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Abstract001

Large language models have made substan-002
tial progress in mathematical reasoning. How-003
ever, benchmark development for multilin-004
gual evaluation has lagged behind English in005
both difficulty and recency. Recently, GSM-006
Symbolic (Mirzadeh et al., 2025) showed a007
strong evidence of high variance when mod-008
els are evaluated on different instantiations of009
the same question; however, the evaluation was010
conducted only in English. In this paper, we011
introduce MGSM-Pro, an extension of MGSM012
dataset with GSM-Symbolic approach. Our013
dataset provides five instantiations per MGSM014
question by varying names, digits and irrele-015
vant context. Evaluations across nine languages016
reveal that many low-resource languages suf-017
fer large performance drops when tested on018
digit instantiations different from those in the019
original test set. We further find that some020
proprietary models, notably Gemini 2.5 Flash021
and GPT-4.1, are less robust to digit instanti-022
ation, whereas Claude 4.0 Sonnet is more ro-023
bust. Among open models, GPT-OSS 120B and024
DeepSeek V3 show stronger robustness. Based025
on these findings, we recommend evaluating026
each problem using at least five digit-varying027
instantiations to obtain a more robust and real-028
istic assessment of math reasoning.029

1 Introduction030

Large language models (LLMs) have drastically031

improved in capability in recent years, particularly032

on challenging knowledge-intensive and reason-033

ing tasks, with open models closing the gap as034

evidenced by public benchmarks (Liu et al., 2024;035

Yang et al., 2025; Gemma-Team et al., 2025). How-036

ever, progress in developing benchmarks for multi-037

lingual settings, particularly for mathematical rea-038

soning has lagged behind English in both difficulty039

and recency, 1 making existing multilingual bench-040

marks easily saturated and potentially prone to041

1E.g. AIME https://artofproblemsolving.com/
wiki/index.php/AIME_Problems_and_Solutions

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., 042

2022b; Chen et al., 2024). 043

One way to address this issue is to create 044

new benchmark that are more recent such as 045

MMath (Luo et al., 2025) and PolyMath (Wang 046

et al., 2025) often translated from existing English 047

benchmark but without modification of the num- 048

bers and context. However, it remains unclear 049

whether LLMs evaluated on these benchmarks gen- 050

eralize to other similar problems; moreover, there 051

is evidence that many models perform reasoning 052

primarily in English (Tam et al., 2025; Qi et al., 053

2025). Even in English, there is strong evidence 054

of high variance when presented different instan- 055

tiations of the same question (known as GSM- 056

Symbolic) (Mirzadeh et al., 2025). We carefully 057

extend this finding to the multilingual setting. 058

In this paper, we introduce MGSM-Pro, a multilin- 059

gual extension of GSM-Symbolic based on MGSM 060

dataset (Shi et al., 2022a) in two steps: (1) template 061

construction in English that allows easy replace- 062

ment of names and digits (2) dataset construction 063

that translates the template to multiple languages 064

(with an LLM), followed by human verification— 065

this helps to generate different instantiations of 066

same question (e.g. 5 instances). Our results re- 067

veal a more precarious setting than GSM-Symbolic: 068

low-resource languages experience a sharp perfor- 069
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mance drop when accuracy is averaged over five070

