instances already gave a more robust, and
realistic estimation of math reasoning for the lan-
guage and LLM. We therefore recommend math
reasoning evaluation should use AVG-5 setting as
the default.
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All Language High-Resource Low-Resource

Model DO Avg-3 Avg-5 Avg-10 Avg-5 Avg-5

5 % 5 � % ± 5 � % ± 5 � % ± 5 % ± 5 % ±

Gemini 3.0 Pro 1 90.2 1 – 84.2 2.7 1 – 84.1 1.5 1 – 84.2 0.9 1 89.6 1.3 1 79.7 1.6
Gemini 3.0 Flash 2 89.2 2 – 82.6 2.3 2 – 82.3 1.5 2 – 82.4 0.8 2 89.5 1.5 2 76.5 1.5
Gemini 2.5 Flash 3 85.4 6 � 70.3 3.3 7 � 70.1 1.8 7 – 69.6 1.1 12 75.4 1.6 3 65.8 2.0
Claude 4 4 83.9 3 � 74.3 3.2 3 – 74.2 1.5 3 – 73.9 1.0 4 85.9 1.4 4 64.8 1.6
Gemini 2.0 Flash 5 83.4 9 � 68.4 4.4 9 – 68.3 2.3 9 – 67.8 1.5 10 76.2 1.8 6 62.0 2.7
GPT-5 6 81.5 5 � 70.4 4.1 4 � 73.3 2.0 4 – 73.5 1.1 7 84.4 1.8 5 64.5 2.2
DeepSeek V3 7 80.6 4 � 73.3 3.5 5 � 70.5 1.6 6 � 70.7 1.1 5 85.6 1.6 8 58.4 1.6
Qwen 3.5 27B 8 80.2 8 – 69.3 4.1 8 – 69.4 1.9 8 – 69.4 1.1 8 81.5 2.0 7 59.8 1.9
GPT 4.1 9 79.5 10 � 63.4 3.5 10 – 63.2 1.8 10 – 63.1 1.1 11 75.9 1.6 10 53.1 1.9
GPT-OSS 120B 10 79.1 7 � 70.2 4.0 6 � 70.4 1.7 5 � 70.8 1.1 3 86.4 1.5 9 57.6 1.9
Gemma 3 27B 11 71.6 11 – 54.4 4.3 11 – 54.6 2.0 11 – 53.9 1.5 13 70.8 2.0 11 41.6 2.0
GPT-OSS 20B 12 67.0 12 – 52.3 3.4 12 – 52.3 1.8 12 – 52.5 1.1 9 78.9 1.5 13 31.1 2.1
Gemma 3 12B 13 66.3 14 � 49.3 3.2 14 – 49.4 1.9 14 – 49.3 1.1 14 66.9 2.2 12 35.4 1.6
Gemma 2 27B 14 62.0 15 � 34.6 3.1 15 – 34.4 2.0 15 – 34.2 1.2 16 47.4 2.4 15 24.0 1.6
Qwen 3 32B 15 58.9 13 � 51.2 2.8 13 – 51.2 1.4 13 – 51.2 1.0 6 84.6 1.6 14 24.4 1.2
Gemma 2 9B 16 52.9 17 � 30.2 4.3 17 – 30.0 2.4 17 – 30.2 1.3 18 44.6 2.5 16 18.4 2.3
Llama 3 70B 17 51.8 18 � 27.8 3.8 18 – 27.7 1.9 18 – 27.7 1.2 17 46.2 2.4 18 12.9 1.6
Gemma 3 4B 18 48.9 16 � 31.6 3.2 16 – 32.1 2.0 16 – 32.0 1.3 15 52.6 2.4 17 15.6 1.7

Table 3: Model ranking and average accuracy on IC_N# under various resource levels, with 3, 5, and 10 instances
per problem. Sub-columns include: 5 rank, � rank change vs. the preceding metric (� rise, � fall, – unchanged),
% accuracy, ± half-width of the 95% confidence interval. Rows are sorted by DO rank.

High and low resource leaderboard rankings
Table 3 shows the model rankings on five instances
of IC_N# for both HRLs and LRLs. Interestingly,
the rankings across the two settings differ greatly.
On LRLs, Gemini 3.0 Pro, 3.0 Flash, and 2.5 Flash
take the top three spots. Meanwhile, DeepSeek
V3 and GPT-OSS 120B trail in eighth and ninth
place, respectively. Under the HRL setting, how-
ever, Gemini 2.5 Flash’s ranking drops significantly
to twelveth place. At the same time, DeepSeek V3
and GPT-OSS 120B rise to rank four and three,
respectively. This indicates that mathematical ro-
bustness under HRL do not translate to LRL.

5 Discussion

While in the Result section (§4.2), we focused on
performance degradation and ranking instability
across model families, the underlying mechanisms
behind this lack of robustness has not been inves-
tigated. In this section, we examine two key ques-
tions: 1) how reasoning in the target “native” lan-
guage compared to English impacts model reason-
ing robustness (subsection 5.1), and 2) how individ-
ual factors such as linguistic understanding, logical
deduction, and arithmetic capability contribute to
model failure (subsection 5.2).

