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Abstract001

Large language models (LLMs) have demon-002
strated significant capabilities in solving mathe-003
matical problems expressed in natural language.004
However, multilingual and culturally-grounded005
mathematical reasoning in low-resource lan-006
guages lags behind English due to the scarcity007
of socio-cultural task datasets that reflect ac-008
curate native entities such as person names,009
organization names, and currencies. Exist-010
ing multilingual benchmarks are predominantly011
produced via translation and typically retain012
English-centric entities, owing to the high cost013
associated with human annotater-based local-014
ization. Moreover, automated localization tools015
are limited, and hence, truly localized datasets016
remain scarce. In this work, we study the017
cultural robustness of large language models018
by examining the impact of culturally specific019
entities and the biases introduced by English-020
centric benchmarks. To bridge this gap, we021
introduce a framework for LLM-driven cul-022
tural localization of math word problems that023
automatically constructs datasets with native024
names, organizations, and currencies from ex-025
isting sources. We find that translated bench-026
marks can obscure true multilingual math abil-027
ity under appropriate socio-cultural contexts.028
Through extensive experiments, we also show029
that our framework can help mitigate English-030
centric entity bias and improves robustness031
when native entities are introduced across vari-032
ous languages.033

1 Introduction034

Mathematical reasoning has been adopted as a core035

milestone in large language model understanding036

research (Yan et al., 2024; Ahn et al., 2024a,b).037

Math word problems (MWPs), a key component of038

mathematical reasoning tasks, have been widely ex-039

plored as a challenging benchmark for LLMs (Sri-040

vatsa and Kochmar, 2024). MWPs are character-041

ized by their integration of mathematical knowl-042

edge with scenarios drawn from everyday activi-043

Mandy owes Benedict $ 100. They agreed to have
monthly interest of 2%. If Mandy was able to pay it
after 3 months, how much should she give to
Benedict?

Mandy anadaiwa $ 100 na Benedict . Wamekubali
kuwa na riba ya kila mwezi ya 2%. Ikiwa Mandy
aliweza kulipa baada ya miezi 3, anafaa kumpa
Benedict pesa ngapi?

106.12

106.12

106.0

Default English

Direct translation (Swahili)

Auto localized (Swahili)

Camari anadaiwa shilingi 100 na Julani . Wamekubali
kuwa na riba ya kila mwezi ya 2%. Ikiwa Camari 
aliweza kulipa baada ya miezi 3, anafaa kumpa
Julani pesa ngapi?

Figure 1: An example showcasing an English math word
problem, its direct translation, and an automatically
localized version with culturally adapted entities. While
the problem structure remains identical, large language
models (LLMs) often fail to answer correctly when
entity names or currencies are altered. This highlights a
key limitation in current LLM robustness. In this paper,
our goal is to audit models and rectify their robustness
issues so that remain consistent and accurate across such
culturally grounded variations.

ties, which can vary across cultures. The ability 044

of low-resource and multilingual LLMs to solve 045

MWPs correctly depends on multiple factors: (1) 046

the language used to prompt the models (Adelani 047

et al., 2024) and (2) the linguistic complexity of the 048

questions (Srivatsa and Kochmar, 2024). Despite 049

their impressive performance on MWPs, a crucial 050

question remains: do LLMs truly retain perfor- 051

mance under culturally diverse MWPs, even when 052

the underlying mathematical structure remains un- 053

changed? 054

Low-resource language (LRL) math word prob- 055
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lem evaluation heavily relies on human or machine-056

