MGSM-Pro: A Simple Strategy for Robust Multilingual Mathematical
Reasoning Evaluation

Anonymous ACL submission

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 some
proprietary models, notably Gemini 2.5 Flash
and GPT-4.1, are less robust to digit instanti-
ation, whereas Claude 4.0 Sonnet is more ro-
bust. Among open models, GPT-OSS 120B and
DeepSeek V3 show stronger robustness. Based
on these findings, we recommend evaluating
each problem using at least five digit-varying
instantiations to obtain a more robust and real-
istic assessment of math reasoning.

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 difficulty
and recency, ' making existing multilingual bench-
marks easily saturated and potentially prone to

1E.g. AIME https://artofproblemsolving.com/
wiki/index.php/AIME_Problems_and_Solutions
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Figure 1: Relative decrease in accuracy from the origi-
nal dataset, averaged across the six variants of MGSM-
Pro, and aggregated over all nine languages.

memorization or being over-optimized (Shi et al.,
2022b; Chen et al., 2024).

One way to address this issue is to create
new benchmark that are more recent such as
MMath (Luo et al., 2025) and PolyMath (Wang
et al., 2025) often translated from existing English
benchmark but without modification of the num-
bers and context. However, it remains unclear
whether LLMs evaluated on these benchmarks gen-
eralize to other similar problems; moreover, there
is evidence that many models perform reasoning
primarily in English (Tam et al., 2025; Qi et al.,
2025). Even in English, there is strong evidence
of high variance when presented different instan-
tiations 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 multilin-
gual extension of GSM-Symbolic based on MGSM
dataset (Shi et al., 2022a) in two steps: (1) template
construction in English that allows easy replace-
ment of names and digits (2) dataset construction
that translates the template to multiple languages
(with an LLLM), followed by human verification—
this helps to generate different instantiations of
same question (e.g. 5 instances). Our results re-
veal a more precarious setting than GSM-Symbolic:
low-resource languages experience a sharp perfor-
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mance drop when accuracy is averaged over five
instances instead of a single example, unlike high-
resource languages. As shown in Figure 1, GPT-
OSS 120B and DeepSeek V3 are more robust to
this degradation, whereas smaller-sized models like
Gemma 2 27B struggle to maintain accuracy rela-
tive to the original dataset.

Based on our findings on nine typologically-
diverse languages, we recommend that math
reasoning evaluation should be performed on
minimum of five instances of the same problem
by modifying digits.> 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 LLLMs and pro-
prietary LLMs to be robust to these small changes.

2 Related Work

Math Reasoning Benchmarks With the in-
crease of interest in evaluating a model’s logi-
cal reasoning capabilities, multiple English math
benchmarks have been introduced (Cobbe et al.,
2021; Hendrycks et al., 2021; Mishra et al., 2022;
Patel et al., 2021; Miao et al., 2020). Extending
the investigation into the multilingual setting, (Shi
et al., 2022a; Adelani et al., 2025) notices weaker
model performances under low-resource language
setting. However, it is unclear if success on these
benchmarks translates to effectiveness on related
problems or memorization of test set.

Robustness in Reasoning True logical reasoning
requires robustness to minor variations and noise.
Several English datasets highlight significant ac-
curacy drops in such scenarios (Shi et al., 2023;
Abedin et al., 2025; Mirzadeh et al., 2025). How-
ever, their studies remain limited to English. Our
work introduces MGSM-Pro, a new dataset that ex-
pands these investigations to multilingual setting.

3 The MGSM-Pro Dataset

MGSM-Pro covers nine languages with various
resource levels as defined by Joshi et al. (2020).
This includes high-resource languages or HRLs
(English, Chinese, French, and Japanese; Class
5) and low-resource languages or LRLs (Swabhili,
Ambharic, Igbo, Yoruba, and Twi; Classes 1-2).

%j.e. evaluating on 1125 instances of MGSM rather than
225 problems for a more robust evaluation

LLM Translation and
r Human Verification

Template Construction Swahili Dataset Generation

N French Dataset Generation
0. English Problem:

Hazel has 100 candies and needs to
evenly divide it among 2 children.
How many candies does each child
get?

answer: 50

3. French Template:

{name_female, Hazel} a {num_digit_1,
100} bonbons et doit les partager
également entre {num_digit_2, 2}
enfants. Combien de bonbons chaque | |
enfant regoit-il ?