5.1 Effect of Language Choice on Reasoning
One natural question is the effect of language
choice on the performance of LLM when they are
asked to reason in “native” language rather than in

“English”. While there is several evidence showing
that prompting the LLM in English tends to give
worse performance especially for low-resource lan-
guages (Tam et al., 2025; Qi et al., 2025), we need
to verify if asking the model to reason in native
language reduces robustness. While all results
reported are from English-solve setting, we also
evaluated models under native-solve setting via the
prompt below. Due to computational restraints, we
limit our evaluation on DeepSeek V3 and Gemini
2.5. We selected DeepSeek-V3 and Gemini 2.5 to
contrast opposing model profiles: DeepSeek-V3 of-
fers stronger mathematical reasoning with narrower
linguistic coverage, whereas Gemini 2.5 provides
broader multilingual support.

Native Evaluation Prompt

Explain your reasoning step by step in the
problem’s native language to solve the prob-
lem.
Your response should end with the final nu-
merical answer, without including units.
Question: {question}

Does Native reasoning yield similar conclusions
as English reasoning? Table 4 compares both
models under native reasoning and English reason-
ing on SYM_# setting. As previous work pointed
out, the average performance of “Native solve” is
lower than “English solve”. More importantly, we
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Languages DeepSeek V3 Gemini 2.5 Flash

English Solve Native Solve English Solve Native Solve

DO Sym_# ∆ DO Sym_# ∆ DO Sym_# ∆ DO Sym_# ∆

English 98.4 92.7 -5.7 97.6 91.8 -5.8 96.8 83.1 -13.7 95.2 83.8 -11.4
Chinese 92.3 89.9 -2.4 93.2 90.3 -2.9 89.9 78.0 -11.9 90.0 79.3 -10.7
French 90.7 87.8 -2.9 90.8 86.0 -4.8 91.5 77.5 -14.0 90.8 79.0 -11.8
Japanese 88.7 79.8 -9.0 89.6 82.8 -6.8 86.7 74.9 -11.8 88.0 74.4 -13.6
Swahili 90.7 86.3 -4.4 88.4 82.7 -5.7 91.5 80.3 -11.2 90.4 78.4 -12.0
Amharic 76.2 71.9 -4.4 72.0 69.9 -2.1 81.9 71.0 -10.9 82.8 68.1 -14.7
Igbo 73.8 64.6 -9.2 71.2 61.3 -9.9 81.5 68.6 -12.8 80.4 65.9 -14.5
Yoruba 66.1 57.1 -9.0 62.4 53.7 -8.7 83.9 69.7 -14.2 81.2 65.9 -15.3
Twi 48.0 38.0 -10.0 46.4 37.7 -9.4 65.3 51.5 -13.9 67.2 51.0 -16.2

Ave. 80.5 74.2 -6.3 79.1 72.8 -6.3 85.4 72.7 -12.7 85.1 71.8 -13.4

Table 4: Comparison of native and English solve on 5-instances of SYM_# with Deepseek V3 and Gemini 2.5.
We report ∆(SYM_# −Do)

DeepSeek V3 Gemini 2.5 Flash

Language � j y � j y

English 1.2 5.2 4.0 0.8 4.8 14.8
Chinese 4.0 8.4 2.4 5.2 8.4 15.2
French 3.5 4.8 3.6 3.2 8.8 16.0
Japanese 9.2 13.6 4.8 6.8 7.2 13.2

Swahili 7.2 12.8 3.6 4.8 7.6 10.0
Amharic 19.2 20.8 5.6 10.4 13.2 12.4
Igbo 26.0 23.6 3.6 22.0 18.0 10.0
Yoruba 39.6 31.2 6.0 18.4 15.6 11.2
Twi 62.0 52.4 3.2 39.2 30.0 10.8

Table 5: Error analysis of LLM models: DeepSeek
V3 and Gemini 2.5 Flash across high- and low-resource
languages via GPT-5.4 as a judge. Errors rates (%) are
categorized into LINGUISTIC (�), LOGIC (j), and
ARITHMETIC (y).

observe similar patterns in native-reasoning in com-
parison to English-reasoning, where LRLs observe
a sharper drop in performance than HRLs. Inter-
estingly, the drop in accuracy (i.e. ∆(SYM_# −Do)
is very similar with only a few exceptions: For
DeepSeek, the drop in performance is smaller for
Japanese and Amharic, languages with non-Latin
scripts, while for Gemini 2.5 Flash, the difference
of ∆ is often less than ±2.

Statistical Significance of the English-Native
Reasoning Gap To verify whether the accuracy
drop for both model accuracies due to the change
of reasoning language from English to Native is
statistically significant, we employ McNemar’s test.
Precisely, we pair each English-solve response with
its corresponding Native-solve response for the
same problem across all 1,240 questions per lan-
guage (248 questions × 5 instances) and test the

one-sided hypothesis that English is correct more
often than Native on the resulting discordant pairs,
at α = 0.05.

Across both DeepSeek-V3 and Gemini-2.5-flash,
the accuracy decrease from English to Native-
solve is statistically significant for low-resource
languages, including Swahili, Yoruba, Igbo and
Amharic. In contrast, performance drops for high-
resource languages like English and Chinese re-
main statistically insignificant. These results high-
light the critical role of language familiarity for
model reasoning. Interestingly, we notice that
Twi’s accuracy drop from English to Native-solve
is not statistically significant for both models de-
spite having the lowest absolute accuracy of any
language under both models. This is most likely be-
cause the Twi dataset is hard for both English and
native solve settings, and hence models perform
similarly despite switching reasoning language.

