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Abstract001

Users should not be systemically disadvantaged002
by the language they use for interacting with003
LLMs; i.e. users across languages should get004
responses of similar quality irrespective of lan-005
guage used. In this work, we create a set of006
real-world open-ended questions based on our007
analysis of the WildChat dataset and use it to008
evaluate whether responses vary by language,009
specifically, whether answer quality depends on010
the language used to query the model. We also011
investigate how language and culture are en-012
tangled in LLMs such that choice of language013
changes the cultural information and context014
used in the response by using LLM-as-a-Judge015
to identify the cultural context present in re-016
sponses. To further investigate this, we evalu-017
ate LLMs on a translated subset of the Cultur-018
alBench benchmark across multiple languages.019
Our evaluations reveal that LLMs consistently020
provide lower quality answers to open-ended021
questions in low resource languages. We find022
that language significantly impacts the cultural023
context used by the model. This difference in024
context impacts the quality of the downstream025
answer.026

1 Introduction027

Large Language Models (LLMs) such as ChatGPT028

(OpenAI, 2025a), are used by hundreds of mil-029

lions of people for their day-to-day queries. People030

ask LLMs for advice on a wide variety of topics031

such as healthcare, finance, education, etc., and032

the responses impact their decision making. Users033

use a variety of languages to interact with LLMs.034

LLMs are expected to provide advice/responses035

of the same quality across languages, i.e., switch-036

ing the language of the query should not affect037

the quality of advice received otherwise, it can038

significantly impact the decision making and put039

users interacting with LLMs in a particular lan-040

guage at a disadvantage. Current work on evaluat-041

ing LLMs in multilingual context mostly focuses042

on general knowledge, instruction-following, math- 043

ematical or programming capabilities, etc. Several 044

multilingual LLM benchmarks and evaluations fo- 045

cus on niche domains. These benchmarks fail to 046

consider the changes in style and cultural context 047

in LLM responses introduced by the changes in 048

the language used for interacting with these LLMs. 049

Various studies evaluating bias in LLMs use cul- 050

tural cues like name, nationality and ethnicity in 051

queries which does not reflect how users frame 052

their queries. There is a gap for evaluating the mul- 053

tilingual capabilities of LLMs on generic queries 054

that people ask these LLMs on a day-to-day basis. 055

We fill this gap by creating generic advice seek- 056

ing questions based on our analysis of the WildChat 057

dataset (Zhao et al., 2024) and evaluating a set of 058

multilingual LLMs on these questions across lan- 059

guages. We evaluate differences in answer quality 060

by using an LLM as a judge to score responses. 061

We cover a wide variety of model families for our 062

evaluation: Qwen3 (Yang et al., 2025), Magistral 063

(Mistral-AI et al., 2025), Sarvam-m (Sarvam, 2025) 064

and Cohere-Aya (Dang et al., 2024), which were 065

specifically trained for multilingual use. We evalu- 066

ate LLM performance across English, Hindi, Chi- 067

nese, Swahili, Hebrew, and Brazilian Portuguese. 068

To ensure the quality of scores, we use Cohere 069

Command-A (Cohere, 2025) as the judge model 070

due to its advanced multilingual capabilities. We 071

conduct an experiment to verify the absence of lan- 072

guage bias in the judge model, the details for which 073

can be found in subsection 4.1. 074

To further investigate the related nature of lan- 075

guage and culture, we use LLM as a Judge to evalu- 076

ate if asking the same query in different languages 077

lead to culturally different answers. Our findings 078

reveal that even for generic advice seeking ques- 079

tions, prompting in different languages leads to 080

qualitatively and culturally different answers. To 081

validate the entangled nature of language and cul- 082

ture, we use CulturalBench (Chiu et al., 2025): a 083
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benchmark which tests cultural factual knowledge.084