instances instead of a single example, unlike high-071

resource languages. As shown in Figure 1, GPT-072

OSS 120B and DeepSeek V3 are more robust to073

this degradation, whereas smaller-sized models like074

Gemma 2 27B struggle to maintain accuracy rela-075

tive to the original dataset.076

Based on our findings on nine typologically-077

diverse languages, we recommend that math078

reasoning evaluation should be performed on079

minimum of five instances of the same problem080

by modifying digits.2 We are releasing the new081

dataset (MGSM-Pro) with more instances to encour-082

age a more robust evaluation. Similar to how we ex-083

pect a good student that understands a sample prob-084

lem to be able to solve various instances with mod-085

ified digits. We expect both open LLMs and pro-086

prietary LLMs to be robust to these small changes.087

2 Related Work088

Math Reasoning Benchmarks With the in-089

crease of interest in evaluating a model’s logi-090

cal reasoning capabilities, multiple English math091

benchmarks have been introduced (Cobbe et al.,092

2021; Hendrycks et al., 2021; Mishra et al., 2022;093

Patel et al., 2021; Miao et al., 2020). Extending094

the investigation into the multilingual setting, (Shi095

et al., 2022a; Adelani et al., 2025) notices weaker096

model performances under low-resource language097

setting. However, it is unclear if success on these098

benchmarks translates to effectiveness on related099

problems or memorization of test set.100

Robustness in Reasoning True logical reasoning101

requires robustness to minor variations and noise.102

Several English datasets highlight significant ac-103

curacy drops in such scenarios (Shi et al., 2023;104

Abedin et al., 2025; Mirzadeh et al., 2025). How-105

ever, their studies remain limited to English. Our106

work introduces MGSM-Pro, a new dataset that ex-107

pands these investigations to multilingual setting.108

3 The MGSM-Pro Dataset109

MGSM-Pro covers nine languages with various110

resource levels as defined by Joshi et al. (2020).111

This includes high-resource languages or HRLs112

(English, Chinese, French, and Japanese; Class113

5) and low-resource languages or LRLs (Swahili,114

Amharic, Igbo, Yoruba, and Twi; Classes 1–2).115

2i.e. evaluating on 1125 instances of MGSM rather than
225 problems for a more robust evaluation

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

We also cover six dataset variants per language. 116

These variations are organized into two series: 117

Symbolic (SYM) and Irrelevant Context (IC). Each 118

series consists of three distinct variations. 119

The Symbolic Series (SYM) involves system- 120

atic modifications to a problem’s surface features 121

without altering its logical structure. This series 122

includes three variants: SYM_N, which replaces 123

names with culturally relevant ones; SYM_#, which 124

changes numerical data; and SYM_N#, which varies 125

both names and numbers simultaneously. 126

The Irrelevant Context Series (IC) mirrors the 127

modifications in the SYM series but introduces a 128

distinct layer of difficulty as it inserts an irrelevant 129

sentence to the problem. The resulting variants are 130

denoted as IC_N, IC_#, and IC_N#. 131

In this section, we introduce the methodology 132

for constructing MGSM-Pro with two steps: tem- 133

plate construction (§3.1) and dataset construction 134

(§3.2). Figure 2 shows an example of the data gen- 135

eration workflow in which names and digits are first 136

identified and replaced with multiple instances. 137

3.1 Template Construction 138

The foundation of our dataset lies in the creation of 139

adaptable templates. We adopt the GSM-Symbolic 140

framework to generate symbolic templates for 225 141

out of 250 English MGSM questions. To simplify 142

cross-lingual transfer, we restrict parametrization 143

strictly to names and numbers (i.e. SYM). Each 144

template includes a symbolic equation alongside 145

variable constraints to ensure that generated com- 146

binations yield correct, logical answers. Once the 147

English template is crafted, we employ Gemini 2.0 148

Flash to generate multilingual templates. These 149

translations then undergo a rigorous verification 150
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Gemma 3 27B GPT-OSS 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 96.0 94.5 80.9 77.3 96.9 95.0 93.9 91.9 98.7 95.5 93.3 91.6 98.2 96.9 91.6 90.6 97.3 94.8 80.7 81.3
Chinese 88.4 86.4 74.4 70.4 92.0 91.7 90.3 88.1 92.4 92.0 90.1 88.9 93.3 91.8 88.9 87.6 90.2 89.4 79.8 75.8
French 90.2 83.8 74.2 70.1 92.0 89.2 87.4 86.4 91.1 89.2 88.8 86.2 92.9 91.7 86.3 86.2 92.4 87.8 77.1 74.8
Japanese 85.8 78.8 67.3 62.4 89.3 82.7 81.0 80.6 88.9 82.8 80.1 79.9 91.1 83.8 80.6 79.1 87.6 81.6 72.6 69.8
Swahili 89.8 85.4 72.4 70.9 84.9 83.7 81.5 78.4 92.0 91.2 87.8 85.8 92.4 92.6 86.0 85.9 92.4 91.1 78.8 80.4
Amharic 71.1 68.7 57.1 55.0 60.4 60.1 57.3 53.6 76.4 74.8 73.0 67.2 83.1 80.2 74.1 73.9 82.2 82.8 70.5 68.3
Igbo 65.3 56.1 51.4 41.3 77.8 73.4 69.4 65.4 75.1 69.4 66.4 60.9 79.6 78.5 68.7 67.8 82.2 81.4 69.4 67.9
Yoruba 45.3 42.1 38.3 31.2 77.3 69.7 66.4 61.8 67.6 59.2 57.6 54.1 77.8 75.5 67.7 67.6 84.9 82.7 69.2 68.4
Twi 19.6 11.9 15.1 9.4 44.9 36.9 39.6 32.4 48.9 38.0 40.4 30.3 54.7 47.1 45.9 39.5 66.2 62.8 55.7 52.0