5.2 Disentangling Linguistic, Logical, and
Arithmetic Failures

Table 5 compares the errors made by DeepSeek V3
and Gemini 2.5 on SYM_#, classifying them into
three types: linguistic misunderstandings, logical
reasoning errors, and arithmetic errors. Each ques-
tion can be labeled with more than one error type,
since the categories are not mutually exclusive. A
clear pattern emerges: linguistic errors increase
substantially as we move from high-resource to
low-resource languages. This trend is especially
pronounced for DeepSeek V3, whose linguistic er-
ror rate rises from below 10% on all high-resource
languages to 62.0% on Twi. Gemini 2.5 Flash
shows the same trend but with consistently lower
linguistic error rates, suggesting stronger multilin-
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Figure 5: GPT-OSS 20B average accuracy over all lan-
guages on DO, IC_N, SYM_#, and IC_# under 0-shot and
8-shot prompting.

gual comprehension under distribution shift. We
also observe that these initial linguistic errors fre-
quently propagate into logical reasoning failures,
ultimately leading to incorrect answers.

In contrast, the arithmetic error rates for both
models remain relatively stable across languages,
indicating that calculation abilities are largely un-
affected by language shift. Overall, this suggests
that the multilingual nature of MGSM-Pro adds a
new layer of difficulty that directly impacts model
robustness, as ultimately, a model’s performance
relies on both its arithmetic capability and its famil-
iarity with the target language.

Furthermore, we validate the reliability of the
LLM judge’s error classification via human verifi-
cation. More details are discussed in Appendix D.

5.3 Does few-shot prompting improve
robustness?

Figure 5 compares GPT-OSS 20B under 0-shot
and 8-shot prompting on DO, IC_N, SYM_#, and
IC_#, averaged across all languages. We only con-
ducted few-shot experiments on GPT-OSS 20B
because the other models often performed worse
under few-shot prompting than in the zero-shot
setting. For all settings, the 8-shot examples are
drawn from the original training set of each respec-
tive MGSM/AfriMGSM language. We have also
experimented with appending irrelevant context
to these exemplars (forming "IC-few-shot" exem-
plars) when evaluating models under the IC series.
However, we found that the results were similar to
the original few-shot setup.

On DO, 8-shot prompting yielded only a modest
accuracy improvement of +0.8. However, the im-
pact of few-shot prompting was substantially larger
for IC_N, SYM_#, and IC_#. The largest gains were

observed in the irrelevant-context setting, where
performance improved by more than +5.0 on av-
erage across languages. The improvement for the
SYM_# setting was smaller but still appears signifi-
cant. These findings suggest that few-shot prompt-
ing can partially recover math reasoning perfor-
mance degraded by irrelevant contexts and digit
substitutions. Nevertheless, performance in both
the zero-shot and few-shot settings remains below
that of the original DO benchmark. This calls for
a better strategy in improving mathematics robust-
ness in multilingual settings. We provide the full
results are in D.1.

6 Conclusion

In this paper, we investigated the robustness of
LLM evaluation for math reasoning when pre-
sented with multiple instantiations of the same
question by varying names, digits and adding ir-
relevant contexts. We developed MGSM-Pro, an
extension of MGSM with five new instances per
question to encourage more robust and realistic
evaluation across nine typologically diverse lan-
guages. All LLMs experienced significant drops
in performance, especially for low-resource lan-
guages. Furthermore, our findings reveal that rea-
soning robustness in high-resource languages does
not transfer to low-resource settings as linguistic
understanding, logical reasoning, and arithmetic
capabilities are equally important for a robust mul-
tilingual math reasoner.

7 Limitations

Our study has a few limitations. First, our dataset
covers a relatively small set of nine languages due
to resource constraints. The construction process
requires significant human labor to verify each of
the 248 questions when converted to templates, tak-
ing almost 12 hours per language for verification.
However, our approach can be easily extended to
other languages, provided the resource. Expand-
ing MGSM-Pro to other languages such as Tamil
would provide a more complete picture of multi-
lingual mathematical robustness. Moreover, our
evaluation covers only 18 models because of the
limited compute budget. It remains to be seen how
other model families, such as Kimi, would perform.
Moreover, it will be interesting to see how varying
thinking mode can different thinking models can
affect model robustness in MGSM-Pro.
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A Dataset Details

A.1 Dataset Statistics

MGSM-Pro contains 9 languages, each with six
dataset variants. Within each variant, we generate
5 separate subsets. Each of these subsets consists of
248 generated questions of the 250 original ques-
tions from the baseline evaluation dataset. Two
questions are left out (problems 86 and 153) be-
cause it is impossible to craft 5 problem variations
by changing digits. Since these two problems ex-
press all quantities exclusively as words and con-
tain no numerical digits, they could not be used
to generate the required variations as our SYM_#
dataset varies only the digits from the original prob-
lem and not the numerical words for simplicity.
The templates left out are the following:

Template 86

{name_male, Greg} has an alarm set to ring
three times a day as a reminder. When the
alarm goes off, it continues to ring until
{name_male, Greg} turns it off. The first
time it went off today, it rang four times.
The second time it went off, it rang for three
times as long as the first time. The third time,
it rang for half as long as the second time.
How many times did the alarm ring in all?