translated benchmarks, as demonstrated by the057

translation of GSM8K (Cobbe et al., 2021) (a058

dataset of 8.79K high-quality, linguistically di-059

verse grade school math word problems) into060

GSM8K_zh for Chinese (Yu et al., 2023), MGSM061

for 10 typologically diverse languages (Shi et al.,062

2022a), and AfriMGSM for 18 African lan-063

guages (Adelani et al., 2024). Existing human-064

or machine-translated benchmarks often fail to ac-065

count for local cultural contexts, which include066

day-to-day activities, common names, and local067

currencies. As a result, evaluating LLMs on such068

non-localized data primarily measures their math-069

ematical understanding ability in English-centric070

scenarios, names, and currencies.071

In this work, we investigate the task of creat-072

ing more culturally aligned math word problems073

from their translated variants. Owing to the high074

costs associated with human-based localization, it075

is imperative to develop automated frameworks ca-076

pable of producing large-scale datasets. Therefore,077

this motivates our first research question in this078

work: (RQ1) Can LLM-driven pipelines be used079

to localize translated benchmarks for low-resource080

languages?081

Moreover, given that a significant number of082

benchmark datasets are created using translation083

(Alabi et al., 2025) and do not study appropriate084

socio-culturally grounded datasets (see Figure 1)085

we propose an automated framework for socio-086

cultural localization of MWPs in low-resource lan-087

guages. Using our framework, we can study our088

second research question, as follows: (RQ2) Does089

introducing socio-cultural local entities in trans-090

lated existing benchmarks reveal performance dis-091

parities? We undertake several experiments to092

study RQ2 for both low-resource languages (LRLs)093

and English to ascertain the performance gaps. Fi-094

nally, we utilize our framework to generate local-095

ized MWPs for 18 African Languages covered096

by (Adelani et al., 2024) and investigate our final097

research question: (RQ3) Can automated local-098

ization improve model robustness by augmenting099

benchmarks with culturally adapted variants?100

To address these questions, our work makes the101

following contributions:102

• We develop an LLM-driven localization103

pipeline to generate culturally adapted ver-104

sions of translated datasets by replacing key105

entities with apt socio-cultural variants and106

processed localized MWP datasets.1 107

• Further, through extensive experiments en- 108

abled via our framework, we investigate per- 109

formance disparities between localized and 110

directly translated benchmarks across sev- 111

eral LLMs like Gemma and LLaMA models. 112

Our findings reveal how the presence of cul- 113

tural entities influences LLMs’ ability to solve 114

mathematical word problems. For instance, 115

we observe as much as 9% (numeric match) 116

drop in performance for GPT-4o-mini (with 117

similar trends seen across other LLMs). 118

• Then, using the localized data generated by 119

our automated localization framework, we 120

fine-tune LLMs on these socio-cultural MWP 121

variants and find that model robustness and 122

generalization improves significantly across 123

multiple languages, thereby paving the way 124

for improving the performance of LLMs in a 125

straightforward manner. 126

2 Related Work 127

Math World Problems. Math word problems are 128

mathematical questions framed in everyday lan- 129

guage, often grounded in real-life scenarios and 130

activities rather than expressed purely through ab- 131

stract symbols or equations (Cobbe et al., 2021). 132

These problems serve as an engaging way to learn 133

mathematical reasoning, as they require not only 134

computational skills but also the ability to interpret 135

and model real-world situations. 136

LLM Robustness. Although LLMs are highly ca- 137

pable of solving complex tasks, they often struggle 138

with simple variations in input (Askari et al., 2025; 139

Chhabra et al., 2024; Achara and Chhabra, 2025). 140

For example, Abedin et al. (2025) demonstrate 141

that even minor perturbations such as spelling mis- 142

takes can significantly impact model performance, 143

a challenge that is particularly pronounced in low- 144

resource settings and evaluations. 145

Translation and Localization. Translating ex- 146

isting benchmarks is one of the simplest ap- 147

proaches to benchmark creation, particularly for 148

low-resource languages that lack dedicated eval- 149

uation datasets. In such cases, researchers often 150

resort to translating established benchmarks from 151

high-resource languages to enable evaluation and 152

comparison (Adelani et al., 2024; Koto et al., 2024; 153

1resources will be made available upon acceptance
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Stages Example

1 English xen Mandy owes Benedict $ 100. They agreed to have monthly interest
of 2%. If Mandy was able to pay it after 3 months, how much
should she give to Benedict?

2 Translated
xtrans ← xen

Mandy anadaiwa $ 100 na Benedict . Wamekubali kuwa na riba ya
kila mwezi ya 2%. Ikiwa Mandy aliweza kulipa baada ya miezi 3,
anafaa kumpa Benedict pesa ngapi?

3 Important entities

ent = LLM (xen)
{“personal_names”:[“Mandy”,“Benedict”],“currencies”:[“$”]”,
“organization_names”:[]}

4 replacement dictionary
replacement_dict = fn(en, db)

{“Mandy”: “Camari”, “Benedict”: “Julani”, “$”: “shilingi”,
“dollar”: “shilingi”}

5 Entity replaced
xent = fn(xtrans, replacement_dict)

Camari owes Julani shilingi 100. They agreed to have monthly
interest of 2%. If Camari was able to pay it after 3 months, how
much should she give to Julani?

6 Auto Localized

x̂loc = LLM ((xen, xtrans), xent)

Camari anadaiwa shilingi 100 na Julani . Wamekubali kuwa na riba
ya kila mwezi ya 2%. Ikiwa Camari aliweza kulipa baada ya miezi
3, anafaa kumpa Julani pesa ngapi?

7 Quality Check length(x̂loc) == length(xtrans), key entities not in x̂loc,
replacement entities in x̂loc , and similarity(x̂loc, xtrans) >
0.8, Full human verification for the test set and sampled human
verification for the training set. if failed return (xtrans)

Table 1: The different stages of our MWP automated localization framework for low-resource languages. We
show a step-by-step transformation from English to a culturally and linguistically localized Swahili version: direct
translation, name and currency replacements, a semi-localized substitution, and the final fluent localization. Colored
highlights indicate aligned entities across languages; occurrences of LLM denote the use of an LLM.

Li et al., 2023; Son et al., 2024). In African context154

close to 30% of resource papers translate exist-155

ing benchmarks to create language specific bench-156

marks (Alabi et al., 2025). However, to better re-157

flect native cultural identities and move away from158

the Western-centric concepts that often persist in159

translated benchmarks, some researchers have be-160

gun developing fully localized benchmarks (Yu161

et al., 2025). This work complements manual local-162

ization and cultural adaptation efforts by reducing163

the scale and resources required to acquire such164

data.165

Automatic Entity based Augmentation. In addi-166

tion to manual localization efforts carried out by167

volunteers, Ye et al. (2024) introduce a novel data168

augmentation technique that leverages large lan-169

guage models (LLMs). Specifically, they apply this170

method to enhance performance in few-shot Named171

Entity Recognition (NER) tasks, demonstrating172

that LLM-driven augmentations can serve as a valu-173

able complement to human-curated resources.174

Mathematics and Cultural Entities. Karim et al.175

(2025); Tomar et al. (2025) examined the influence176

of cultural context on mathematical problems by177

analyzing the impact of culturally grounded enti-178

ties such as personal names and food items. How-179

ever, one critical dimension that remains underex-180

plored is the role of language itself and the biases181

that can be propagated through translation. Since182

the significant number of multilingual training and183

evaluation datasets are created via translation from 184

high-resource languages (Alabi et al., 2025), they 185

often fail to capture the linguistic and cultural nu- 186

ances of the target languages. Evaluating model 187

robustness in the presence of culturally specific en- 188

tities is a critical challenge, especially as LLMs are 189

increasingly deployed in real-world applications. 190

Native language speakers naturally refer to famil- 191

iar names, organizations, and currencies from their 192

own cultural context, making it essential for models 193

to handle such variations reliably. 194

In this work, we advance multilingual evalua- 195

tion by establishing cultural robustness as a first- 196

class axis of analysis, systematically demonstrating 197

how language choice and culturally specific enti- 198

ties impact model performance and expose biases 199

arising from English-centric entities commonly pre- 200

served in translated benchmarks. We introduce an 201

automated and controlled localization pipeline that 202

operationalizes entity replacement at scale across 203

18 low-resource languages, explicitly decouples 204

translation from cultural localization, and enforces 205

structural and semantic consistency through auto- 206

mated quality-control mechanisms. Building on 207

this framework, we release large-scale culturally 208

localized benchmark variants that enable principled 209

robustness evaluation and effective fine-tuning, sup- 210

porting both scalable generalization and reliable 211

performance under culturally grounded conditions. 212
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3 Methodology213