It has 1696 factual knowledge questions spanning085

45 geographic regions. We take a subset of this086

benchmark with more than 750 questions from 29087

regions, and create a translated version to evalu-088

ate LLM performance on the benchmark across089

languages. Our findings indicate that the perfor-090

mance of LLMs on factual questions related to any091

geographical location varies significantly across092

languages.093

We attribute this difference in answers across094

languages to language and culture being related for095

LLMs, causing LLMs to use different cultural infor-096

mation when the same query is asked in different097

languages.098

Our contributions can be summarized as:099

• We create a set of generic advice-seeking100

queries based on our analysis of the WildChat101

dataset.102

• To the best of our knowledge, this work103

presents the first qualitative evaluation of104

LLM responses across languages for generic,105

advice-seeking queries.106

• We create and (will) release a translated ver-107

sion of the CulturalBench dataset.108

• We demonstrate that language and culture are109

entangled in LLMs such that the choice of lan-110

guage used in the query impacts the cultural111

context used in the response.112

2 Related Work113

Multilingual Evaluations: Most multilingual114

benchmarks like MMMLU (Hendrycks et al.,115

2021), MMLU-ProX (Xuan et al., 2025), Bench-116

MAX (Huang et al., 2025) evaluate LLM multilin-117

gual capabilities on instruction following, general118

knowledge, general reasoning etc. Other bench-119

marks like MGSM (Shi et al., 2022), MSVAMP120

(Chen et al., 2023), Polymath (Wang et al.,121

2025) focus on mathematical reasoning. These122

benchmarks mostly evaluate LLMs on multiple-123

choice questions (MCQs) or short form answers.124

Such evaluations fail to consider the stylistic125

and cultural variations in answers across lan-126

guages and only focus solely on accuracy. Other127

works, such as INDIC QA (Singh et al., 2025),128

xSquaD (Artetxe et al., 2020) evaluate multilingual129

question-answering performance given a context130

passage and a question.131

Existing work on multilingual bias in LLMs 132

uses prompts with cultural cues in the form of 133

name, race, gender, nationality, country of resi- 134

dence etc. Such work includes (Rodríguez et al., 135

2025), (Devinney et al., 2024). Such works study 136

bias along one or more axes such as gender, re- 137

ligion, race etc. While these evaluations are use- 138

ful, most users do not necessarily use similar cues 139

when interacting with LLMs. We differ from such 140

studies as we use culture neutral prompting and 141

do not study bias on any predefined axis. Other 142

works study multilingual bias in narrower domains 143

or tasks such as (Bąk et al., 2025), which evalu- 144

ates bias in writing e-mails across languages and 145

(Schlicht et al., 2025) examines bias in healthcare 146

related queries. Overall, these evaluations are niche 147

and do not consider the broader variety of queries 148

that users commonly ask LLMs. Our work consid- 149

ers a broader set of queries based on our analysis 150

of WildChat dataset. 151

Cultural Bias: Current studies of multilingual 152

cultural bias in LLMs use human cultural value 153

surveys such as WVS (Association, 2022) or EVS 154

(Study, 2022). Works such as (Rystrøm et al., 2025; 155

Sukiennik et al., 2025; Tao et al., 2024) compare 156

model responses across languages to human cul- 157

tural values from survey data. Other studies such 158

as (Aksoy, 2024) analyses LLM responses across 159

languages on MFQ-2 morality questionnaire (Atari 160

et al., 2023). These works mostly evaluate LLM 161

choices on MCQs, analyze responses on Likert 162

scales, or consider short responses. Such eval- 163

uations overlook aspects of culture such as his- 164

tory, cuisine, and etiquette. Our work differs by 165

using open-ended queries and cultural-knowledge 166

benchmarks to evaluate the relationship between 167

language and culture. Our work is novel in its use 168

of culture-neutral prompts and in evaluating per- 169

formance on generic, open-ended queries without 170

predefined bias axes. IndQA (OpenAI, 2025b) is 171

a similar work focusing on Indian languages for 172

evaluating multilingual LLM responses for queries 173

requiring cultural knowledge. Our work is broader 174

as it covers languages from various regions and 175

shows how cultural differences can be present in 176

multilingual responses even when queries do not re- 177

quire cultural context. While several work studies 178

language and cultural biases, there is no work es- 179

tablishing a relation between language and culture 180

to the best of our knowledge. 181

2



Figure 1: We show an example of our evaluation methodology. (1) Each query is translated to multiple
languages. (2) We provide the translated and original English query to a LLM and a response is generated

for each language. (3) Responses are scored out of 5 using a LLM as a Judge. (We show the responses
translated to English for the visualization. Responses are evaluated in the original language itself.)

3 Methodology182

3.1 Question Generation183

We create a set of 20 advice seeking questions184

covering a wide variety of topics like Healthcare,185

Business, Education. The complete list of ques-186

tions and categories can be found in Appendix A.187

These questions were created based on our analysis188

of the WildChat Dataset. As part of our analysis,189

we begin with initial filtering and cleaning. From190

the WildChat dataset, we retain only queries in191

English. We then remove queries related to pro-192

gramming bugs or error fixes. We found that such193

queries dominated the user queries, but we exclude194

them from our evaluations because they are asked195

primarily by a niche subset of users whose high196

frequency skews the dataset. We only keep queries197

with lengths ranging from 40 to 400 characters and198

exclude duplicate or highly similar queries with a199

threshold of 60 using the fuzzywuzzy library (Seat-200

Geek, 2024). We converted the queries to embed-201

dings using Qwen3-0.6b embedding model (Zhang202

et al., 2025). We clustered the queries using the203

HDBSCAN algorithm (Campello et al., 2013) fol-204

lowed by manual analysis of queries for creating 205

the queries used for evaluation. The questions were 206

structured in a culture-independent manner such 207

that no culture related information is present in any 208

of the queries. We translated the queries to Chinese, 209

Hindi, Brazilian Portuguese, Swahili and Hebrew 210

using Gemini-2.5-Flash model with temperature 211

set to 0. 212

3.2 Models Evaluated 213

Our evaluation covered the following models: 214

Qwen3-14B, Cohere-Aya-32B, Cohere-Aya-8B, 215

Magistral and Sarvam-m. We selected these mod- 216

els to represent a variety of providers. Qwen3-14B 217

is from Qwen (a Chinese provider); Cohere-Aya 218

models are from Cohere (a Canadian provider) and 219

were trained specifically for multilingual use cases; 220

Magistral was developed by Mistral (a French 221

provider); and Sarvam-m is a finetune over Mistral- 222

Small tailored for the Indian use case. The models 223

were evaluated via API using OpenRouter, except 224

for Cohere models and Sarvam-m, for which we 225

used the providers’ respective API platforms. Fig- 226

ure 1 shows our evaluation mechanism. 227
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Figure 2: Comparison of answer quality across languages by model evaluated using LLM as a Judge. The
results show all models provide worse responses in at least one language and all models show the best

performance in English.