Average 72.4 67.5 59.0 54.2 79.5 75.8 74.1 71.0 81.2 76.9 75.3 71.1 84.8 82.0 76.6 75.3 86.2 83.8 72.7 71.0

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

process: they are first reviewed by native speakers,151

followed by automated alignment checks against152

the English source. Any template failing these153

checks is subjected to a second round of human154

correction. Finally, to enable a controlled increase155

in difficulty, we build upon GSM-IC’s (Mirzadeh156

et al., 2025) methodology to create irrelevant con-157

text templates for every english question. We ap-158

plied similar rigorous check as SYM questions.159

3.2 Dataset Construction160

To efficiently generate a large quantity of problem161

instances that share the same underlying logical162

structure, we leverage the symbolic equations and163

restrictions defined during the template phase. This164

methodology enables systematic sampling of new165

numerical values that are guaranteed to be mathe-166

matically valid and distinct from those present in167

the original training data.168

A limitation in previous datasets, such as MGSM169

and AfriMGSM, was the reliance on direct trans-170

lations, where names were frequently phonetic171

transliterations of English origin. This approach172

compromised the problems’ local fit and cultural173

meaning. To ensure deep cultural relevance across174

all languages in MGSM-Pro, we tasked native an-175

notators with curating a comprehensive repository176

of entities specific to their locale. This includes177

categories such as cities, personal names, and com-178

mon pet names, guaranteeing that the generated179

problems resonate well with native speakers and180

accurately represent the target language’s culture.181

4 Experiments182

4.1 Experiment Setup183

Models evaluated We benchmark 12 models in184

a zero-shot setting across six variations within the185

SYM and IC series for each language. To ensure186

robustness, every variation is evaluated five times 187

using different values and we report the mean per- 188

formance across these iterations. We report the re- 189

sults of original data (DO), IC_N, IC_# and SYM_# 190

in the main paper, and others in Appendix D.4. 191

Prompts The prompt is structured to ensure the 192

model adheres to the CoT format while includ- 193

ing clear instructions to help numerical result cap- 194

ture. Our prompt suggests reasoning in English 195

since previous work show LLM reason better in 196

English (Tam et al., 2025; Qi et al., 2025). 197

Listing 1: Prompt
Explain your reasoning step by step in 198

clear English to solve the problem. 199
Your response should end with the final 200

numerical answer , without including 201
units. 202

Question: {question} 203

4.2 Results 204

4.2.1 Main results 205

Table 1 shows the result of five LLMs: Gemma 3 206

27B, GPT-OSS 120B, DeepSeek V3, Claude Son- 207

net 4 and Gemini 2.5 Flash. 208

LLM performance is less sensitive to name vari- 209

ation Simply changing the names of person or 210

items (i.e. SYM_N setting) does not necessarily hurt 211

performance. However, when irrelevant contexts 212

are added (i.e. IC_N), models experience a slight 213

drop in performance. In general IC_N is more criti- 214

cal for LRLs such as Twi than HRLs. Also, we find 215

proprietary models to be more robust to this drop, 216

for example on average Gemini 2.5 Flash accuracy 217

on all languages dropped by −2.4 while Gemma 218

3 27B and GPT-OSS 120B dropped by −4.9 and 219

−3.7 respectively. 220

Numerical variation leads to huge drop in per- 221

formance While names variation only leads to 222
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small drop, changing numbers used in the ques-223