3.1 Pipeline214

Figure 1, shows our proposed automated pipeline215

for socio-cultural localization on MWPs. We first216

extract personal names, organization names, and217

currencies, and then replace them with manually218

collected local entities. Then, we generate accu-219

rately localized training and test sets for our ex-220

periments. Unlike LLM-based localization, our221

approach ensures that all relevant entities, particu-222

larly those critical to the problem, are consistently223

and correctly replaced. Additionally, we incorpo-224

rate manual verification steps to further improve225

localization quality and ensure high fidelity in cul-226

turally adapting the benchmarks.227

Below, we outline the key stages of our frame-228

work pipeline and discuss the design choices that229

guided its development:230

Entity Classification. Our pipeline processes each231

word in the input text and classifies it as a personal232

name, organization name, or currency. We chose233

to focus on these entity types to enable controlled234

generation and replacement, ensuring that the orig-235

inal meaning of the sentence is preserved and that236

no unintended or confusing content is introduced.237

Replacing animal and food names tend to gener-238

ate sentences that lack contextual meaning even239

though our pipeline can handle it easily. While we240

evaluated several Named Entity Recognition (NER)241

methods (Tjong Kim Sang and De Meulder, 2003)242

and POS tagging using spaCy2, we found that large243

language models (LLMs) with structured output244

formats were significantly more robust. In particu-245

lar, they handled variations in spelling and casing246

more effectively, which are common failure points247

for traditional models. Additionally, using LLMs248

for entity classification enables a more scalable249

pipeline, allowing for easy extension to include ad-250

ditional entity types based on the requirements of251

the task.252

Multilingual Entity Database. To ensure that the253

entities used for replacement were culturally rele-254

vant, we collaborated with a team of volunteers to255

curate unisex personal names, organization names,256

and representative currency values for each lan-257

guage. Special attention was given to selecting258

unisex names to avoid introducing gender-specific259

biases or incorrect pronoun associations.260

Replacement Dictionary Creation. Using the261

2https://spacy.io/usage/linguistic-features

output of the entity classification step, we assign 262

replacement entities to each extracted item by refer- 263

encing a multilingual entity database, as illustrated 264

in Stage 4 of Table 1. 265

Auto Localization. Our pipeline operates on three 266

versions of each input sample: the original English 267

sentence (xen), its direct translation into a target 268

language (xtrans), and an entity-replaced version of 269

the translation (xent), as illustrated in Table 1. 270

To generate a properly localized version of xent, 271

we use a one-shot prompting setup. Specifically, 272

we construct a prompt by showing the LLM the 273

pair (xen, xtrans) as an example, and then ask it to 274

translate xent accordingly: 275

LLM ([(xen, xtrans), xent]) → x̂loc 276

This method provides stronger contextual 277

grounding and helps the model preserve the struc- 278

ture and fluency of the target language. Empiri- 279

cally, we found it to be more effective than directly 280

prompting the LLM to localize text without refer- 281

ence examples. 282

Quality Check Blocks. Between most of the mod- 283

ules in our pipeline, we applied lightweight quality 284

checks to ensure accurate and consistent localiza- 285

tion. The core motivation for building this con- 286

trolled pipeline, as opposed to relying solely on 287

fully automated localization with LLMs, is to guar- 288

antee that the model either produces a localized ver- 289

sion of the text or returns the original non-localized 290

text if no entities are detected. This conditional 291

behavior prevents unnecessary modifications and 292

maintains data integrity. 293

As shown in stage 7 of Table 1, our quality con- 294

trol measures ensure no overlapping or inconsistent 295

entity replacements, enforce a single currency type 296

per problem to avoid conversion errors, verify that 297

localized outputs match the length of their direct 298

translations, and check similarity between local- 299

ized and translated text using the difflib library.3 300

Since all languages share the same entity-replaced 301

text (xent), human verification only requires com- 302

paring entities in the replacement dictionary. This 303

prevents unnecessary additions by LLMs, main- 304

tains prompt consistency, and keeps outputs close 305

to the original structure. 306

LLMs for Localization. In this work, we 307

leveraged Gemini models (Comanici et al., 2025) 308

due to their exceptional multilingual performance 309

3docs.python.org/3/library/difflib.html
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source split #source #localized #lang.

GSM8K train 8790 25100 18
Localized-AfriMGSM test 4500 4500 18

Table 2: Datasets used in our auto localization frame-
work and their details (sources, size, split).

shown by natural language generation (NLG)310

multilingual benchmarks (Ojo et al., 2023). To311

reduce experimental costs while assessing our ap-312

proach, we used Gemini-1.5-pro for evaluation of313

the framework, and employed Gemini-2.5-pro for314

the final data generation.315

3.2 Datasets Used316

Evaluation Dataset. AfriMGSM (Adelani et al.,317

2024) is a manually translated benchmark spanning318

18 languages sourced from MGSM (Shi et al.,319

2022b). We found that ≈86% of the test set,320

includes at least one important entity. Using the321

English and manually translated pairs, we created a322

localized evaluation dataset by replacing these en-323

tities with culturally appropriate local alternatives324

while keeping the rest of the problem content un-325

changed. The correctness of the localized dataset326

was verified through manual inspection by the327

authors. Since the approach returns the unlocalized328

item if it fails, no additional noise is introduced.329

Training Dataset. Due to the lack of manually330

translated training datasets for math word prob-331

lems across all target languages, we leveraged the332

GSM8K dataset from Cobbe et al. (2021) and ap-333

plied our pipeline to generate translated and local-334

ized versions. For translation, we used the NLLB-335

200-3.3B model (NLLB Team et al., 2022), which336

we consider to offer the best trade-off between337

model size and translation quality among open-338

source models that support all the languages con-339

sidered in this work.340

To ensure translation quality, we filtered the341

outputs using SSA-COMMET (Li et al., 2025),342

a sentence-level semantic similarity metric that343

scores translation quality on a scale from 0 to 1,344

with 1 indicating perfect translation. Based on the345

score distribution shown in the Appendix F, we346

retained only translations with a COMMET score347

above 0.65. From these, we selected the top 1,500348

examples per language for automatic localization349

and use as training data in our after localizing each.350

While intermediate experiments leverage Gemini-351

1.5-pro to evaluate the pipeline and assess its ef-352

fectiveness due to cost constraints and to avoid353

Figure 2: Human Validated Comparison of Localiza-
tion Quality Between Auto Localization and Direct
Prompting (Gemini-1.5-pro). Our auto localization
framework produces significantly better and appropriate
culturally localized outputs compared to direct prompt-
ing, which often fails to adapt entities to the target cul-
ture.