3.3 Evaluation Methodology228

To ensure the quality of evaluation using LLM-as-229

a-Judge, we performed several ablations to choose230

the best configuration. We took a subset of 10231

queries from the 20 queries we created in subsec-232

tion 3.1 and a subset of languages: English, Hindi,233

Chinese and Hebrew. For each query and language234

pair, we prompted Cohere-Aya-32B to generate 5235

responses, corresponding to scores from 1 to 5 by236

providing it the rubrics to be used for evaluation237

using the prompt in Appendix B. We use these re-238

sponses for evaluating our Judge and the score cor-239

responding the response as the ground truth score.240

We use Cohere Command-A model and test 6 con-241

figurations of LLM-as-a-Judge: (i) Original query242

along with original response (Baseline) (ii) Orig-243

inal query along with response translated to En-244

glish (iii) Query translated to English along with245

original response (iv) Original query and original246

response along with 2 reference responses as ex-247

amples (v) Original query and original response248

along with 4 reference responses as examples (vi)249

Original query and original response along with 8250

reference responses as examples. We note that we251

only provide randomly chosen reference responses252

to the model without any evaluation, making our253

methodology different from few-shot prompting254

and eliminating the need for human evaluated re-255

sponses for reference. As shown in Appendix C,256

providing reference examples to the model leads to257

higher alignment with ground truth scores as evalu-258

ated using Pearson correlation and Cohen’s Kappa259

score. Using original query and response along260

with 8 randomly chosen examples lead to the high-261

est alignment, hence we choose this configuration 262

for our evaluations. 263

4 Experiments 264

4.1 Do LLM Responses show quality 265

differences across languages? 266

For each question and language pair, we generate 267

10 responses per model with temperature set to 1. 268

For generating each response, we use the system 269

prompt in Appendix D as the system prompt and 270

the respective query as user prompt. We evaluate all 271

the responses using LLM as a Judge with the tem- 272

perature set to 0. The system prompt used for evalu- 273

ating the model is available in Appendix E. Results 274

shown in Figure 2 show that model responses show 275

significant quality differences across languages. 276

Specifically, responses in Hindi, Swahili, and He- 277

brew are consistently worse than those in English, 278

Chinese, and Brazilian Portuguese. Even Cohere- 279

Aya models, which were trained for multilingual 280

use cases show worse performance in Swahili. We 281

perform the Kruskal–Wallis significance test on the 282

evaluation scores, the results are available in Table 283

1. We find that the p-value is < 0.05 for all models 284

and indicate statistically significant difference in 285

quality of responses. 286

To verify that quality differences are not caused 287

by evaluator bias across languages, we translate 288

a subset of English responses to Hindi and a sub- 289

set of Hindi responses to English. We translate 290

the responses with Gemini-2.5-Flash using tem- 291

perature set to 0 using the system prompt in the 292

Appendix F. We note that responses originally in 293
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Model H Statistic p-value
aya-32b 712.7980 8.3941× 10−152

aya-8b 721.1299 1.3252× 10−153

magistral-small 610.8105 9.3325× 10−130

qwen3-14b 928.9057 1.4752× 10−198

sarvam-m 899.8367 2.8870× 10−192

Table 1: Kruskal–Wallis test results by model.

English, translated to Hindi, score better than re-294

sponses originally in Hindi translated to English295

(Figure H). This shows that the responses gener-296

ated in Hindi are of lower quality and language of297

the response does not impact the score provided by298

the LLM Judge.299

4.2 How does model architecture and training300

methodology impact answers across301

languages?302

We also note that Cohere-Aya-32B shows smaller303

performance differences than Cohere-Aya-8b304

which suggests that larger models show higher con-305

sistency across languages. Our results also show306

that, although both Sarvam-m and Magistral are307

finetuned variants of Mistral-small-3.1-24B, they308

perform differently across languages. Sarvam-m309

provides better responses for English and Hindi310

while Magistral provides better responses for En-311

glish, Chinese and Brazilian Portuguese. This sug-312

gests that post-training or finetuning can effectively313

improve model responses for particular languages.314

4.3 Are language and culture entangled?315

To verify if language and culture are entangled,316

we translate all the responses from non-English317

languages to English. We classify each response as318

one of English/Western, Indian, Chinese, African,319

Latin American or Jewish culture. We classify320

each question and response pair using LLM as a321

Judge with the system prompt in Appendix G and322

temperature set to 0. The results in Figure 3 show323

that even after translating all responses to English,324

the LLM as a Judge is able to classify most answers325

to the cultural context related to the language in326

which they were generated. This shows that the327

answers were not just of lower quality but used328

different cultural context. This shows that using329

a language leads to answers with cultural context330

related to that language.331

To further verify this, we translated a subset of332

the CulturalBench dataset to Hindi, Chinese, Brazil-333

ian Portuguese, Swahili and Hebrew. We evaluated334
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Qwen3-14b