1. English Template:
{name_female, Hazel} has
{num_digit_1, 100} candies and
needs to evenly divide it among
{num_digit_2, 2} children. How many
candies does each child get?

4. New Variable Combination:
num_digit_1: 75, num_digit_2: 3,
name_female: Céline H

5. Generated French Problem

Céline a 75 bonbons et doit les
partager équitablement entre 3
enfants. Combien de bonbons chaque
enfant regoit-il ?

answer: 25

2.a, Equation:

answer = num_digit_1/ num_digit_2
2.b, Restriction:

num_digit_1 % num_digit_2=0

Figure 2: Workflow diagram illustrating the template
creation and final data construction on sample language.

We also cover six dataset variants per language.
These variations are organized into two series:
Symbolic (SYM) and Irrelevant Context (IC). Each
series consists of three distinct variations.

The Symbolic Series (SYM) involves system-
atic modifications to a problem’s surface features
without altering its logical structure. This series
includes three variants: SYM_N, which replaces
names with culturally relevant ones; SYM_#, which
changes numerical data; and SYM_N#, which varies
both names and numbers 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 with two steps: tem-
plate construction (§3.1) and dataset construction
(§3.2). Figure 2 shows an example of the data gen-
eration workflow in which names and digits are first
identified 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 225
out of 250 English MGSM questions. To simplify
cross-lingual transfer, we restrict parametrization
strictly to names and numbers (i.e. SYM). Each
template includes a symbolic equation alongside
variable constraints to ensure that generated com-
binations yield correct, logical answers. Once the
English template is crafted, we employ Gemini 2.0
Flash to generate multilingual templates. These
translations then undergo a rigorous verification



Gemma 3 27B GPT-0OSS 120B

Deepseek V3

Claude Sonnet 4 Gemini 2.5 Flash

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

Chinese 744 704

French 742 70.1

Japanese 67.3 624

Swahili 72.4 709

Amharic [71.1 68.7 57.1 55.0 604 60.1 573

Igbo 65.3 56.1 514 413 69.4

Yoruba 453 42.1 383 312 69.7 664 61.8|67.6 59.2
Twi 19.6 11.9 151 94 449 369 39.6 324|489 38.0

74.1 70.5 68.3
68.7 69.4 67.9
67.7 67.6 69.2 684
459 395|662 62.8 557 520

303 547 47.1

Average 724 67.5 59.0

342 [195 758,

741 710812 769 753 711 848 820 766 753 [862 898 727 710

Table 1: Different models’ accuracy across different dataset variations (SYM_#, IC_N, IC_#) and original (D).

process: they are first reviewed by native speakers,
followed by automated alignment checks against
the English source. Any template failing these
checks is subjected 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. We ap-
plied similar rigorous check as SYM questions.

3.2 Dataset Construction

To efficiently generate a large quantity of problem
instances that share the same underlying logical
structure, we leverage the symbolic equations and
restrictions defined during the template phase. This
methodology enables systematic sampling of new
numerical values that are guaranteed to be mathe-
matically 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
accurately represent the target language’s culture.

4 Experiments

4.1 Experiment Setup

Models evaluated We benchmark 12 models in
a zero-shot setting across six variations within the
SYM and IC series for each language. To ensure

robustness, every variation is evaluated five times
using different values and we report the mean per-
formance across these iterations. We report the re-
sults of original data (Do), IC_N, IC_# and SYM_#
in the main paper, and others in Appendix D.4.

Prompts 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 reasoning in English
since previous work show LLM reason better in
English (Tam et al., 2025; Qi et al., 2025).

Listing 1: Prompt

Explain your reasoning step by step in
clear English to solve the problem.

Your response should end with the final
numerical answer, without including
units.

Question: {question}

4.2 Results

4.2.1 Main results

Table 1 shows the result of five LLMs: Gemma 3
27B, GPT-0OSS 120B, DeepSeek V3, Claude Son-
net 4 and Gemini 2.5 Flash.

LLM performance is less sensitive to name vari-
ation Simply changing the names of person or
items (i.e. SYM_N setting) does not necessarily hurt
performance. However, when irrelevant contexts
are added (i.e. IC_N), models experience a slight
drop in performance. In general IC_N is more criti-
cal for LRLs such as Twi than HRLs. Also, we find
proprietary models to be more robust to this drop,
for example on average Gemini 2.5 Flash accuracy
on all languages dropped by —2.4 while Gemma
3 27B and GPT-OSS 120B dropped by —4.9 and
—3.7 respectively.