tions leads to huge drop in performance especially224

when combined with irrelevant contexts. On aver-225

age, all models experienced a performance drop of226

at least -8 points across all languages in the IC_#227

setting. However, the biggest drop comes from the228

Gemma 3 27B and Gemini 2.5 Flash with −18.2229

and −15.2 respectively. While Gemini 2.5 Flash230

have the overall best performance among all the231

tested models on Do configuration, it is less robust232

to numeric variation compared to other competitive233

models such as Claude Sonnet 4.234

High-resource languages are more robust to235

variation Excluding the two models with the236

biggest drop (Gemma 3 27B and Gemini 2.5 Flash),237

we find that the HRLs (English, Chinese, and238

French) often have smaller drop in performance239

(< 8.0 point) compared to LRLs (Amharic, Igbo,240

Yoruba and Twi) with bigger drop. The only excep-241

tion is sometimes for Japanese and Swahili. IC_#242

setting often leads to big drop for Japanese, al-243

though it is a HRL especially DeepSeek V3 (−9.0)244

and Claude Sonnet 4 (−12.0). On the otherhand,245

Swahili which is supposed to be LRL, often have246

drop similar to HRLs e.g. −6.2 on DeepSeek V3247

and −6.5 on Claude Sonnet 4.248

4.2.2 Model size vs. Robustness249

Figure 3 shows the effect of scaling of model sizes250

and robustness to change in names and numbers251

(IC_N#). There is no clear pattern across different252

model architectures. For Gemma family of models,253

the drop in performance gets worse as the model254

parameters increases from 4B, 12B and 27B. How-255

ever, for GPT-OSS, we have the opposite trend256

where bigger model size is more robust to the per-257

formance drop (see Appendix D.2). Surprisingly,258

we find GPT-OSS 120B more robust to degradation259

than GPT-4.1 which may be of bigger parameter260

size since it is a closed model (see Appendix D.4).261

4.3 Reliability of Leaderboard ranking262

Most leaderboard ranking for math reasoning are263

based on one instance. Our results on Table 2264

shows that the model ranking is not persistent af-265

ter introducing five instances of the same question266

when both numbers and names are changed with267

irrelevant contexts (i.e. IC_N#). While Gemini 2.5268

Flash gave the best result on the original dataset269

(DO), if we performed evaluation and averaged on270

five different instances (Avg-5), there is a system-271

atic performance drop across all models. Notably,272

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 Sonnet 4 84.8 [2] 74.8 [1] ↑ 74.5 [1]
Gemini Flash 2.0 84.3 [3] 69.3 [5] ↓ 68.7 [5]
DeepSeek V3 81.2 [4] 71.8 [2] ↑ 71.7 [2]
GPT-4.1 80.4 [5] 64.0 [6] ↓ 63.8 [6]
GPT-OSS 120b 79.5 [6] 71.4 [3] ↑ 71.1 [3]
Gemma 3 27B 72.4 [7] 54.8 [7] 54.0 [7]
GPT-OSS 20b 67.7 [8] 53.0 [8] 53.1 [8]
Gemma 3 12B 66.9 [9] 49.9 [9] ↓ 49.8 [9]
Gemma 2 27B 58.8 [10] 35.1 [10] 34.8 [10]
Llama 3.1 70B 52.2 [11] 28.3 [12] ↓ 28.3 [12]
Gemma 3 4B 49.8 [12] 33.1 [11] ↑ 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. 273

Interestingly, we find that Claude Sonnet 4 now 274

moved from the second rank to first. Repeating the 275

experiments 10 times (Avg-10), gave exactly the 276

same results as the Avg-5. This findings is interest- 277

ing, since varying the questions with five instances 278

already gave a more robust, and realistic estimation 279

of math reasoning for the language and LLM. We 280

therefore recommend, math reasoning evaluation 281

should use Avg-5 setting as the default. 282

5 Conclusion 283

In this paper, we investigated the robustness of 284

LLM evaluation for math reasoning when pre- 285

sented with multiple instantiation of the same ques- 286

tion by varying names, digits and adding irrelevant 287

contexts. All LLMs achieved significant drop in 288

performance especially for low-resource languages. 289

We developed MGSM-Pro, an extension of MGSM 290

with five new instances per question to encourage 291

more robust and realistic evaluation across nine 292

typologically diverse languages. 293
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6 Limitations294