unwanted behaviors, such as prompt caching4, the 354

final dataset is generated using Gemini-2.5-pro to 355

ensure the highest quality standards. 356

4 Experimental Setup 357

Evaluated LLMs. In this work, we evaluated both 358

open-source and closed-source models commonly 359

studied in existing multilingual mathematical re- 360

search. Our selection spans a range of model 361

sizes, including Aya-expanse-32b, Deepseek-r1- 362

distill-llama-70b, Gemma-2-9b-it, GPT-4o-mini, 363

LLaMA-3-70B-Instruct and Mistrial-nemo-instruct- 364

2407 (Dang et al., 2024), The finetuning exper- 365

iments are done only on LLaMA-3-8B-Instruct, 366

Gemma-2-9b-it because of compute constraints. 367

Evaluation Metrics. In this work we leveraged 368

Numeric Match (NM), metric that checks whether 369

the predicted numerical value matches the ground 370

truth, ignoring differences in formatting such as 371

units or punctuation after converting them into 372

floating point data and account for errors between 373

them. Moreover, for ensuring robustness and mini- 374

mal noise via prompt selection, we adopted three 375

prompt variations from (Adelani et al., 2024) for 376

our experiments. We further customized them 377

to return only the final output without intermedi- 378

ate steps. In low-resource and multilingual sce- 379

narios, extracting reliable intermediate reasoning 380

steps is challenging due to language-specific ex- 381

pression, inconsistent formatting, and the absence 382

of standardized reasoning annotations across lan- 383

guages. Final-answer evaluation therefore provides 384

a language-agnostic and comparable signal that 385

4https://ai.google.dev/gemini-api/docs/
caching?lang=python
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Figure 3: Direct Translation (AfriMGSM) vs. Auto Localization (Localized-AfriMGSM) Numeric Match
performance. We observe performance differences between translated and localized benchmark indicating a lack
of robustness in LLM mathematical ability for real-life culturally localized MWP variants.

isolates whether entity-level cultural changes al-386

ter task success, independent of how reasoning is387

verbalized.388

Importantly, our analysis focuses on relative per-389

formance shifts between translated and culturally390

localized variants rather than absolute accuracy.391

Under this controlled comparison, differences in392

final-answer accuracy can be attributed to sensitiv-393

ity to cultural entities, even if the underlying failure394

manifests as reasoning, arithmetic, or formatting395

errors. We view finer-grained diagnostic analyses396

as a valuable direction for future work, particularly397

as multilingual reasoning benchmarks mature.398

5 Results and Analysis399

We now present the results of our experiments400

across several LLMs and our generated localized401

datasets to answer each of our RQs:402

(RQ1) Can LLM-driven pipelines be used to403

localize translated benchmarks? To address the404

high cost associated with using human translators405

for creating localized versions of datasets, we406

introduce an automatic pipeline that generates407

culturally adapted versions of mathematical word408

problems. While this pipeline is not intended to409

replace human annotators, it serves as a valuable410

tool for producing augmented datasets that help411

improve the robustness of LLMs to entity-based 412

variations in problems. 413

In our first set of experiments (please see Figure 414

2), we used Gemini-1.5-pro to generate localized 415

versions of the dataset using both our six-stage lo- 416

calization pipeline and direct prompting via the 417

Gemini API. Once both localized dataset variants 418

were generated, three independent annotators eval- 419

uated each instance and labeled it as either a valid 420

or invalid localization. Inter-annotator agreement 421

was then measured using Cohen’s kappa, yielding 422

strong agreement for both methods: 0.79 for Au- 423

toLocalized and 0.84 for DirectPrompting. These 424

results indicate high annotation consistency and 425

support the reliability of the localization pipeline. 426

Importantly, the approach does not rely on the lat- 427

est or largest language models; comparable perfor- 428

mance is achieved using earlier-generation models 429

such as Gemini-1.5-pro, demonstrating the robust- 430

ness and efficiency of the proposed method. 431

Next, we compare final downstream task perfor- 432

mance across directly translated and auto localized 433

versions of MWPs. These results are provided in 434

Figure 2 and illustrate the effectiveness of our lo- 435

calization pipeline compared to manual prompting. 436

In addition to improved performance and more ac- 437

curate localization, our method offers greater con- 438

trol over the types of modifications applied. Man- 439
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Figure 4: Effect of Cultural Entities on English Benchmarks. We investigate whether replacing default English
entities with culturally specific entities (xent; see Table 1) influences model performance. The results show that
across models and languages, the inclusion of local entities consistently shifts evaluation outcomes, indicating that
cultural grounding plays a measurable role in benchmark performance.