Numerical variation leads to huge drop in per-
formance While names variation only leads to



small drop, changing numbers used in the ques-
tions leads to huge drop in performance especially
when combined with irrelevant contexts. On aver-
age, all models experienced a performance drop of
at least -8 points across all languages in the IC_#
setting. However, the biggest drop comes from the
Gemma 3 27B and Gemini 2.5 Flash with —18.2
and —15.2 respectively. While Gemini 2.5 Flash
have the overall best performance among all the
tested models on D, configuration, it is less robust
to numeric variation compared to other competitive
models such as Claude Sonnet 4.

High-resource languages are more robust to
variation Excluding the two models with the
biggest drop (Gemma 3 27B and Gemini 2.5 Flash),
we find that the HRLs (English, Chinese, and
French) often have smaller drop in performance
(< 8.0 point) compared to LRLs (Amharic, Igbo,
Yoruba and Twi) with bigger drop. The only excep-
tion is sometimes for Japanese and Swahili. IC_#
setting often leads to big drop for Japanese, al-
though it is a HRL especially DeepSeek V3 (—9.0)
and Claude Sonnet 4 (—12.0). On the otherhand,
Swahili which is supposed to be LRL, often have
drop similar to HRLs e.g. —6.2 on DeepSeek V3
and —6.5 on Claude Sonnet 4.

4.2.2 Model size vs. Robustness

Figure 3 shows the effect of scaling of model sizes
and robustness to change in names and numbers
(IC_N#). There is no clear pattern across different
model architectures. For Gemma family of models,
the drop in performance gets worse as the model
parameters increases from 4B, 12B and 27B. How-
ever, for GPT-OSS, we have the opposite trend
where bigger model size is more robust to the per-
formance drop (see Appendix D.2). Surprisingly,
we find GPT-OSS 120B more robust to degradation
than GPT-4.1 which may be of bigger parameter
size since it is a closed model (see Appendix D.4).

4.3 Reliability of Leaderboard ranking

Most leaderboard ranking for math reasoning are
based on one instance. Our results on Table 2
shows that the model ranking is not persistent af-
ter introducing five instances of the same question
when both numbers and names are changed with
irrelevant contexts (i.e. IC_N#). While Gemini 2.5
Flash gave the best result on the original dataset
(Do), if we performed evaluation and averaged on
five different instances (Avg-5), there is a system-
atic performance drop across all models. Notably,

100 == Do
SYM_N#
_ 80 mam IC_N#
R
> 60
()
c
3 40
Q
<
20

Gemma 3 4b

Gemma 3 12b
Models

Gemma 3 27b

Figure 3: Relative Accuracy Decline Across Gemma
3 Family The figure illustrates the relative decline in
accuracy for the Gemma-3 family. The drop is measured
from the original dataset to two configurations: IC_N#
and SYM_N#. Averaged over nine languages.

Model Do (%)  Avg-5 (%) Avg-10 (%)
Gemini Flash 2.5  86.2[1] 71.2[4])  70.6[4]
Claude Sonnet4  84.8[2]  74.8[1]11  74.5[1]
Gemini Flash2.0  84.3[3]  69.3[5]] 68.7[5]
DeepSeek V3 81.2[4] T7L8[2]1T T7LT7[2]
GPT-4.1 80.4[5] 64.0[6]L 63.81[6]
GPT-0SS 120b  79.5[6] 7L.4[3]1 71.1[3]
Gemma 3 27B 72471  54.8[71  54.0[7]
GPT-OSS 20b 67.7[8] 53.0[8]  53.1[8]
Gemma 3 12B 66.9[9] 49.9[9]1 49.8[9]
Gemma227B  58.8[10] 35.1[10] 34.8[10]
Llama3.170B  52.2[11] 28.3[12]) 28.3[12]
Gemma 3 4B 49.8[12] 33.1[11]1 33.2[11]

Table 2: Ranking of model average accuracy over 9
languages on original dataset (Do) compared on IC_N#.
Arrows show change vs. the previous column.

the ranking of the best model drops to fourth place.
Interestingly, we find that Claude Sonnet 4 now
moved from the second rank to first. Repeating the
experiments 10 times (Avg-10), gave exactly the
same results as the Avg-5. This findings is interest-
ing, since varying the questions with five instances
already gave a more robust, and realistic estimation
of math reasoning for the language and LLM. We
therefore recommend, math reasoning evaluation
should use Avg-5 setting as the default.