Our study has a few limitations. First, our dataset295

covers nine languages due to difficulty in finding296

reliable native annotators. Expanding MGSM-Pro297

to other languages such as Tamil would provide a298

more complete picture of multilnigual mathemat-299

ical robustness. Moreover, our evaluation covers300

only 12 models because of limited compute budget.301

It remains to be seen how other model families,302

such as Qwen3 or reasoning models like GPT-5,303

would perform. Thirdly, we only evaluated the304

models with a prompt that instruct reasoning in305

English. It would be interesting to see how mod-306

els perform when prompted to reason in other lan-307

guages. Fourth, while the MGSM dataset contains308

250 questions, our version utilizes 225. The re-309

maining 25 were excluded because their numerical310

equation and restrictions are flagged as wrong by311

human verification and also because there were312

difficulties in generating multiple unique numeri-313

cal instances. We plan on expanding the dataset314

to cover all 250 questions before the end of the315

reviewing period.316
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A MGSM-Pro Dataset 452

A.1 Language Details 453

The resource levels and language families of the 454

nine languages in MGSM-Pro are shown in Table 3. 455

Each language has 225 question templates out of 456

the 250 MGSM questions. 457

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

A.2 Name Categories 458

We categorize the replaced name entities into three 459

domains: People, Places, and Beasts. As shown 460

in Table 4, annotators provided a set of culturally 461

specific names for each name type to ensure local 462

relevance. In cases where a suitable local equiv- 463

alent did not exist, english alternatives would be 464

provided. 465

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 466

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 is467

paired with a corresponding IC sentence template.468

The curation of IC sentence template follows the469

methodology of (Shi et al., 2023), where we ensure470

that the irrelevant sentences have: 1) some related471

connection with the problem and 2) uses names472

found in the question. An examplar is shown in473

Figure 4.474

B Prompts for Large Language Models475

B.1 Evaluation Prompts476

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.

477

B.2 Template Construction Prompts478

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:

479

C Instructions for Annotators 480

This section provides a brief introduction to the 481

annotation guide for the MGSM-Pro dataset. We 482

categorize the MGSM-Pro annotation process into 483

two main tasks: 1) correcting native templates, and 484

2) providing native names 485

C.1 Template Correction Annotation 486

The goal of our study is to 487

↪→ create variations of the 488

↪→ same problem by changing 489

↪→ names and numbers within 490

↪→ the math problem while 491

↪→ keeping the logic intact. 492

↪→ The templates from your 493

↪→ annotation process will be 494

↪→ used in the future to 495

↪→ create math dataset. 496

497

For each problem template 498

↪→ correction , 3 items will be 499

↪→ provided for you to use. 500

501

1. English Template 502

This is the gold template. You 503

↪→ should make sure the native 504

↪→ language template is as 505

↪→ similar to the english 506

↪→ template as possible. 507

508

2. Original Native Question 509

This is the original native 510

↪→ question in the dataset. 511

↪→ You should use this as a 512

↪→ reference alongside the 513

↪→ English template to judge 514

↪→ if the Native language 515

↪→ template is correct. 516

517

3. Native Language Template 518

This is a machine -created native 519

↪→ language template. It could 520

↪→ very likely contain errors 521

↪→ . This is the template that 522

↪→ you will judge if it is 523

↪→ correct or not. 524

525

Below are the five critierias the 526

↪→ native language template 527

↪→ must achieve in order to be 528

↪→ considered as correct. 529
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530