Template 153

{name_male, Dave} bought a large pack of
french fries and ate fourteen before a hungry
seagull stole the pack out of his hand. When
the seagull landed, he gobbled down half
the amount of french fries that {name_male,
Dave} ate. Then three pigeons bullied him
away from the food, and each pigeon ate
three fries. Later, a raccoon stole two thirds
of the remaining fries. Ants carried off a
final french fry, leaving five behind. How
many french fries were in the pack when
{name_male, Dave} bought it?

Now, to determine the number of questions per
language and dataset variant combination (SYM_#,
SYM_N#, SYM_N, IC_#, IC_N#, IC_N), we calculate
a total of 1,240 questions (5 instances * 248 ques-
tions). To find the total questions per language, we
multiply this by the six variants, resulting in 7,440
questions per language (1,240 questions * 6 vari-

ants). Finally, across all 9 languages, the complete
MGSM-Pro dataset comprises of 66,960 generated
instances (7,440 questions * 9 languages).

A.2 Language Details

The resource levels and language families of the
nine languages in MGSM-Pro are shown in Table
6.

Language Code Language Family Joshi Class
English eng_Latn Indo-European Class 5
Chinese zho_Hans Sino-Tibetan Class 5
French fra_Latn Indo-European Class 5
Japanese jpn_Jpan Japonic Class 5
Swahili swh_Latn Niger-Congo Class 2
Amharic amh_Ethi Afro-Asiatic Class 2
Igbo ibo_Latn Niger-Congo Class 1
Yoruba yor_Latn Niger-Congo Class 2
Twi twi_Latn Niger-Congo Class 1

Table 6: Selected languages categorized by ISO code,
linguistic family, and resource availability (Joshi Class).

A.3 Name Categories

To localize the templates, annotators for each lan-
guage compiled a list of eight noun categories (e.g.,
male names, city names) and provided 20 cultur-
ally relevant examples per category. For instance,
under the city category of the Swahili list, a city
that mainly speaks Swahili, "Dar es Salaam” is in-
cluded. Table 7 illustrates the domains and specific
name types extracted from the original problems.

Domain Name Types
People Male name, Female name, Family name
Places City name, Mountain name
Pet Dragon name, Dinosaur name, Cat name

Table 7: Grouped name variables categorized by domain

A.4 IC Template Construction

Each question in the MGSM-Pro dataset is paired
with a corresponding IC sentence template. The cu-
ration of IC sentence template follows the method-
ology of (Shi et al., 2023), where we ensure that
irrelevant sentences have: 1) some related con- nec-
tion with the problem and 2) use names found in
the question. An example of a problem template
with its corresponding IC template is shown below.
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Problem Template

{ name_female , Janet}’s ducks lay
{ num_digit_1 , 16} eggs per day. She eats
three for breakfast every morning and bakes
muffins for her friends every day with four.
She sells the remainder at the farmers’
market daily for ${ num_digit_2 , 2} per
fresh duck egg. How much in dollars does
she make every day at the farmers’ market?

Corresponding IC Template

{ name_female , Janet}’s uncle brings 41 ap-
ples to her every week.

B Annotation Protocol

All multilingual templates are first translated from
the English template via Gemini 2.0 Flash. After-
wards, they are reviewed by a native speaker. Then,
all annotated templates were subjected to an au-
tomated verification against the original English
source template. Any templates that fail the au-
tomated check was flagged for another round of
annotation with the native annotator and main au-
thor. We discuss each component of the process in
more detail below.

B.1 LLM Template Construction Prompt

The prompt used to translate multilingual template
is as follow:

LLM Template Translation Prompt

Your task is to convert an English template
into a native-language template, preserving
all placeholder formats. Do not change the
ordering of words of the output sentence,
just label them with brackets as shown
below:
Input:
- English template (with placeholders)
- Native sentence (no placeholders)
Output:
- Native sentence with the same placeholders,
matching values and positions.
Placeholder formats:
- Names: {name_male, xxx}, {name_female,
xxx}
- Digits: {num_digit, xxx}
Guidelines:
1. Tag all placeholders from English in the
native sentence.
2. Names may differ across languages (e.g.
James → Jacques) — match by position.
3. Always tag the first word if it’s a person
name.
4. Do not reword the native sentence in
any way, you should just be inserting the
variable names and brackets

Input: {english template}
Native: {native question}
Output:

B.2 Template Correction Process with
Annotators

To ensure template quality, the lead author con-
ducted on-boarding sessions with each annotator
to clarify the guidelines, answer questions, and
resolve any early annotations that deviated from
the criteria. The MGSM-Pro annotation process
is divided into two main tasks: 1) correcting na-
tive templates and 2) providing native names. The
instructions for both tasks are shown below, respec-
tively.

The proportion of questions requiring correction
varies substantially across languages, as shown in
Table 8. Higher-resource languages such as Chi-
nese, French, and Japanese required edits to fewer
than 10% of templates, whereas the lower resource
languages (Swahili, Amharic, Igbo, Yoruba, and
Twi) required corrections to roughly two-thirds or
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more of their templates.