5 Conclusion

In this paper, we investigated the robustness of
LLM evaluation for math reasoning when pre-
sented with multiple instantiation of the same ques-
tion by varying names, digits and adding irrelevant
contexts. All LLMs achieved significant drop in
performance especially for low-resource languages.
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 languages.



6 Limitations

Our study has a few limitations. First, our dataset
covers nine languages due to difficulty in finding
reliable native annotators. Expanding MGSM-Pro
to other languages such as Tamil would provide a
more complete picture of multilnigual mathemat-
ical robustness. Moreover, our evaluation covers
only 12 models because of limited compute budget.
It remains to be seen how other model families,
such as Qwen3 or reasoning models like GPT-5,
would perform. Thirdly, we only evaluated the
models with a prompt that instruct reasoning in
English. It would be interesting to see how mod-
els perform when prompted to reason in other lan-
guages. Fourth, while the MGSM dataset contains
250 questions, our version utilizes 225. The re-
maining 25 were excluded because their numerical
equation and restrictions are flagged as wrong by
human verification and also because there were
difficulties in generating multiple unique numeri-
cal instances. We plan on expanding the dataset
to cover all 250 questions before the end of the
reviewing period.
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A MGSM-Pro Dataset

A.1 Language Details

The resource levels and language families of the
nine languages in MGSM-Pro are shown in Table 3.
Each language has 225 question templates out of
the 250 MGSM questions.

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
Swabhili 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 3: Selected languages categorized by ISO code,
linguistic family, and resource availability (Joshi Class).

A.2 Name Categories

We categorize the replaced name entities into three
domains: People, Places, and Beasts. As shown
in Table 4, annotators provided a set of culturally
specific names for each name type to ensure local
relevance. In cases where a suitable local equiv-
alent did not exist, english alternatives would be
provided.

Domain Name Types

People Male name, Female name, Family name
Places  City name, Mountain name

Beasts  Dragon name, Dinosaur name, Cat name

Table 4: Grouped name variables categorized by domain

A.3 IC Template Construction

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? )

IC Template

{name_female, Janet}’s uncle brings 41 apples
to her every week.

Figure 4: Example of a MGSM-Pro question template
alongside its IC sentence template
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Each question in the MGSM-Pro dataset is

paired with a corresponding IC sentence template.

The curation of IC sentence template follows the
methodology of (Shi et al., 2023), where we ensure
that the irrelevant sentences have: 1) some related
connection with the problem and 2) uses names
found in the question. An examplar is shown in
Figure 4.

B Prompts for Large Language Models

B.1 Evaluation Prompts

Model Evaluation Prompt

Explain your reasoning step by step in clear
English to solve the problem. Your response
should end with the final numerical answer,
without including units.

B.2 Template Construction Prompts

Multilingual 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.

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
anyway, you should just be inserting the
variable names and brackets

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

C Instructions for Annotators

This section provides a brief introduction to the
annotation guide for the MGSM-Pro dataset. We
categorize the MGSM-Pro annotation process into
two main tasks: 1) correcting native templates, and
2) providing native names

C.1 Template Correction Annotation

The goal of our study is to
create variations of the
same problem by changing
names and numbers within
the math problem while
keeping the logic intact.
The templates from your
annotation process will be
used in the future to
create math dataset.

I ELd

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.

U

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.

y

s
s
—
s

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



N
=

ative 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

R R U

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 .

R

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.

R

incorrect bracket {3} 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.

TILLL LT E

C.2 Native Name Annotation

You will be given eight types of
— name.

You will need to provide 10 names

to each types that fit
into your native language.
The names should be
relevant to your specific
language and not English
names. However, if there
does not exist 10 unique
names for a specific name
category but at least one,
it is fine to provide less.
Moreover, if there are no
native names for a specific

name category, you can
provide english substitutes

S U

The list of name types are as
— follows:

Male name, Female name, Family
<~ name, City name, Mountain
— name, Dragon name, Dinosaur
— name, Cat name

D Experiment Details

D.1 Evaluation Setup

Experiments were conducted on a high-
performance cluster (up to 8 nodes NVIDIA
H100GPUs) using VLLM (Kwon et al., 2023).
For the proprietary models and DeepSeek V3, we
utilized API keys to perform evaluation

D.2 Model size vs Robustness

Figure 5 shows the relationship between model
size and robustness to name and number varia-
tions within the GPT-OSS family. Unlike the
trends observed in the Gemma 3 family, larger
GPT-OSS models show better robustness to per-
formance drops. The contradictory findings across
different model families suggests that simply in-
creasing model scale does not automatically im-
prove robustness; instead, other factors like train-
ing methodologies and data mixtures likely play a
more significant role.