ual prompting performs well when there are direct440

equivalents for names across languages, but it often441

returns the original translation rather than a prop-442

erly localized version. This limits its effectiveness443

in producing culturally adapted outputs. In Figure 2444

items that are not localized include, names or orga-445

nization names the pipeline was not able to capture446

and fallback output because quality checker.447

(RQ2) Does introducing local entities in trans-448

lated benchmarks reveal performance disparities449

for MWPs in LRLs and English? We first analyze450

LRLs and then English language MWPs. Given451

that 30% of newly created African datasets are452

based on translated content (Alabi et al., 2025),453

it is important to assess whether LLMs are over-454

fitting to English-centric entities commonly pre-455

served during translation. Such overfitting may456

lead to performance degradation when these en-457

tities are replaced with their native counterparts.458

In this work, we hypothesize that models should459

perform better when evaluated on data containing460

english entities because english centric bias that is461

found in most training and evaluation dataset.462

Figure 3 illustrates the performance differences463

between models evaluated on translated bench-464

marks and those evaluated on automatically local-465

ized benchmarks, highlighting the impact of entity466

localization on model robustness. We can observe467

that the all models except Gemma-2-27b-it per-468

form well on translated benchmarks. This shows 469

the translated benchmarks tend to mislead the per- 470

formance of models and the evaluation doesn’t di- 471

rectly simulate the real life usage when people use 472

their local entities in the problems. 473

Gemma-2-27b-it demonstrates more consistent 474

results across both native and English-centric 475

benchmarks. At the language-specific level, we 476

observe that French and Swahili, relatively higher- 477

resource languages, show pronounced effects in the 478

Deepseek-r1-distill-llama-70b and Mistrial-nemo- 479

instruct-2407 models. 480

Next, Figure 4 shows the performance of math 481

word problems in English where personal names, 482

organization names, and currencies have been re- 483

placed with entities from the respective target lan- 484

guages. We compare these results with baseline 485

scores obtained from the original English bench- 486

mark, which contains English-centric names and 487

currencies. This comparison allows us to evaluate 488

the impact of introducing culturally specific entities 489

into English problem statements. 490

Both LLaMA-3-70B-Instruct and GPT-4o- 491

mini achieve higher accuracy on the localized 492

(native-entity) variant than on the English bench- 493

mark, whereas the Aya-expanse-32b model’s per- 494

formance lags behind. Gemma-2-27b-it generally 495

tracks the localized variant more closely, despite 496

occasional dips and overshoots. We have relatively 497

similar trends across languages unlike LRL related 498
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Languages
LLaMA-3-8B-Instruct Gemma-2-9b-it

xtrans xent x̂loc all data # samples xtrans xent x̂loc all data # samples

Hausa -0.13 -0.27 -1.20 0.80 5k -1.73 0.93 1.07 0.40 10k
Swahili 0.40 1.33 -0.53 0.67 1k -2.00 1.60 1.20 1.07 5k
Ewe -0.67 0.13 0.27 0.80 25k 0.27 -0.53 0.27 1.20 25k
Twi 0.67 -0.27 0.53 -0.93 10k -0.27 0.13 -0.53 0.67 1k
Wolof -0.27 -0.13 0.93 0.93 1k -0.40 -0.27 0.27 0.67 5k
Lingala -0.13 -0.67 0.27 0.67 1k 0.40 0.67 2.00 1.47 10k
Luganda -0.13 0.13 0.00 0.40 1k 0.13 -1.59 1.07 0.27 5k
Oromo -0.40 -0.80 -0.53 0.67 10k -0.27 -0.40 0.80 -1.07 1k
Shona -1.73 -0.27 -0.13 0.93 1k 2.27 -0.27 1.20 1.60 1k
Xhosa -0.27 -1.20 0.27 0.93 1k 0.67 0.00 1.07 1.87 1k
Yoruba -1.07 -0.67 -0.40 0.27 1k 0.00 0.13 1.20 0.13 1k
Kinyarwanda 0.27 -0.27 -0.40 1.73 1k 0.00 -1.60 0.67 0.67 25k
Zulu 0.27 -1.07 0.80 -0.80 1k -0.67 1.20 0.40 0.13 1k
Sotho -0.40 0.00 0.40 0.53 1k 0.00 -1.60 0.67 0.67 10k
Igbo 0.00 -0.27 0.13 0.67 1k -0.53 1.87 0.67 0.27 1k
Amharic 0.13 -1.20 1.07 0.93 1k -1.73 0.93 1.07 0.40 25k
French 1.07 0.93 0.67 -0.93 5k -1.07 -1.33 -0.93 0.53 10k

# Native Robust Lang. 6 4 10 14 5 8 15 16

Table 3: Native Robustness (Numeric Match ∆). We report ∆NM = NMlocalized − NMtranslated across sampled
data fine-tunings for translated data (xtrans), English entity–replaced data (xent), auto-localized data (x̂loc), and all
data combined. Positive values indicate higher robustness on localized benchmarks, Negative values indicate

stronger performance on English-centric benchmarks, and Yellow denotes no change.

experiments.499

(RQ3) Can automatic localization improve model500

robustness by augmenting benchmarks with cul-501

turally adapted variants? Figure 3 presents the502

performance of models on different flavors of503

MWP data. From the multilingual dataset we504

created through translation (xtrans), English en-505

tity–replacement (xent), auto-localization (x̂loc),506

and a combination of all datasets, we randomly507

sampled subsets of 1k, 5k, 10k, and the full 25k508

examples for model training. We opted for various509

training set sizes since different languages require510

different volumes of training data to enhance model511

robustness across localized MWP versions.512

Evaluation was then conducted on both the orig-513

inal translated datasets and our localized versions514

to assess performance differences achieved. This515

comparison helps us understand whether the in-516

clusion of native cultural entities affects model517

behavior. We observe that both LLaMA-3-8B-518

Instruct and Gemma-2-9b-it models exhibit im-519

proved robustness to entity changes in several lan-520

guages. For both models, the best performance is521

achieved when localization is combined with addi-522

tional noisy data, indicating that diverse training523

sources can enhance generalization.524

Looking at the translated (xtrans) and English525

entity–replaced (xent) data, Gemma-2-9b-it demon-526

strates stronger performance when local entities527

are present in the questions, whereas LLaMA-3-528

8B-Instruct exhibits a performance drop. Incorpo-529

rating localized datasets in addition to language 530

changes in the training set leads to improvements 531

over purely translated benchmarks in both models, 532

though Gemma-2-9b-it benefits more from this ef- 533

fect. Finally, combining all datasets yields models 534

that are more robust to these variations. 535

6 Conclusion 536

Due to the scarcity of native, low-resource mathe- 537

matical reasoning datasets that include local enti- 538

ties, translation remains the predominant source of 539

benchmark questions. However, performance on 540

these translated benchmarks is highly sensitive to 541

English-centric terms. We present a framework that 542

culturally localizes translated datasets into variants 543

enriched with local entities . We highlight the bi- 544

ases and instabilities introduced by translation-only 545

benchmarks and show that our localization frame- 546

work improves model robustness in the presence of 547

native entities. 548

Greater emphasis should be placed on creating 549

MWPs that center around the cultural activities 550

of the target community, in addition to incorpo- 551

rating cultural names into existing ones. For fu- 552

ture work, we will use this framework for more 553

reasoning-focused evaluations, create strong multi- 554

lingual training datasets, and extend the approach 555

beyond mathematics to complement translation- 556

based benchmarking in other tasks. 557
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Limitations558