1. Native Language Templates will531

↪→ need to contain the532

↪→ original question. I.E. the533

↪→ wording of the native534

↪→ template should not change535

↪→ from the native question ,536

↪→ the template should only be537

↪→ adding in the variable538

↪→ names. If this is not the539

↪→ case , you should ignore the540

↪→ Native Language Template541

↪→ and please provide the new542

↪→ annotated template inside543

↪→ the correction column544

545

2. No missing variable annotation546

↪→ . I.E. all names or digits547

↪→ tagged in English template548

↪→ is tagged in the native549

↪→ language template. You550

↪→ should add the551

↪→ corresponding {type , value}552

↪→ annotation around the553

↪→ target language word or554

↪→ number.555

556

3. No extra annotation. I.E.557

↪→ there is no extra variables558

↪→ annotated in the559

↪→ translation but was not in560

↪→ the English template. You561

↪→ should remove any { }562

↪→ markers around words or563

↪→ numbers that were not564

↪→ annotated in English.565

566

4. No incorrect bracket {} span.567

↪→ I.E. the annotated span is568

↪→ not too long or too short.569

↪→ You should adjust the570

↪→ braces so they exactly571

↪→ enclose the intended word572

↪→ or number , matching the573

↪→ English span.574

C.2 Native Name Annotation575

You will be given eight types of576

↪→ name.577

578

You will need to provide 10 names579

↪→ to each types that fit 580

↪→ into your native language. 581

↪→ The names should be 582

↪→ relevant to your specific 583

↪→ language and not English 584

↪→ names. However , if there 585

↪→ does not exist 10 unique 586

↪→ names for a specific name 587

↪→ category but at least one , 588

↪→ it is fine to provide less. 589

↪→ Moreover , if there are no 590

↪→ native names for a specific 591

↪→ name category , you can 592

↪→ provide english substitutes 593

↪→ . 594

595

The list of name types are as 596

↪→ follows: 597

598

Male name , Female name , Family 599

↪→ name , City name , Mountain 600

↪→ name , Dragon name , Dinosaur 601

↪→ name , Cat name 602

D Experiment Details 603

D.1 Evaluation Setup 604

Experiments were conducted on a high- 605

performance cluster (up to 8 nodes NVIDIA 606

H100GPUs) using VLLM (Kwon et al., 2023). 607

For the proprietary models and DeepSeek V3, we 608

utilized API keys to perform evaluation 609

D.2 Model size vs Robustness 610

Figure 5 shows the relationship between model 611

size and robustness to name and number varia- 612

tions within the GPT-OSS family. Unlike the 613

trends observed in the Gemma 3 family, larger 614

GPT-OSS models show better robustness to per- 615

formance drops. The contradictory findings across 616

different model families suggests that simply in- 617

creasing model scale does not automatically im- 618

prove robustness; instead, other factors like train- 619

ing methodologies and data mixtures likely play a 620

more significant role. 621

D.3 Leaderboard Rankings 622

As shown in Table 5, model rankings fluctuate 623

when models are tested on five distinct instances 624

of the same question with altered numbers and 625

names (i.e., SYM_N#). Mirroring the trends in Table 626
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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-627