D.3 Leaderboard Rankings

As shown in Table 5, model rankings fluctuate
when models are tested on five distinct instances
of the same question with altered numbers and
names (i.e., SYM_N#). Mirroring the trends in Table
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Figure 5: Relative Accuracy Decline Across GPT-
OSS Family The figure illustrates the relative decline in
accuracy for the GPT-OSS family. The drop is measured
from the original dataset to two configurations: IC_N#
and SYM_N#. Averaged over nine languages.

Table 2, we observe significant performance degra-
dation and ranking instability when moving from
the original to the 5-instance average. However,
the rankings stabilize between the 5-instance and
10-instance averages.

Model Orig (%) Avg-5 (%) Avg-10 (%)

Gemini Flash 2.5  86.2 [1] 729[4]1] 72.4[4]
Claude sonnet 4 84.8 [2] 77.[1]1 76.7[1]
Gemini Flash 2.0  84.3 [3] 72.4([5]1) TL.7[5]
DeepSeek V3 81.2 [4] 75.4 211  75.3[2]
GPT-4.1 80.4 [5] 66.6 [6]]  66.2[6]
GPT-OSS 120b 79.5 [6] 73.9 [3]1T 74.2[3]
Gemma 3 27B 72.4 [7] 59.4[8]]  58.5[8]
GPT-OSS 20b 67.7 [8] 59.6 [7]11  59.7 [7]
Gemma 3 12B 66.9 [9] 54.1 9] 54.0 [9]
Gemma 2 27B 58.8 [10] 40.0[10] 39.7[10]
Llama 3.1 70B 52.2 [11] 34.9[12])] 34.4[12]
Gemma 3 4B 49.8 [12] 39.1[11]11 38.6[11]

Table 5: Ranking of model average accuracy over 9
languages on original dataset compared on SYM_N#. Ar-
rows show change vs. the previous column.

D.4 Full Experiment Results



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 862 87.3 828 684 626 683 628 (929 937 939 780 781 779 782 960 95.1 945 809 773 812 717
Chinese  77.8 785 693 61.0 538 61.7 540 (87.1 88.7 863 70.5 658 724 67.1 |884 904 864 744 704 751 70.8
French 79.6 78.8 69.6 61.0 544 63.1 557 (889 88.0 834 717 679 712 66.8 |902 89.1 838 742 70.1 733 698
Japanese 70.2 653 584 522 436 508 420 (840 79.1 77.6 640 587 635 585 |858 8l.1 788 673 624 668 63.6
Swahili 609 64.8 57.8 495 41.0 509 40.8 |83.1 87.0 820 689 626 695 624 |89.8 869 854 724 709 716 69.1
Amharic  43.1 437 38.1 328 280 342 292|684 71.1 680 572 51.6 556 541 |71.1 724 68.7 57.1 550 58.0 548

Igbo 169 153 138 11.6 84 114 83 [56.0 556 460 39.6 354 424 358 |653 66.8 56.1 514 413 517 441
Yoruba 84 97 63 55 42 64 4.1 [329 343 295 239 220 259 213 453 49.1 421 383 312 388 343
Twi 49 51 14 38 11 4.7 08 |84 96 71 93 57 8.5 48 |19.6 197 119 151 94 182 9.6

Average 498 498 442 384 330 39.1 331 ‘66.9 67.5 63.7 537 49.7 541 499 ‘72.4 723 675 590 542 594 548

Table 6: Different models’ accuracy across different dataset variations (Do, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

Gemma 2 27B Gemini Flash 2.0 Gemini Flash 2.5

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 ~ 76.0 804 803 57.0 540 553 524 (964 946 947 856 852 854 843|973 955 948 80.7 813 823 812
Chinese  82.7 87.5 81.3 558 526 582 524 (87.1 904 869 803 788 794 76.8 |902 914 894 798 758 802 787
French 67.6 703 59.7 492 386 51.0 419|920 889 89.1 779 76.7 784 76.1 (924 898 878 77.1 748 757 746
Japanese 79.6 735 67.5 492 429 50.1 43.8 (849 828 803 723 67.6 707 682 |87.6 828 81.6 72.6 698 712 705
Swahili 827 835 76.7 546 49.0 558 493|933 91.6 89.8 80.6 780 804 775|924 91.6 91.1 788 804 79.7 80.1
Amharic  40.0 479 41.0 254 249 26.0 247 |80.0 80.3 804 68.0 69.1 694 69.1 822 828 828 705 683 719 702