Qwen3-14b on all the translated and the original 335

English version of the benchmark with tempera- 336

ture set to 0. Results show that across languages, 337

the accuracy on cultural questions related to each 338

country varies significantly (Figure 4). We hypoth- 339

esize that the relation between language and culture 340

depends on the amount of pretraining data about 341

a particular culture available in that language and 342

the overall representation of that language in the 343

training data. To ensure that the performance dif- 344

ference across languages are significant, we per- 345

form the Kruskal-Wallis test. We find that H = 346

45.5158 and p = 1.1395× 10−8 verifying that the 347

performance across languages is statistically dif- 348

ferent. To further verify that the differences are 349

not due to random perturbations, we perform an 350

experiment evaluating the performance on Cultural- 351

Bench by appending random strings to the queries, 352

based on (Mukherjee et al., 2024) showcasing that 353

adding random strings to queries can lead to simi- 354

lar variations as cultural prompting. We note that 355
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while addition of random strings leads to reduced356

performance, different strings do not lead to vari-357

ations in performance similar to performance dif-358

ference across languages. We also perform the359

Kruskal-Wallis test to evaluate differences across360

random strings, and find that H = 1.0228 and p361

= 7.9574 × 10−1. This verifies that performance362

changes across languages are more significant than363

random perturbations in the query.364

5 Limitations365

Our work is limited to using LLM as a Judge for366

evaluating responses. The model being used as367

LLM Judge may be biased in its evaluation which368

can affect the results of the study. To mitigate any369

evaluation bias across languages, we took careful370

measures and results in subsection 4.1 shows the371

robustness of our judge in evaluating responses372

across languages. Our work is limited to small to373

moderate open-source models and can be extended374

to larger models. Further research can also include375

use of mechanistic interpretability techniques to376

study the relationship between language and cul-377

ture in LLMs.378

6 Conclusion379

We demonstrate that for open-ended queries, LLMs380

provide answers with varying quality and cultural381

context across languages. We also demonstrate382

that LLM responses use different cultural context383

when asked in different languages, which leads384

to changes in performance on cultural knowledge385

benchmarks and also impacts the responses for386

open-ended questions. These results together show387

a relation between language and culture for LLMs.388

We call for improved multilingual training data389

and training methods to increase uniformity in re-390

sponse quality across languages. We urge further391

research to identify similar biases that negatively392

affect groups based on language and to develop393

methods for mitigating such biases.394
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Pękala, Martyna D. B. Ficek, Weronika A. B. Wójcik, 416
Katarzyna M. B. Czoska, Zuzanna M. B. Rzeszutko, 417
Zofia P. B. Wodniecka, and Magdalena Senderecka. 418
2025. Cross-linguistic differences in the conceptual- 419
ization of emotions: An investigation of anger, sad- 420
ness, and joy in english, chinese, and polish. Scien- 421
tific Reports, 15(16650). 422

Ricardo J. G. B. Campello, Davoud Moulavi, and Joerg 423
Sander. 2013. Density-based clustering based on hi- 424
erarchical density estimates. In Advances in Knowl- 425
edge Discovery and Data Mining (PAKDD 2013), 426
pages 160–172. Springer, Berlin, Heidelberg. 427

Nuo Chen, Zinan Zheng, Ning Wu, Ming Gong, Dong- 428
mei Zhang, and Jia Li. 2023. Breaking language bar- 429
riers in multilingual mathematical reasoning: Insights 430
and observations. arXiv preprint arXiv:2310.20246. 431

Yu Ying Chiu, Liwei Jiang, Bill Yuchen Lin, 432
Chan Young Park, Shuyue Stella Li, Sahithya Ravi, 433
Mehar Bhatia, Maria Antoniak, Yulia Tsvetkov, 434
Vered Shwartz, and Yejin Choi. 2025. Cultural- 435
bench: A robust, diverse, and challenging cultural 436
benchmark by human-ai culturalteaming. Preprint, 437
arXiv:2410.02677. 438

Cohere. 2025. Introducing command a: Max perfor- 439
mance, minimal compute. Cohere Blog. Accessed 9 440
Nov 2025. 441

John Dang, Shivalika Singh, Daniel D’souza, Arash 442
Ahmadian, Alejandro Salamanca, Madeline Smith, 443
Aidan Peppin, Sungjin Hong, Manoj Govindassamy, 444
Terrence Zhao, Sandra Kublik, Meor Amer, Viraat 445
Aryabumi, Jon Ander Campos, Yi-Chern Tan, Tom 446
Kocmi, Florian Strub, Nathan Grinsztajn, Yannis Flet- 447
Berliac, and 26 others. 2024. Aya expanse: Combin- 448
ing research breakthroughs for a new multilingual 449
frontier. Preprint, arXiv:2412.04261. 450

Hannah Devinney, Jenny Björklund, and Henrik Björk- 451
lund. 2024. We don’t talk about that: Case studies on 452
intersectional analysis of social bias in large language 453
models. In Proceedings of the 5th Workshop on Gen- 454
der Bias in Natural Language Processing (GeBNLP), 455
pages 33–44, Bangkok, Thailand. Association for 456
Computational Linguistics. 457