Language Template Correction Rate (%)

English –
Chinese 4.4
French 7.6
Japanese 9.2
Swahili 72.4
Amharic 67.2
Igbo 71.2
Yoruba 70.8
Twi 70.4

Table 8: Percentage of templates requiring correction by
native annotators, per language. English is the source
language and therefore not applicable.

B.2.1 Annotator Template Correction
Instruction

For each problem template
↪→ correction , 3 items will be
↪→ provided for you to use.

1. English Template
This is the gold template. You

↪→ should make sure the native
↪→ language template is as
↪→ similar to the english
↪→ template as possible.

2. Original Native Question
This is the original native

↪→ question in the dataset.
↪→ You should use this as a
↪→ reference alongside the
↪→ English template to judge
↪→ if the Native language
↪→ template is correct.

3. Native Language Template
This is a machine -created native

↪→ language template. It could
↪→ very likely contain errors
↪→ . This is the template that
↪→ you will judge if it is
↪→ correct or not.

Below are the five critierias the
↪→ native language template
↪→ must achieve in order to be
↪→ considered as correct.

1. Native Language Templates will
↪→ need to contain the
↪→ original question. I.E. the
↪→ wording of the native
↪→ template should not change
↪→ from the native question ,
↪→ the template should only be
↪→ adding in the variable
↪→ names. If this is not the
↪→ case , you should ignore the
↪→ Native Language Template
↪→ and please provide the new
↪→ annotated template inside
↪→ the correction column

2. No missing variable annotation
↪→ . I.E. all names or digits
↪→ tagged in English template
↪→ is tagged in the native
↪→ language template. You
↪→ should add the
↪→ corresponding {type , value}
↪→ annotation around the
↪→ target language word or
↪→ number.

3. No extra annotation. I.E.
↪→ there is no extra variables
↪→ annotated in the
↪→ translation but was not in
↪→ the English template. You
↪→ should remove any { }
↪→ markers around words or
↪→ numbers that were not
↪→ annotated in English.

4. No incorrect bracket {} span.
↪→ I.E. the annotated span is
↪→ not too long or too short.
↪→ You should adjust the
↪→ braces so they exactly
↪→ enclose the intended word
↪→ or number , matching the
↪→ English span.

B.2.2 Annotator Native Name Annotation
Instruction

You will be given eight types of
↪→ name.
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You will need to provide 10 names
↪→ to these name types that
↪→ fit into your native
↪→ language. The name should
↪→ be relevant to your
↪→ specific language and not
↪→ English names. However , if
↪→ there are more than one and
↪→ less than 10 unique names
↪→ for a specific name
↪→ cateogry , it is fine to
↪→ provide less. Moreover , if
↪→ there are no native names
↪→ for a specific name
↪→ category , you can provide
↪→ english substitute.

The list of name types are as
↪→ follows:

Male name , Female name , Family
↪→ name , City name , Mountain
↪→ name , Dragon name , Dinosaur
↪→ name , Cat name

B.3 Template Automated Alignment Checks

After the annotators first round of correction on
the native templates, each template will go through
a round of automated alignment checks to ensure
template quality. Specifically, three criteria were
evaluated:

1. Variable frequency: Variables such as
{name_...} and {num_...} must appear the
same number of times in the native template
as they do in the English template.

2. Syntax accuracy: There must be no typo er-
rors in the variable names of the native tem-
plate(e.g. misspelling of {nam_...}).

3. Variable consistency: No new variables
should be introduced in the native template
that did not exist in the English source.

Any template that fails the automated checks is
flagged for the next round of annotation with the
native annotator and main author.

C Model Evaluation Configuration

All models have a decoding temperature of 0.1, and
the only exception is GPT-5 where it only takes in

Misjudg. Lang. Logic Arith.

Human 1 98.25 96.49 96.49 100.0
Human 2 100.0 96.49 98.25 100.0

Table 9: Human–model agreement rates (%) on error
classification for Chinese. Misjudg. = Misjudgment,
Lang. = Language Understanding, Logic = Logical Rea-
soning, Arith. = Arithmetic Calculation.

Misjudg. Lang. Logic Arith.

Human 1 98.68 96.05 92.11 98.68
Human 2 100.0 100.0 90.67 98.67

Table 10: Human–model agreement rates (%) on error
classification for Yoruba. Column abbreviations as in
Table 9.

a decoding temperature of 1.0. All models have a
max token count of 4096. Prompt format is consis-
tent across all models, where system prompts are
not used and only a single user prompt is used per
request.

D Validate LLM-as-judge Error Analysis

To validate the reliability of the LLM judge’s error
classifications, we conducted human verification
on two languages: Chinese (high-resource) and
Yoruba (low-resource). This verification process
evaluated the outputs of Gemini 2.5, with two hu-
man annotators assigned per language. Each anno-
tator independently examined all errors made by
Gemini 2.5 within a single SYM_# dataset of 248
problems to determine if they agree with the deci-
sions made by the GPT-5.4 judge. The results show
a very strong human-model agreement, exceeding
96% across all evaluated cases, refer to Table 9 and
Table 10.

D.1 0-Shot VS 8-Shot Results

Table 11 illustrates the 0-Shot vs 8-Shot perfor-
mance of GPT-OSS-20B on 4 different dataset set-
tings.