dation and ranking instability when moving from628

the original to the 5-instance average. However,629

the rankings stabilize between the 5-instance and630

10-instance averages.631

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

Gemini Flash 2.5 86.2 [1] 72.9 [4] ↓ 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] ↓ 71.7 [5]
DeepSeek V3 81.2 [4] 75.4 [2] ↑ 75.3 [2]
GPT-4.1 80.4 [5] 66.6 [6] ↓ 66.2 [6]
GPT-OSS 120b 79.5 [6] 73.9 [3] ↑ 74.2 [3]
Gemma 3 27B 72.4 [7] 59.4 [8] ↓ 58.5 [8]
GPT-OSS 20b 67.7 [8] 59.6 [7] ↑ 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] ↑ 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 Results632
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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 86.2 87.3 82.8 68.4 62.6 68.3 62.8 92.9 93.7 93.9 78.0 78.1 77.9 78.2 96.0 95.1 94.5 80.9 77.3 81.2 77.7
Chinese 77.8 78.5 69.3 61.0 53.8 61.7 54.0 87.1 88.7 86.3 70.5 65.8 72.4 67.1 88.4 90.4 86.4 74.4 70.4 75.1 70.8
French 79.6 78.8 69.6 61.0 54.4 63.1 55.7 88.9 88.0 83.4 71.7 67.9 71.2 66.8 90.2 89.1 83.8 74.2 70.1 73.3 69.8
Japanese 70.2 65.3 58.4 52.2 43.6 50.8 42.0 84.0 79.1 77.6 64.0 58.7 63.5 58.5 85.8 81.1 78.8 67.3 62.4 66.8 63.6
Swahili 60.9 64.8 57.8 49.5 41.0 50.9 40.8 83.1 87.0 82.0 68.9 62.6 69.5 62.4 89.8 86.9 85.4 72.4 70.9 71.6 69.1
Amharic 43.1 43.7 38.1 32.8 28.0 34.2 29.2 68.4 71.1 68.0 57.2 51.6 55.6 54.1 71.1 72.4 68.7 57.1 55.0 58.0 54.8
Igbo 16.9 15.3 13.8 11.6 8.4 11.4 8.3 56.0 55.6 46.0 39.6 35.4 42.4 35.8 65.3 66.8 56.1 51.4 41.3 51.7 44.1
Yoruba 8.4 9.7 6.3 5.5 4.2 6.4 4.1 32.9 34.3 29.5 23.9 22.0 25.9 21.3 45.3 49.1 42.1 38.3 31.2 38.8 34.3
Twi 4.9 5.1 1.4 3.8 1.1 4.7 0.8 8.4 9.6 7.1 9.3 5.7 8.5 4.8 19.6 19.7 11.9 15.1 9.4 18.2 9.6

Average 49.8 49.8 44.2 38.4 33.0 39.1 33.1 66.9 67.5 63.7 53.7 49.7 54.1 49.9 72.4 72.3 67.5 59.0 54.2 59.4 54.8

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 80.4 80.3 57.0 54.0 55.3 52.4 96.4 94.6 94.7 85.6 85.2 85.4 84.3 97.3 95.5 94.8 80.7 81.3 82.3 81.2
Chinese 82.7 87.5 81.3 55.8 52.6 58.2 52.4 87.1 90.4 86.9 80.3 78.8 79.4 76.8 90.2 91.4 89.4 79.8 75.8 80.2 78.7
French 67.6 70.3 59.7 49.2 38.6 51.0 41.9 92.0 88.9 89.1 77.9 76.7 78.4 76.1 92.4 89.8 87.8 77.1 74.8 75.7 74.6
Japanese 79.6 73.5 67.5 49.2 42.9 50.1 43.8 84.9 82.8 80.3 72.3 67.6 70.7 68.2 87.6 82.8 81.6 72.6 69.8 71.2 70.5
Swahili 82.7 83.5 76.7 54.6 49.0 55.8 49.3 93.3 91.6 89.8 80.6 78.0 80.4 77.5 92.4 91.6 91.1 78.8 80.4 79.7 80.1
Amharic 40.0 47.9 41.0 25.4 24.9 26.0 24.7 80.0 80.3 80.4 68.0 69.1 69.4 69.1 82.2 82.8 82.8 70.5 68.3 71.9 70.2
Igbo 44.9 45.6 41.6 26.4 22.3 28.3 23.3 79.6 81.2 76.7 66.7 63.3 67.4 62.9 82.2 82.2 81.4 69.4 67.9 68.4 67.3
Yoruba 35.6 34.4 30.7 19.9 17.5 19.6 16.6 81.3 78.6 72.9 64.6 62.6 66.7 61.9 84.9 84.7 82.7 69.2 68.4 71.0 67.2
Twi 20.0 21.7 13.5 12.9 9.6 16.0 11.7 64.0 66.7 58.6 50.9 47.5 53.7 46.9 66.2 68.2 62.8 55.7 52.0 55.7 50.7

Average 58.8 60.5 54.7 38.9 34.6 40.0 35.1 84.3 83.9 81.0 71.9 69.9 72.4 69.3 86.2 85.4 83.8 72.7 71.0 72.9 71.2