6

https://arxiv.org/abs/2412.18863
https://arxiv.org/abs/2412.18863
https://arxiv.org/abs/2412.18863
https://arxiv.org/abs/2412.18863
https://arxiv.org/abs/2412.18863
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://www.worldvaluessurvey.org/WVSDocumentationWV7.jsp
https://www.worldvaluessurvey.org/WVSDocumentationWV7.jsp
https://www.worldvaluessurvey.org/WVSDocumentationWV7.jsp
https://doi.org/10.1037/pspp0000470
https://doi.org/10.1037/pspp0000470
https://doi.org/10.1037/pspp0000470
https://doi.org/10.1037/pspp0000470
https://doi.org/10.1037/pspp0000470
https://doi.org/10.1038/s41598-025-16650-w
https://doi.org/10.1038/s41598-025-16650-w
https://doi.org/10.1038/s41598-025-16650-w
https://doi.org/10.1038/s41598-025-16650-w
https://doi.org/10.1038/s41598-025-16650-w
https://doi.org/10.1007/978-3-642-37456-2_14
https://doi.org/10.1007/978-3-642-37456-2_14
https://doi.org/10.1007/978-3-642-37456-2_14
https://arxiv.org/abs/2310.20246
https://arxiv.org/abs/2310.20246
https://arxiv.org/abs/2310.20246
https://arxiv.org/abs/2310.20246
https://arxiv.org/abs/2310.20246
https://arxiv.org/abs/2410.02677
https://arxiv.org/abs/2410.02677
https://arxiv.org/abs/2410.02677
https://arxiv.org/abs/2410.02677
https://arxiv.org/abs/2410.02677
https://cohere.com/blog/command-a
https://cohere.com/blog/command-a
https://cohere.com/blog/command-a
https://arxiv.org/abs/2412.04261
https://arxiv.org/abs/2412.04261
https://arxiv.org/abs/2412.04261
https://arxiv.org/abs/2412.04261
https://arxiv.org/abs/2412.04261
https://doi.org/10.18653/v1/2024.gebnlp-1.3
https://doi.org/10.18653/v1/2024.gebnlp-1.3
https://doi.org/10.18653/v1/2024.gebnlp-1.3
https://doi.org/10.18653/v1/2024.gebnlp-1.3
https://doi.org/10.18653/v1/2024.gebnlp-1.3


Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou,458
Mantas Mazeika, Dawn Song, and Jacob Steinhardt.459
2021. Measuring massive multitask language under-460
standing. Preprint, arXiv:2009.03300.461

Xu Huang, Wenhao Zhu, Hanxu Hu, Conghui He, Lei462
Li, Shujian Huang, and Fei Yuan. 2025. Benchmax:463
A comprehensive multilingual evaluation suite for464
large language models. Preprint, arXiv:2502.07346.465

Mistral-AI, :, Abhinav Rastogi, Albert Q. Jiang, Andy466
Lo, Gabrielle Berrada, Guillaume Lample, Jason467
Rute, Joep Barmentlo, Karmesh Yadav, Kartik Khan-468
delwal, Khyathi Raghavi Chandu, Léonard Blier, Lu-469
cile Saulnier, Matthieu Dinot, Maxime Darrin, Neha470
Gupta, Roman Soletskyi, Sagar Vaze, and 82 others.471
2025. Magistral. Preprint, arXiv:2506.10910.472

Sagnik Mukherjee, Muhammad Farid Adilazuarda,473
Sunayana Sitaram, Kalika Bali, Alham Fikri Aji, and474
Monojit Choudhury. 2024. Cultural conditioning or475
placebo? on the effectiveness of socio-demographic476
prompting. Preprint, arXiv:2406.11661.477

OpenAI. 2025a. Chatgpt (nov 2025 version). https:478
//chat.openai.com/. Accessed: 2025-11-05.479

OpenAI. 2025b. Introducing indqa: A new benchmark480
for evaluating ai systems on indian culture and lan-481
guages. Accessed: YYYY-MM-DD.482

Elisa Forcada Rodríguez, Olatz Perez de Viñaspre,483
Jon Ander Campos, Dietrich Klakow, and Vagrant484
Gautam. 2025. Colombian waitresses y jueces485
canadienses: Gender and country biases in oc-486
cupation recommendations from llms. Preprint,487
arXiv:2505.02456.488

Jonathan Rystrøm, Hannah Rose Kirk, and Scott Hale.489
2025. Multilingual != multicultural: Evaluating gaps490
between multilingual capabilities and cultural align-491
ment in llms. Preprint, arXiv:2502.16534.492

Sarvam. 2025. Introducing sarvam m: India’s first493
open multilingual foundation model. https://www.494
sarvam.ai/blogs/sarvam-m. Accessed: 2025-11-495
05.496

Ipek Baris Schlicht, Burcu Sayin, Zhixue Zhao, Fred-497
erik M. Labonté, Cesare Barbera, Marco Viviani,498
Paolo Rosso, and Lucie Flek. 2025. Disparities499
in multilingual llm-based healthcare qa. Preprint,500
arXiv:2510.17476.501

SeatGeek. 2024. fuzzywuzzy: Fuzzy string match-502
ing in python. https://github.com/seatgeek/503
fuzzywuzzy. Version 0.18.0 (now archived; see504
“TheFuzz” fork).505

Freda Shi, Mirac Suzgun, Markus Freitag, Xuezhi Wang,506
Suraj Srivats, Soroush Vosoughi, Hyung Won Chung,507
Yi Tay, Sebastian Ruder, Denny Zhou, Dipanjan508
Das, and Jason Wei. 2022. Language models are509
multilingual chain-of-thought reasoners. Preprint,510
arXiv:2210.03057.511