Igbo 449 456 416 264 223 283 233 (796 812 767 66.7 633 674 629 |822 822 814 694 679 684 673
Yoruba 356 344 307 199 175 19.6 16.6 |81.3 78.6 729 646 62.6 667 619 (849 847 827 692 684 71.0 672
Twi 20.0 21.7 135 129 9.6 160 11.7 |64.0 66.7 58.6 509 475 537 469 (662 682 628 557 520 557 507

Average 58.8 60.5 547 389 346 400 35.1 ‘84.3 839 810 719 699 724 693 ‘86.2 854 838 727 710 729 712

Table 7: Different models’ accuracy across different dataset variations (Do, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

GPT-OSS 20B GPT-0OSS 120B GPT-4.1
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 ~ 96.4 942 88.1 90.0 819 902 826 (969 972 950 939 919 927 918 |969 956 935 828 79.6 825 810
Chinese 889 89.6 850 843 81.6 848 820 (920 932 91.7 903 881 89.0 89.7 {902 929 91.6 778 775 79.6 76.8
French 889 88.8 84.7 844 813 834 812|920 900 89.2 874 864 861 86.0 |90.2 884 874 765 743 763 7152
Japanese 853 79.7 735 764 730 746 724 (893 845 827 81.0 806 808 804 |88.4 838 826 71.7 708 725 713
Swahili 747 7477 63.8 662 562 656 555|849 86.6 837 815 784 804 789 924 91.0 90.0 789 79.1 80.1 787
Ambharic 413 359 255 313 215 319 224 (604 644 60.1 573 536 593 533 (667 679 67.1 52.1 515 517 514

Igbo 573 58.1 46.6 49.0 398 486 38.0 (778 79.0 734 694 654 69.0 65.1 |80.4 78.1 723 620 568 60.7 572
Yoruba 52.0 48.1 373 389 315 380 31.1 (773 727 69.7 664 618 651 62.1 {742 762 708 613 580 60.1 56.1
Twi 244 198 129 188 11.7 19.7 119 |449 469 369 39.6 324 427 352 |444 46.1 36.0 332 295 358 280

Average 67.7 654 575 599 532 59.6 53.0 ‘79.5 794 758 741 710 739 714 ‘80.4 80.0 76.8 663 64.1 666 64.0

Table 8: Different models’ accuracy across different dataset variations (Do, SYM_N, IC_N, SYM_#, IC_#, SYM_N#,
IC_N#) for each language

Llama 3 70B DeepSeek V3 Claude Sonnet 4

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 969 944 91.6 69.6 662 684 655 (987 97.3 955 933 91.6 932 904 |982 975 969 91.6 90.6 91.6 894
Chinese  69.3 74.6 658 523 41.6 51.8 46.1 (924 933 920 90.1 889 90.0 882 |93.3 940 91.8 889 876 893 86.8
French 75.1 762 633 47.8 404 50.1 410 [91.1 90.6 892 88.8 862 876 86.1 |929 922 91.7 863 862 867 858
Japanese 69.3 64.6 556 41.7 340 415 31.7 (889 83.7 828 80.1 799 806 80.0 |91.1 85.1 838 80.6 79.1 795 785
Swahili  64.0 662 51.9 428 333 412 337|920 91.7 912 878 858 87.6 86.6 |924 932 92.6 860 859 867 86.6
Ambharic  15.1 210 54 132 4.0 112 3.6 (764 774 748 73.0 672 732 68.6 |83.1 82.8 802 74.1 739 743 73.1

Igbo 43.6 49.7 343 276 190 264 18.8 [75.1 75.6 694 664 609 653 612 |79.6 80.0 785 687 678 723 69.0
Yoruba 209 235 124 141 92 121 9.4 1676 66.8 592 57.6 541 590 538 778 79.7 755 677 676 679 653
Twi 16.0 166 73 87 42 113 51 [489 449 380 404 300 420 309 |547 548 47.1 459 395 46.1 387

Average 522 54.1 43.1 353 28.0 349 283 ‘81.2 802 769 753 71.7 754 718 ‘84‘8 844 820 76.6 753 71.1 748

Table 9: 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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