D.2 Full Experiment Results

We report IC_N, SYM_#, and IC_# in Table 1 and Ta-
ble 2 because these three capture the overall trends.
The appendix results follow a consistent pattern:
changing only names barely affects performance,
while changing numbers or adding irrelevant con-
text leads to much larger drops. Changing both
names and numbers (SYM_N#/ IC_N#) yields results
close to changing numbers alone (SYM_#/ IC_#),
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Lang. Do Sym# ICN IC#

0-S 8-S 0-S 8-S 0-S 8-S 0-S 8-S

English 95.6 97.6 88.9 91.1 87.7 93.0 80.6 86.8
Chinese 89.1 88.7 84.4 86.6 86.6 88.1 81.9 84.0
French 87.9 87.5 84.1 84.6 85.6 87.3 81.9 82.7
Japanese 85.1 85.5 81.3 80.8 79.0 82.0 77.2 79.8
Swahili 74.6 73.0 66.2 68.7 61.5 68.5 53.9 61.5
Amharic 39.5 44.0 32.4 36.8 28.1 36.9 22.4 32.2
Igbo 56.0 60.1 47.2 49.9 47.1 55.4 37.3 44.8
Yoruba 52.0 49.6 39.8 41.5 38.6 44.4 30.3 35.8
Twi 23.0 24.2 16.6 21.2 13.4 19.8 11.6 16.4

Ave. 67.0 67.8 60.1 62.4 58.6 63.9 53.0 58.2

Table 11: 0-Shot(0-S) and 8-Shot(8-S) performance
across Do, SYM_#, IC_N, and IC_# for various languages
for GPT-OSS-20B

so IC_N, SYM_#, and IC_# are sufficient to show
where the degradation comes from.

Moreover, the 10 models shown in Table 1 and
Table 2 were chosen because they are the 10 high-
performing closed-source and open-source models.
The 8 weaker models display similar trends with a
steeper performance drop across the MGSM-Pro
dataset. The full results are shown in Table 12,
Table 13, Table 14, Table 15, Table 16, Table 17.
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Gemini 2.0 Flash Gemini 2.5 Flash Gemini 3 Flash

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 96.0 94.1 94.0 85.2 84.3 84.5 81.4 96.8 95.0 94.6 83.1 81.0 80.6 80.1 98.8 97.3 95.9 95.3 94.0 94.9 93.3
Chinese 86.7 89.4 86.5 80.0 77.9 80.7 76.5 89.9 90.7 89.0 78.0 79.0 78.3 76.2 93.1 92.3 91.5 91.7 91.4 91.3 90.2
French 90.7 86.7 87.2 77.2 76.5 78.5 76.7 91.5 87.3 87.1 77.5 73.8 75.8 73.5 92.3 89.7 89.2 88.1 87.6 87.1 86.5
Japanese 84.3 84.4 82.1 75.9 72.4 74.4 70.4 86.7 85.0 83.9 74.9 73.1 73.2 71.7 90.7 89.5 88.5 88.9 88.4 88.6 88.0
Swahili 91.9 90.8 87.6 79.0 77.9 78.1 77.3 91.5 90.7 89.9 80.3 78.7 78.1 77.7 96.8 94.0 93.0 91.6 90.8 90.5 89.4
Amharic 80.2 80.2 80.6 67.3 68.0 66.9 66.5 81.9 83.9 81.9 71.0 70.2 71.0 69.3 86.3 85.7 84.4 81.9 81.5 82.4 80.2
Igbo 78.6 80.0 74.2 63.4 59.8 65.6 61.0 81.5 80.3 79.7 68.6 66.6 70.2 68.0 86.7 87.4 84.2 79.9 78.0 80.1 78.0
Yoruba 79.4 77.9 71.6 64.4 60.2 63.5 59.8 83.9 83.5 79.4 69.7 68.1 69.4 65.8 83.9 84.0 82.2 79.9 76.4 78.7 74.8
Twi 62.5 63.5 58.1 50.4 47.3 51.0 45.3 65.3 66.3 61.9 51.5 49.6 52.7 48.3 73.8 72.5 71.1 66.1 61.0 65.1 60.1

Average 83.4 83.0 80.2 71.4 69.4 71.5 68.3 85.4 84.7 83.0 72.7 71.1 72.1 70.1 89.2 88.0 86.7 84.8 83.2 84.3 82.3