Due to the high cost associated with human-559

centered localization, we developed an automatic560

localization pipeline capable of generating cul-561

turally relevant datasets from translated, English-562

centric data. While this pipeline offers a scalable563

and efficient solution for large-scale dataset cre-564

ation, it is not intended to replace human annota-565

tion. In scenarios where the cost of data acquisition566

is not a constraint, human-centered localization567

should be preferred for its higher accuracy and568

cultural fidelity. The primary advantage of our au-569

tomated approach lies in its ability to support the570

expansion of training pipelines across multiple lan-571

guages and domains with minimal manual effort.572

We galvanize the community to place greater em-573

phasis on developing math word problems rooted574

in everyday community activities, creating appro-575

priate socio-cultural scenarios that can be used to576

further improve models.577
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Appendix 749

A Full Sampling result 750

As shown in Table 4, the results provide a compre- 751

hensive view of how different sampling sizes and 752

training configurations affect robustness across lan- 753

guages. Several key observations emerge. First, 754

the effect of data localization is not uniform 755

across models: while LLaMA-3-8B-Instruct of- 756

ten exhibits fluctuations depending on sample size, 757

Gemma-2-9b-it tends to benefit more consistently 758

from auto-localized data (x̂loc). This suggests that 759

Gemma is more sensitive to entity grounding and 760

gains robustness when trained with culturally and 761

linguistically aligned examples. 762

Second, sample size plays a crucial role. For low- 763

resource settings (e.g., 1k samples), both models 764

display instability, with performance swings that 765

highlight the difficulty of robustly adapting to local 766

contexts with very limited data. As the number of 767

samples increases (e.g., 25k), more stable trends 768

appear, although the direction of improvement still 769

varies by language. For instance, some languages 770

(such as Kinyarwanda and Shona) show strong pos- 771

itive gains under localization, whereas others (such 772

as Hausa and Luganda) exhibit persistent negative 773
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Lang
LLaMA-3-8B-Instruct Gemma-2-9b-it

xtrans xent x̂loc all data xtrans xent x̂loc all data # sample

amh 0.13 -1.20 1.07 0.93 0.53 -0.53 -0.93 0.80 1000
amh -0.27 -0.13 1.33 0.40 0.27 0.00 0.40 -1.20 5000
amh 1.33 -0.27 0.53 -1.07 -0.13 0.40 -0.53 -0.13 10000
amh 1.33 -0.27 0.53 -1.07 -1.73 0.93 1.07 0.40 25100
ewe -0.67 0.13 0.27 0.80 0.27 -0.53 0.27 1.20 25100
ewe -0.67 0.13 0.27 0.80 0.27 -0.53 0.27 1.20 10000
ewe 0.40 0.27 -0.13 -0.67 0.13 0.13 0.27 -0.67 1000
ewe -0.27 -0.40 0.13 -1.33 0.53 -0.93 1.87 -0.67 5000
fra 1.07 0.93 0.67 -0.93 0.40 -0.53 -0.27 -0.13 5000
fra -0.53 0.67 -0.67 -0.67 -1.07 -1.33 -0.93 0.53 10000
fra -1.60 -0.53 -0.67 -0.67 -0.67 2.40 0.80 -0.93 1000
fra -0.53 0.67 -0.67 -0.67 -0.13 0.40 -0.53 -0.13 25100
hau -0.13 -0.27 -1.20 0.80 -2.13 -1.07 -1.87 0.00 5000
hau -0.80 -0.80 -1.20 -0.27 -1.73 0.93 1.07 0.40 10000
hau -0.93 -0.27 -1.60 -0.93 -0.40 -1.33 -0.67 -2.53 1000
hau -0.80 -0.80 -1.20 -0.27 -1.20 -0.93 0.67 -0.93 25100
ibo 0.00 -0.27 0.13 0.67 -0.53 1.87 0.67 0.27 1000
ibo 0.67 0.13 0.80 -0.80 -0.67 0.67 0.67 0.13 5000
ibo 0.53 0.80 0.67 -0.93 -0.93 0.67 0.27 -1.33 10000
ibo 0.53 0.80 0.67 -0.93 -0.40 -0.13 -0.40 -1.07 25100
kin 0.27 -0.27 -0.40 1.73 0.80 -0.13 1.33 3.60 1000
kin -1.07 -0.67 0.40 -0.27 0.00 -1.60 0.67 0.67 25100
kin 0.00 1.20 -0.53 0.53 -0.27 1.07 -1.73 -1.47 5000
kin -1.07 -0.67 0.40 -0.27 0.00 -0.13 -0.53 0.27 10000
lin -0.13 -0.67 0.27 0.67 -0.27 -0.13 -1.20 0.67 1000
lin -1.07 -0.80 -0.13 -0.67 0.40 0.67 2.00 1.47 10000
lin -1.07 -0.80 -0.13 -0.67 0.40 0.67 2.00 1.47 25100
lin -0.27 -0.40 -0.67 0.40 -1.60 0.53 0.80 0.13 5000
lug -0.13 0.13 0.00 0.40 -1.07 -1.47 -0.13 -0.13 1000
lug -0.80 -1.07 0.00 -1.07 0.13 -1.59 1.07 0.27 5000
lug -1.33 -0.13 -0.27 -1.33 -2.40 -0.26 0.93 -1.33 10000
lug -1.33 -0.13 -0.27 -1.33 -2.40 -0.26 0.93 -1.33 25100
orm -0.40 -0.80 -0.53 0.67 0.40 -0.40 -0.13 -1.07 10000
orm -0.40 -0.80 -0.53 0.67 0.40 -0.40 -0.13 -1.07 25100
orm -0.40 0.27 -0.80 -0.53 -0.27 -0.40 0.80 -1.07 1000
orm -0.93 -0.53 -1.33 -0.27 0.27 0.80 -0.27 -1.07 5000
sna -1.73 -0.27 -0.13 0.93 2.27 -0.27 1.20 1.60 1000
sna 0.00 1.07 0.13 -0.80 0.80 0.13 1.87 -0.40 5000
sna -2.00 -0.53 -0.53 0.13 -0.13 0.53 -0.40 0.27 10000
sna -2.00 -0.53 -0.53 0.13 0.00 -0.13 -0.53 0.27 25100
sot -0.40 0.00 0.40 0.53 1.07 0.80 2.93 -0.13 1000
sot 0.40 0.80 -1.33 0.27 0.00 -1.60 0.67 0.67 10000
sot 0.00 0.67 -0.80 1.60 0.67 -1.07 0.00 -1.33 5000
sot 0.40 0.80 -1.33 0.27 -1.07 -1.33 -0.93 0.53 25100
swa 0.40 1.33 -0.53 0.67 -0.40 0.00 0.27 -0.13 1000
swa -0.67 -1.60 -0.13 0.67 -2.00 1.60 1.20 1.07 5000
swa -0.67 -1.20 0.40 0.27 -1.07 -1.33 0.40 -0.40 10000
swa -0.67 -1.20 0.40 0.27 -1.07 -1.33 0.40 -0.40 25100
twi 0.67 -0.27 0.53 -0.93 2.00 0.53 1.47 -0.40 10000
twi 0.67 -0.27 0.53 -0.93 2.00 0.53 1.47 -0.40 25100
twi 0.53 -1.07 -0.13 -0.40 -0.27 0.13 -0.53 0.67 1000
twi 1.20 0.80 0.40 -0.13 -1.47 -0.80 -0.80 -0.13 5000
wol -0.27 -0.13 0.93 0.93 0.13 0.80 0.40 0.27 1000
wol -0.53 -0.40 -0.40 -0.40 -0.40 -0.27 0.27 0.67 5000
wol 0.40 0.67 -0.67 -0.53 0.93 -0.40 0.93 0.00 10000
wol 0.40 0.67 -0.67 -0.53 0.93 -0.40 0.93 0.00 25100
xho -0.27 -1.20 0.27 0.93 0.67 0.00 1.07 1.87 1000
xho 0.13 -0.93 -0.40 -0.53 -1.73 0.27 -1.60 0.40 5000
xho -0.67 -0.27 -0.13 -0.67 -0.40 -0.13 -0.40 -1.07 10000
xho -0.67 -0.27 -0.13 -0.67 -0.53 0.40 0.00 -1.33 25100
yor -1.07 -0.67 -0.40 0.27 0.00 0.13 1.20 0.13 1000
yor 0.27 1.33 0.00 -0.13 0.80 -0.27 1.07 0.00 5000
yor -0.93 0.27 -0.27 -0.93 -1.20 -0.93 0.67 -0.93 10000
yor -0.93 0.27 -0.27 -0.93 -0.13 0.53 -0.40 0.27 25100
zul 0.27 -1.07 0.80 -0.80 -0.67 1.20 0.40 0.13 1000
zul 0.80 -0.67 -0.27 -0.80 0.67 0.67 0.27 -1.07 5000
zul -1.07 0.27 -0.93 -1.20 -0.53 0.40 0.00 -1.33 10000
zul -1.07 0.27 -0.93 -1.20 -0.93 0.67 0.27 -1.33 25100