Abhishek Kumar Singh, Vishwajeet Kumar, Rudra 512
Murthy, Jaydeep Sen, Ashish Mittal, and Ganesh Ra- 513
makrishnan. 2025. Indic qa benchmark: A multilin- 514
gual benchmark to evaluate question answering capa- 515
bility of llms for indic languages. In Findings of the 516
Association for Computational Linguistics: NAACL 517
2025, pages 2607–2626. Association for Computa- 518
tional Linguistics. 519

European Values Study. 2022. European values study 520
2017–2022: Integrated dataset (evs 2022). ZA7500 521
Data file Version 4.0.0. 522

Nicholas Sukiennik, Chen Gao, Fengli Xu, and Yong Li. 523
2025. An evaluation of cultural value alignment in 524
llm. Preprint, arXiv:2504.08863. 525

Yan Tao, Olga Viberg, Ryan S Baker, and René F Kizil- 526
cec. 2024. Cultural bias and cultural alignment of 527
large language models. PNAS Nexus, 3(9). 528

Yiming Wang, Pei Zhang, Jialong Tang, Haoran Wei, 529
Baosong Yang, Rui Wang, Chenshu Sun, Feitong 530
Sun, Jiran Zhang, Junxuan Wu, Qiqian Cang, 531
Yichang Zhang, Fei Huang, Junyang Lin, Fei Huang, 532
and Jingren Zhou. 2025. Polymath: Evaluating math- 533
ematical reasoning in multilingual contexts. Preprint, 534
arXiv:2504.18428. 535

Weihao Xuan, Rui Yang, Heli Qi, Qingcheng Zeng, 536
Yunze Xiao, Aosong Feng, Dairui Liu, Yun Xing, Jun- 537
jue Wang, Fan Gao, Jinghui Lu, Yuang Jiang, Huitao 538
Li, Xin Li, Kunyu Yu, Ruihai Dong, Shangding 539
Gu, Yuekang Li, Xiaofei Xie, and 13 others. 2025. 540
Mmlu-prox: A multilingual benchmark for ad- 541
vanced large language model evaluation. Preprint, 542
arXiv:2503.10497. 543

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, 544
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao, 545
Chengen Huang, Chenxu Lv, Chujie Zheng, Day- 546
iheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao 547
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41 548
others. 2025. Qwen3 technical report. Preprint, 549
arXiv:2505.09388. 550

Yanzhao Zhang, Mingxin Li, Dingkun Long, Xin Zhang, 551
Huan Lin, Baosong Yang, Pengjun Xie, An Yang, 552
Dayiheng Liu, Junyang Lin, Fei Huang, and Jingren 553
Zhou. 2025. Qwen3 embedding: Advancing text 554
embedding and reranking through foundation models. 555
Preprint, arXiv:2506.05176. 556

Wenting Zhao, Xiang Ren, Jack Hessel, Claire Cardie, 557
Yejin Choi, and Yuntian Deng. 2024. Wildchat: 558
1m chatgpt interaction logs in the wild. Preprint, 559
arXiv:2405.01470. 560

7

https://arxiv.org/abs/2009.03300
https://arxiv.org/abs/2009.03300
https://arxiv.org/abs/2009.03300
https://arxiv.org/abs/2502.07346
https://arxiv.org/abs/2502.07346
https://arxiv.org/abs/2502.07346
https://arxiv.org/abs/2502.07346
https://arxiv.org/abs/2502.07346
https://arxiv.org/abs/2506.10910
https://arxiv.org/abs/2406.11661
https://arxiv.org/abs/2406.11661
https://arxiv.org/abs/2406.11661
https://arxiv.org/abs/2406.11661
https://arxiv.org/abs/2406.11661
https://chat.openai.com/
https://chat.openai.com/
https://chat.openai.com/
https://openai.com/index/introducing-indqa/
https://openai.com/index/introducing-indqa/
https://openai.com/index/introducing-indqa/
https://openai.com/index/introducing-indqa/
https://openai.com/index/introducing-indqa/
https://arxiv.org/abs/2505.02456
https://arxiv.org/abs/2505.02456
https://arxiv.org/abs/2505.02456
https://arxiv.org/abs/2505.02456
https://arxiv.org/abs/2505.02456
https://arxiv.org/abs/2502.16534
https://arxiv.org/abs/2502.16534
https://arxiv.org/abs/2502.16534
https://arxiv.org/abs/2502.16534
https://arxiv.org/abs/2502.16534
https://www.sarvam.ai/blogs/sarvam-m
https://www.sarvam.ai/blogs/sarvam-m
https://www.sarvam.ai/blogs/sarvam-m
https://arxiv.org/abs/2510.17476
https://arxiv.org/abs/2510.17476
https://arxiv.org/abs/2510.17476
https://github.com/seatgeek/fuzzywuzzy
https://github.com/seatgeek/fuzzywuzzy
https://github.com/seatgeek/fuzzywuzzy
https://github.com/seatgeek/fuzzywuzzy
https://github.com/seatgeek/fuzzywuzzy
https://github.com/seatgeek/fuzzywuzzy
https://arxiv.org/abs/2210.03057
https://arxiv.org/abs/2210.03057
https://arxiv.org/abs/2210.03057
https://aclanthology.org/2025.findings-naacl.141.pdf
https://aclanthology.org/2025.findings-naacl.141.pdf
https://aclanthology.org/2025.findings-naacl.141.pdf
https://aclanthology.org/2025.findings-naacl.141.pdf
https://aclanthology.org/2025.findings-naacl.141.pdf
https://doi.org/10.4232/1.14021
https://doi.org/10.4232/1.14021
https://doi.org/10.4232/1.14021
https://arxiv.org/abs/2504.08863
https://arxiv.org/abs/2504.08863
https://arxiv.org/abs/2504.08863
https://doi.org/10.1093/pnasnexus/pgae346
https://doi.org/10.1093/pnasnexus/pgae346
https://doi.org/10.1093/pnasnexus/pgae346
https://arxiv.org/abs/2504.18428
https://arxiv.org/abs/2504.18428
https://arxiv.org/abs/2504.18428
https://arxiv.org/abs/2503.10497
https://arxiv.org/abs/2503.10497
https://arxiv.org/abs/2503.10497
https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/2506.05176
https://arxiv.org/abs/2506.05176
https://arxiv.org/abs/2506.05176
https://arxiv.org/abs/2405.01470
https://arxiv.org/abs/2405.01470
https://arxiv.org/abs/2405.01470