Table 12: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

Gemini 3.0 Pro GPT 4.1 GPT 5

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 98.0 96.3 96.2 94.4 93.2 93.5 92.8 96.4 94.7 91.7 81.5 79.6 81.1 79.9 96.8 - 93.3 92.8 - - 87.6
Chinese 93.5 93.5 93.1 93.2 93.5 92.5 92.3 89.9 91.4 90.6 78.6 76.8 78.3 76.4 92.3 - 91.9 89.3 - - 87.1
French 90.7 89.3 89.7 88.6 87.2 88.5 86.0 88.7 86.7 85.5 75.9 74.5 76.0 74.0 89.9 - 88.4 85.4 - - 83.0
Japanese 90.7 89.0 89.4 87.6 88.0 88.0 87.2 87.1 85.8 83.6 74.8 74.1 73.5 73.2 90.7 - 83.6 83.6 - - 81.1
Swahili 97.6 94.5 93.9 93.0 92.4 91.3 91.2 91.5 90.0 89.0 79.8 77.5 77.5 77.3 90.7 - 87.7 87.7 - - 87.9
Amharic 87.5 86.8 85.4 83.2 83.0 82.8 82.2 68.1 69.4 68.2 53.0 51.2 52.7 51.2 71.8 - 67.6 67.6 - - 65.9
Igbo 89.9 88.8 87.5 82.1 81.2 82.2 81.1 79.0 77.2 71.3 58.5 54.0 59.4 55.5 79.8 - 70.2 70.2 - - 65.8
Yoruba 86.3 86.5 85.7 83.1 80.9 81.0 77.8 72.6 73.2 69.6 59.8 55.6 59.0 55.2 74.6 - 67.7 67.7 - - 65.4
Twi 77.8 77.1 74.9 70.6 69.1 69.8 66.0 41.9 43.5 36.9 31.5 28.4 31.7 26.2 46.8 - 38.5 38.5 - - 37.5

Average 90.2 89.1 88.4 86.2 85.4 85.5 84.1 79.5 79.1 76.3 65.9 63.5 65.5 63.2 81.5 - 79.5 75.9 - - 73.5

Table 13: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

GPT-OSS 20 B GPT-OSS 120B DeepSeek V3

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 95.6 94.9 87.7 88.9 80.6 88.1 78.8 96.4 96.2 93.9 93.5 92.1 92.0 90.6 98.4 96.6 94.3 92.7 89.7 91.9 89.5
Chinese 89.1 89.0 86.6 84.4 81.9 84.0 81.3 91.5 92.3 90.6 90.2 89.7 90.4 88.1 92.3 93.2 91.4 89.9 88.1 89.1 87.2
French 87.9 87.3 85.6 84.1 81.9 83.3 79.9 90.7 88.6 88.7 86.5 86.5 86.5 83.9 90.7 89.9 88.7 87.8 85.7 86.6 85.7
Japanese 85.1 83.2 79.0 81.3 77.2 81.0 75.7 89.1 86.6 85.2 85.2 83.9 84.5 82.9 88.7 83.9 83.0 79.8 79.8 80.8 79.8
Swahili 74.6 74.9 61.5 66.2 53.9 64.1 54.7 84.7 84.7 82.2 81.5 79.6 81.4 79.5 90.7 90.5 89.6 86.3 84.0 85.9 85.2
Amharic 39.5 40.4 28.1 32.4 22.4 32.1 21.4 60.9 64.5 57.7 58.5 53.7 58.9 52.3 76.2 77.2 73.5 71.9 66.0 71.9 66.9
Igbo 56.0 60.1 47.1 47.2 37.3 46.9 37.9 77.4 78.1 73.3 67.7 64.7 68.1 63.4 73.8 74.7 67.8 64.6 58.0 64.2 58.7
Yoruba 52.0 50.6 38.6 39.8 30.3 39.1 30.2 76.2 71.7 66.9 66.1 61.3 65.1 59.6 66.1 65.9 58.0 57.1 52.7 58.1 51.9
Twi 23.0 21.3 13.4 16.6 11.6 16.1 11.2 44.8 46.9 37.7 39.0 31.5 37.9 33.1 48.0 43.7 36.9 38.0 28.1 39.4 29.4

Average 67.0 66.8 58.6 60.1 53.0 59.4 52.3 79.1 78.9 75.1 74.2 71.4 73.9 70.4 80.6 79.5 75.9 74.2 70.3 74.2 70.5

Table 14: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

Gemma 3 4B Gemma 3 12B Gemma 3 27B

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 85.5 85.6 80.0 68.1 64.0 66.5 61.3 92.7 92.8 92.7 76.9 77.3 75.8 76.5 95.6 94.4 93.3 81.6 77.6 80.2 77.6
Chinese 76.2 78.6 67.8 63.5 54.0 60.2 53.1 86.7 88.0 84.9 70.9 65.6 70.6 66.0 87.9 89.7 85.5 75.2 72.3 76.4 72.1
French 79.0 78.2 69.3 59.0 53.8 60.3 52.7 87.9 85.9 81.8 71.7 66.2 70.2 65.4 89.1 87.4 84.5 73.4 69.9 74.4 69.0
Japanese 70.2 67.3 58.1 51.9 45.2 52.1 43.4 83.5 81.2 79.4 66.1 60.2 65.3 59.8 85.1 83.1 79.4 71.1 64.6 70.5 64.8
Swahili 59.7 64.4 55.6 48.7 40.6 46.6 39.0 81.5 86.5 81.4 65.6 61.1 65.6 61.7 89.1 87.7 85.4 72.2 71.2 72.3 70.1
Amharic 40.7 42.9 37.7 32.7 26.0 32.3 27.2 68.1 69.2 67.9 56.6 52.3 55.6 54.5 71.4 71.9 70.2 57.4 55.1 56.8 53.8
Igbo 16.5 15.0 13.5 10.6 7.5 10.2 7.6 55.6 53.2 44.4 38.1 33.0 38.9 34.8 64.1 65.0 54.0 50.0 41.3 51.9 42.8
Yoruba 7.7 9.0 4.9 4.8 3.5 5.2 3.3 32.7 34.4 26.8 24.9 20.2 26.0 21.7 44.4 49.1 40.5 38.2 31.4 38.1 31.9
Twi 4.4 3.5 1.9 1.8 0.9 2.1 1.0 7.7 8.2 6.2 7.0 4.3 5.6 4.4 18.1 17.1 10.4 13.4 9.3 14.0 9.4