Table 4: Full Native Robustness (Numeric Match
∆). We report ∆NM = NMlocalized −NMtranslated across
all sampled data fine-tunings for translated data (xtrans),
English entity–replaced data (xent), auto-localized data
(x̂loc), and all data combined. Positive values indicate
higher robustness on localized benchmarks, negative
values indicate stronger performance on English-centric
benchmarks, and zero denotes no change.

or mixed trends, indicating that language-specific774

features or annotation artifacts may influence re-775

sults.776

The “all data” setting, combining translated,777

entity-replaced, and localized data, yields more778

balanced robustness across languages. This indi-779

cates that hybrid augmentation can reduce model780

brittleness, though closing language gaps requires 781

attention to data quality and localization type, not 782

just scale. 783

These results underscore the interplay between 784

training data, sampling size, and language charac- 785

teristics, emphasizing the need to evaluate models 786

on culturally grounded datasets rather than transla- 787

tions alone. 788

B Adopted Evaluation Prompts 789

We adapted three prompts from (Adelani et al., 790

2024) and customized them to ensure that they 791

return only numeric answers. 792

Prompt: Adopted prompt for evaluations

prompt_1:
"Question: {{lang}}
Return the number answer only. Do not
provide an explanation.
Number Answer:"
prompt_2:
"Give direct numerical answers for the ques-
tion provided.
Question: {{lang}}
Do not provide an explanation.
Numeric Answer:"
prompt_3:
"Solve the following math question.
Question: {{lang}}
Do not provide an explanation.
Numeric Answer:"

793

C Manual Annotation 794

For the human annotation shown in Table 2, anno- 795

tators were asked to examine xent and determine 796

whether English-centric names, currencies, or orga- 797

nization names had been replaced. If such entities 798

were replaced, the sample was labeled as Cultur- 799

ally Localized; if they remained, it was labeled as 800

Not Localized. Since all languages share the same 801

xent, the manual annotation was carried out once 802

and applied across all languages. 803
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D Prompt Templates for the Localization Pipeline804

Below, we present the prompts used for our Auto-Localizer and direct prompt localization. We observed805

that including the intermediate steps shown in Table 1 improves the accuracy of localization.806

Prompt: Entity Localization Task

You are an expert linguistic assistant. Your task is to edit a sentence in a native language to
match a change made in its English parallel.

Here is the context:

• Original English: The original sentence.

• Original Native: The original translation of the English sentence in {native_lang}.

• Modified English: The English sentence has been edited. One or more words have been
replaced.

Your goal is to produce a Modified Native sentence by applying the exact same replacement to
the Original Native sentence.

Crucial Instructions:

• DO NOT re-translate the entire sentence. Only replace the specific words that were changed
in the English version.