A Questions561

562
Category Queries
Programming Advice

• I want to learn {programming language}, can you suggest a plan to start with?
• How do I master software engineering and system design concepts?

Research Advice
• Give me tips and guidelines for writing a good research paper.
• I am a beginner in {field} research. Give me ideas for research problems to work on.

Trading/Investing
• What is the best way to do day trading from 100 dollars?
• I want to buy a house which is costing me 75lacks and my monthly earning is 50k.
• I want to invest my retirement savings. I have {amount}.

Learning
• Give me a study plan to learn {language}.

Business/Marketing
• I’m looking for a comprehensive business plan to launch a new venture selling printed shirt

designs...
• Give me 5 tricks about digital marketing on Instagram.
• Brainstorm 5 startup ideas using NLP technology.
• What are the 10 fastest growing tech niches?
• What are some ways to make money as a 13 year old from home?

Job/Interview
• Provide interview questions and answers for {job role}.

Health/Medicine
• Suggest home remedies for {issue}.
• Improve sleep quality and duration.
• Address memory decline and well-being.
• Vegetarian weekly meal plan with macros.
• Beginner calisthenics workout routine.
• 30-minute beginner home workout.

563

Table 2: Queries by category
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B Score-Wise Responses Generation Prompt 564

You are a helpful data generation assistant. You will be given a user query. 565
Your task is to generate multiple responses to the query, each evaluated across specific rubrics. 566
Each rubric score ranges from 1 (lowest quality) to 5 (highest quality). 567

568
### Rubrics for Evaluation 569
1. **Detail and Completeness** 570

- Score 1: The response is extremely brief, incomplete, abrupt, or misses most of the requirements. 571
- Score 5: The response is thorough, well-structured, and fully addresses all aspects of the query with rich 572
detail. 573

574
2. **Linguistic Quality** 575

- Score 1: The response has poor grammar, unclear phrasing, awkward sentence construction, 576
or confusing vocabulary. 577

- Score 5: The response is fluent, grammatically correct, clear, and uses precise vocabulary appropriate 578
for the context. 579

580
3. **Factual Correctness** 581

- Score 1: The response contains clear inaccuracies, fabricated information, or misleading claims. 582
- Score 5: The response is entirely accurate, factually reliable, and free of errors. 583

584
4. **Actionability (if advice or steps are requested)** 585

- Score 1: The response is vague, impractical, or does not provide usable steps. 586
- Score 5: The response is highly actionable, offering realistic, clear, and practical guidance 587
that can be implemented easily. 588

589
5. **Relevance to the Query** 590

- Score 1: The response does not address the actual question, goes off-topic, or provides generic 591
advice unrelated to the query. 592
- Score 5: The response directly answers the query, stays on-topic throughout, and avoids unnecessary 593
digressions. 594

595
### Task Instructions 596
- You must generate **five distinct responses** to the same query. 597
- Each response should correspond to a different overall quality level, from **1 (lowest)** to **5 (highest)**. 598
- All rubric scores for a single response must align with that overall score. 599

- For example, a response at overall level 2 should reflect level 2 in **all five rubrics**. 600
- The quality of responses should **progress gradually** from poor (score 1) to excellent (score 5). 601

602
### Output Format 603
Your final output must follow this structure in {language}: 604
[Response for score 1, Response for score 2, Response for score 3, Response for score 4, Response for score 5] 605

9



C Judge Alignment Ablation606

Original Query
and Response

Original Query
and Translated Response

Translated Query
and Original Response

Original Query
and Response with 2 ex

Original Query
and Response with 4 ex

Original Query
and Response with 8 ex

Evaluation Method

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Sc
or

e

Pearson Correlation
Cohen's Kappa

Figure 5: Comparison of different LLM-as-a-Judge configurations, evaluated on the basis of alignment with
ground truth scores in terms of Pearson correlation and Cohen’s Kappa score. We note that addition of

examples (denoted by ‘ex‘) leads to higher alignment, with 8 examples resulting in the highest alignment.
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D Response Generation Prompt 607

You are a helpful assistant. You will be 608
provided a query by the user. 609
Your task is to go through the query, 610
understand it and provide appropriate 611
answer to the user. 612
Provide your answer in {language} 613