Average 48.9 49.4 43.2 37.9 32.8 37.3 32.1 66.3 66.6 62.8 53.1 48.9 52.6 49.4 71.6 71.7 67.0 59.2 54.7 59.4 54.6

Table 15: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language
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Claude 4 Llama 3 70B Gemma 2 27B

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 98.0 96.4 96.0 91.5 90.4 90.8 90.5 95.2 93.4 88.4 68.9 65.0 68.7 64.4 90.3 80.5 78.5 56.0 53.0 54.2 51.8
Chinese 93.1 93.5 91.9 88.7 88.5 88.7 87.6 69.8 73.9 66.9 51.5 41.5 51.6 43.5 81.0 86.8 80.5 55.7 52.3 58.1 53.3
French 91.5 90.4 90.4 86.4 85.3 84.9 83.2 75.0 73.9 64.8 47.6 41.2 49.5 41.7 84.7 68.1 58.7 51.5 39.8 49.7 39.9
Japanese 89.9 86.3 84.8 83.1 81.5 81.2 82.1 69.8 65.9 54.5 43.0 34.8 42.3 35.2 79.0 76.9 68.1 52.2 44.0 52.1 44.5
Swahili 91.9 92.6 90.9 85.1 84.4 85.1 83.9 63.7 64.4 50.8 41.6 32.4 39.8 31.2 86.7 82.4 74.0 54.7 47.6 53.5 48.1
Amharic 82.3 82.3 81.5 74.5 73.1 75.4 73.6 15.3 18.7 6.0 11.9 3.9 11.8 3.5 39.9 45.5 40.5 25.9 23.4 26.6 24.1
Igbo 78.2 79.1 76.7 68.1 66.0 70.0 65.9 43.5 44.6 33.8 26.4 18.3 27.0 18.5 44.4 45.3 40.2 26.7 21.4 27.7 22.7
Yoruba 77.4 78.6 73.7 67.9 66.0 67.5 63.2 19.0 22.3 12.4 14.0 8.6 12.3 7.7 33.1 32.8 26.2 18.6 15.7 20.2 15.6
Twi 52.8 52.9 46.0 43.2 36.2 44.8 37.5 14.9 14.1 8.3 8.5 5.0 9.5 3.4 18.5 19.1 16.5 10.4 9.2 12.3 9.8

Average 83.9 83.6 81.3 76.5 74.6 76.5 74.2 51.8 52.3 42.9 34.8 27.9 34.7 27.7 62.0 59.7 53.7 39.1 34.0 39.4 34.4

Table 16: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

Qwen 3 32B Qwen 3.5 27B Gemma 2 9B

Language DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N# DO SYM_N IC_N SYM_# IC_# SYM_N# IC_N#

English 89.1 84.7 87.3 87.7 86.5 86.0 86.0 98.4 97.2 94.2 93.8 90.7 92.0 88.9 75.9 77.9 76.7 45.3 47.3 44.7 48.5
Chinese 89.9 90.9 88.8 87.8 88.1 88.2 86.1 89.9 91.5 90.1 87.3 83.9 86.4 85.1 78.4 83.3 76.8 49.0 46.1 49.2 44.2
French 89.5 86.9 87.6 86.3 84.0 85.1 83.5 91.1 89.8 87.2 87.2 84.1 86.9 83.6 79.6 80.1 75.2 48.6 46.1 48.5 45.6
Japanese 88.7 86.2 85.2 84.8 83.3 84.3 82.9 87.5 83.7 80.1 76.0 72.1 76.1 68.5 75.1 70.0 64.4 45.1 39.3 43.2 39.9
Swahili 78.2 79.2 71.0 73.6 67.3 71.3 64.6 91.9 90.9 88.5 88.1 84.9 88.2 84.0 69.8 71.3 68.6 44.4 42.4 43.2 43.8
Amharic 42.7 45.8 39.4 37.7 33.6 38.6 30.6 77.0 79.4 76.0 68.1 67.4 67.3 64.0 41.6 43.5 36.8 24.2 20.7 24.2 18.9
Igbo 19.8 20.2 14.9 14.7 10.0 15.0 10.8 73.8 74.7 70.8 69.5 62.9 70.8 63.2 31.6 34.0 29.5 17.1 17.1 18.1 16.6
Yoruba 26.6 26.5 17.3 23.1 14.0 21.2 13.9 74.6 75.6 70.0 69.3 63.2 68.2 62.1 16.0 20.4 16.3 10.3 9.2 11.4 9.5
Twi 5.6 5.7 3.5 4.6 2.2 5.6 2.2 37.5 35.9 27.4 31.3 25.4 32.4 25.5 8.0 10.5 7.8 6.7 3.3 7.0 3.1

Average 58.9 58.4 55.0 55.6 52.1 55.0 51.2 80.2 79.9 76.0 74.5 70.5 74.3 69.4 52.9 54.5 50.2 32.3 30.2 32.2 30.0

Table 17: Different models’ accuracy across different dataset variations (DO, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language
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