• Preserve the original grammar and structure of the native sentence as much as possible.

• Ensure the final Modified Native sentence is natural and grammatically correct in
{native_lang}.

• Respond with ONLY the Modified Native sentence and nothing else.

Example:

• Original English: Janet’s ducks lay 16 eggs per day.

• Original Native (French): Les canards de Janet pondent 16 œufs par jour.

• Modified English: Andrea’s ducks lay 16 eggs per day.

• Modified Native (French): Les canards d’Andrea pondent 16 œufs par jour.

Your Task:

• Original English: {original_eng}

• Original Native ({native_lang}): {original_native}

• Modified English: {modified_eng}

• Modified Native ({native_lang}):
807
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Prompt: Direct Localization using LLMs without our pipeline

You are an expert linguistic assistant specializing in localization. Your task is to localize the
following English sentence into {target_lang_name}.

Localization means adapting the text to the target culture and context by:

• Identifying and replacing English-specific entities (such as person names, organiza-
tion names, and currency symbols/names) with culturally appropriate equivalents in
{target_lang_name}.

• Ensuring the localized text sounds natural and grammatically correct in
{target_lang_name}.

• Crucially, the localized text should be generated directly from the English sentence, without
relying on any pre-existing native translation.

English Sentence to Localize:
{original_eng}
Your Goal: Produce a Localized {target_lang_name} sentence.
Instructions:

• Identify person names, organization names, and currency symbols/names in the English
sentence.

• Replace these entities with culturally appropriate {target_lang_name} alternatives.

• If an entity does not have a direct cultural equivalent or is already culturally neutral, it may
remain unchanged.

• Respond with ONLY the Localized {target_lang_name} sentence and nothing else.

Localized {target_lang_name}:
808

E Presence of Cultural entities in our Training data 809

Figure 5 illustrates the distribution of culturally relevant items within the 1,500 data samples selected 810

for each language. Our analysis reveals that a considerable proportion of the translated items could not 811

be localized to the target language, primarily because they did not contain the types of entities, such as 812

personal names, organizations, or currencies, that form the basis of our localization strategy. 813

This proportion also helps explain why localized datasets did not improve all languages equally. For 814

some languages, high-quality translations may already omit most culturally salient entities, limiting 815

the added value of localization. In contrast, for languages such as Kinyarwanda, where out of 1500 816

translations only about 150 lacked cultural references despite high overall translation scores, localization 817

introduced substantial additional signal. This variation across languages highlights the interaction between 818

translation quality, cultural entity coverage, and the benefits of localization. 819
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Figure 5: Number of data samples without cultural entity replacements (out of 1500 selected), grouped by language
in the training dataset.

F Translation quality - SSA-COMMET score820

We leveraged the GSM8K dataset from Cobbe et al. (2021) and applied our pipeline to generate translated821

and localized versions. For translation, we used the NLLB-200-3.3B model (NLLB Team et al., 2022).822

To ensure quality, we filtered out translations with an SSA-COMMET score below 0.65, a threshold823

we determined through manual analysis as providing a good balance between quality and coverage.824

While SSA-COMMET scores give a reliable indication of translation performance, we acknowledge that825

occasional errors in the text may remain.826

G Error Analysis on RQ2: Native Language Outputs827

Table 5 shows comparison of numeric answers versus non-numeric answers across prompts for different828

models. Because of this issue in the results making fair comparison challenging, we reported the best829

result across prompts instead of averaging them for Figure 3, similar to prior work (Kamruzzaman et al.,830

2025). The results are for 17 languages, 3 prompts, 3 experiments and 250 data each.831

LLaMA-3-70B-Instruct
Numeric Non Numeric

prompt_1 12741 9
prompt_2 12369 381
prompt_3 11609 1141

GPT-4o-mini
Numeric Non Numeric

prompt_1 12734 16
prompt_2 12725 25
prompt_3 12670 80

Aya-expanse-32b
Numeric Non Numeric

prompt_1 12708 42
prompt_2 5469 7281
prompt_3 12286 464

Gemma-2-27b-it
Numeric Non Numeric

prompt_1 12750 0
prompt_2 12737 13
prompt_3 12734 16

Table 5: Error analysis on RQ2 (Native language outputs) of selected models.
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Figure 6: Comet score caption here, Score ranges from 0-1, 1 is high translation quality
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H Code and Reproducibility832

We used ElutherAI’s open source Language Model Evaluation Harness (lm-eval) framework (Gao et al.,833

2024) to evaluate models. Instead of direct model querying this allows us to have standardized reproducible834

evaluations across all LLMs. We also set generation parameters (i.e. temperature) to zero for consistency.835

Due to the challenges of obtaining numeric answers in low-resource mathematical evaluations, we836

adopted a strategy of extracting the best answer option and reporting numeric match scores based on the837

best-performing prompt for each model (Table 3). In contrast, since we were able to obtain a sufficient838

number of numeric answers for English math word problems (MWPs), we averaged the results across839

three prompts and report these in Table 4.840

Section Parameters
Model model_name_or_path: [google/gemma-2-9b-it,

meta-llama/Meta-Llama-3-8B-Instruct]
# choose one
trust_remote_code: true

Method stage: sft
do_train: true
finetuning_type: lora
lora_rank: 8
lora_target: all

Dataset dataset: [gsm8k-math-localized, gsm8k-math-english,
gsm8k-math-models-translated]
# choose one or all
template: [gemma2, llama3]
# choose one
cutoff_len: 2048
max_samples: #1000,5000,10000,none
overwrite_cache: true
preprocessing_num_workers: 16
dataloader_num_workers: 4

Output output_dir: #some directory
logging_steps: 10
save_steps: 500
plot_loss: true
overwrite_output_dir: true
save_only_model: false
report_to: none

Train per_device_train_batch_size: 1
gradient_accumulation_steps: 8
learning_rate: 1.0e-4
num_train_epochs: 3.0
lr_scheduler_type: cosine
warmup_ratio: 0.1
bf16: true
ddp_timeout: 180000000
resume_from_checkpoint: null

Table 6: Configuration for fine-tuning gemma-2-9b-it and Meta-Llama-3-8B-Instruct
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