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-OSS 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 94.2 88.1 90.0 81.9 90.2 82.6 96.9 97.2 95.0 93.9 91.9 92.7 91.8 96.9 95.6 93.5 82.8 79.6 82.5 81.0
Chinese 88.9 89.6 85.0 84.3 81.6 84.8 82.0 92.0 93.2 91.7 90.3 88.1 89.0 89.7 90.2 92.9 91.6 77.8 77.5 79.6 76.8
French 88.9 88.8 84.7 84.4 81.3 83.4 81.2 92.0 90.0 89.2 87.4 86.4 86.1 86.0 90.2 88.4 87.4 76.5 74.3 76.3 75.2
Japanese 85.3 79.7 73.5 76.4 73.0 74.6 72.4 89.3 84.5 82.7 81.0 80.6 80.8 80.4 88.4 83.8 82.6 71.7 70.8 72.5 71.3
Swahili 74.7 74.7 63.8 66.2 56.2 65.6 55.5 84.9 86.6 83.7 81.5 78.4 80.4 78.9 92.4 91.0 90.0 78.9 79.1 80.1 78.7
Amharic 41.3 35.9 25.5 31.3 21.5 31.9 22.4 60.4 64.4 60.1 57.3 53.6 59.3 53.3 66.7 67.9 67.1 52.1 51.5 51.7 51.4
Igbo 57.3 58.1 46.6 49.0 39.8 48.6 38.0 77.8 79.0 73.4 69.4 65.4 69.0 65.1 80.4 78.1 72.3 62.0 56.8 60.7 57.2
Yoruba 52.0 48.1 37.3 38.9 31.5 38.0 31.1 77.3 72.7 69.7 66.4 61.8 65.1 62.1 74.2 76.2 70.8 61.3 58.0 60.1 56.1
Twi 24.4 19.8 12.9 18.8 11.7 19.7 11.9 44.9 46.9 36.9 39.6 32.4 42.7 35.2 44.4 46.1 36.0 33.2 29.5 35.8 28.0

Average 67.7 65.4 57.5 59.9 53.2 59.6 53.0 79.5 79.4 75.8 74.1 71.0 73.9 71.4 80.4 80.0 76.8 66.3 64.1 66.6 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 96.9 94.4 91.6 69.6 66.2 68.4 65.5 98.7 97.3 95.5 93.3 91.6 93.2 90.4 98.2 97.5 96.9 91.6 90.6 91.6 89.4
Chinese 69.3 74.6 65.8 52.3 41.6 51.8 46.1 92.4 93.3 92.0 90.1 88.9 90.0 88.2 93.3 94.0 91.8 88.9 87.6 89.3 86.8
French 75.1 76.2 63.3 47.8 40.4 50.1 41.0 91.1 90.6 89.2 88.8 86.2 87.6 86.1 92.9 92.2 91.7 86.3 86.2 86.7 85.8
Japanese 69.3 64.6 55.6 41.7 34.0 41.5 31.7 88.9 83.7 82.8 80.1 79.9 80.6 80.0 91.1 85.1 83.8 80.6 79.1 79.5 78.5
Swahili 64.0 66.2 51.9 42.8 33.3 41.2 33.7 92.0 91.7 91.2 87.8 85.8 87.6 86.6 92.4 93.2 92.6 86.0 85.9 86.7 86.6
Amharic 15.1 21.0 5.4 13.2 4.0 11.2 3.6 76.4 77.4 74.8 73.0 67.2 73.2 68.6 83.1 82.8 80.2 74.1 73.9 74.3 73.1
Igbo 43.6 49.7 34.3 27.6 19.0 26.4 18.8 75.1 75.6 69.4 66.4 60.9 65.3 61.2 79.6 80.0 78.5 68.7 67.8 72.3 69.0
Yoruba 20.9 23.5 12.4 14.1 9.2 12.1 9.4 67.6 66.8 59.2 57.6 54.1 59.0 53.8 77.8 79.7 75.5 67.7 67.6 67.9 65.3
Twi 16.0 16.6 7.3 8.7 4.2 11.3 5.1 48.9 44.9 38.0 40.4 30.0 42.0 30.9 54.7 54.8 47.1 45.9 39.5 46.1 38.7

Average 52.2 54.1 43.1 35.3 28.0 34.9 28.3 81.2 80.2 76.9 75.3 71.7 75.4 71.8 84.8 84.4 82.0 76.6 75.3 77.1 74.8

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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