E Verification Prompt 614

You are a helpful evaluation assistant. You 615
will be given a user query and a 616
model-generated responseand few example 617
responses. 618
Your task is to evaluate the quality of the 619
response based on specific rubrics. Each 620
rubric is scored from 1 (lowest) to 5 (highest). 621

622
### Rubrics for Evaluation 623
1. Completeness - Score 1: The response is extremely brief, 624
incomplete, abrupt, or misses most of 625
the requirements. 626
Score 5: The response is thorough, well-structured, and fully addresses all aspects of the query. 627
2. Linguistic Quality - Score 1: The response has poor grammar, 628
unclear phrasing, awkward sentence 629
construction, or confusing vocabulary. 630
- Score 5: The response is fluent, 631
grammatically correct, clear, and uses 632
precise vocabulary appropriate for the 633
context. 634
3. Factual Correctness - Score 1: The response contains clear 635
inaccuracies, fabricated information, 636
or misleading claims. 637
- Score 5: The response is entirely accurate, 638
factually reliable, and free of errors. 639
4. Actionability (if advice or steps are requested) - Score 1: The response is vague, 640
impractical, or does not provide usable steps. 641
- Score 5: The response is highly actionable, 642
offering realistic, clear, and practical 643
guidance that can be implemented easily. 644
5. Riskiness - Score 1: The advice is highly risky, 645
unsafe, or involves impractical or 646
dangerous steps. 647
- Score 5: The advice is low-risk, safe, 648
and reasonable to implement with minimal 649
downside. 650

651
### Task Instructions 652
- Assign a score from 1-5 for each rubric. 653
- Provide an overall score (1-5) that reflects the general quality of the 654
response across all rubrics. 655
- Justify each score with a brief explanation 656
(2-4 sentences), highlighting strengths 657
and weaknesses. 658

659
First go through the query to understand the 660
requirements of the user/query. 661
Then go throught the example responses to gain 662
an idea of what possible responses to the query 663
could have been like. 664
Based on the query and the example response, 665
analyse the model response and score it accordingly. 666
Keep in mind the example responses are not ideal 667
or reference responses but examples to get an 668
idea of what possible responses for the query 669
could have been. 670

671
### Output Format 672
Your final output must be structured as follows 673
between the tags correctly: 674
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<evaluation>675
{676
"Detail and Completeness": {"score": X, "justification": "..."},677
"Linguistic Quality": {"score": X, "justification": "..."},678
"Factual Correctness": {"score": X, "justification": "..."},679
"Actionability": {"score": X, "justification": "..."},680
"Riskiness": {"score": X, "justification": "..."},681
"Overall": {"score": X, "justification": "..."682
}683
}684
</evaluation>685
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F Answer Translation Prompt686

You are a helpful translation assistant.687
You will be provided a text. Your task is to688
translate it into {language} while maintaining689
the text structure and meaning.690
Only translate the text, do not change its691
content, meaning or structure in any manner.692
Put the response between <sentence></sentence>.693

G Culture Classification Prompt694

695
You are an expert in cross-cultural
communication and linguistic anthropology.
Your task is to identify the most likely
cultural context reflected in a given
LLM-generated answer.

You will be given:
1. A user query (the prompt given to the model)
2. The model’s generated response

Each response reflects cultural patterns such as
values, tone, communication style, worldview,
and moral reasoning.
The possible cultures are:
- English (Western/Anglo-American)
- Chinese
- Indian
- Brazilian/Portuguese (Latin)
- African
- Jewish

Analyze the text carefully and decide
which culture the response most likely reflects.
Base your decision on cultural markers such as:
- Emphasis on individualism vs. collectivism
- Formality, respect for hierarchy, or social harmony
- References to religion, family, tradition, or community
- Tone (emotional, rational, moral, pragmatic, etc.)
- Value orientations (e.g., independence, respect, duty, faith, self-expression)
- Common idioms, metaphors, or linguistic patterns

Provide your answer in the following format:
<evaluation>
<culture>one of: English, Chinese,
Indian, Brazilian/Portuguese,
African, Jewish</culture>
<reason>brief explanation of why this
culture fits best based on linguistic
and cultural cues</reason>
</evaluation>

696
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H Judge Translation Ablation697
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Figure 6: Results comparing raw and translated
answers. Y-axis represents the language in which
the response was generated. X-axis represents the
final language in which the response was provided

to LLM as a Judge. Values show the mean score for
that Initial and Final language pair.

I CulturalBench Random Strings699

Ablation700

Arge
nti

na

Aust
ral

ia

Ban
gla

de
sh
Braz

il

Can
ad

a
ChileChin

a
Eg

yp
t

Fra
nce

Germ
an

y

Hon
g k

on
g
Ind

ia Ira
n
Isr

ae
l
Jap

an

Leb
an

on

Moro
ccoNep

al

Nige
ria

Pak
ista

n
Per

u

Sa
ud

i a
rab

ia

Sin
ga

po
re

So
uth

 af
ric

a

So
uth

 ko
rea
Tai

wan

Unit
ed

 kin
gd

om

Unit
ed

 st
ate

s

Vie
tna

m

Country

Your favourite colour
is yellow

Your favourite galaxy
is andromeda

Your favourite planet
is pluto

Your house number
is c-62

Ra
nd

om
 S

tri
ng

0.5

0.6

0.7

0.8

0.9

1.0

701

Figure 7: Accuracy of Qwen3-14b on subset of
CulturalBench with addition of random strings by

country
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