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Abstract001

The growing deployment of large language002
models (LLMs) across diverse cultural con-003
texts necessitates a deeper understanding of004
LLMs’ representations of different cultures.005
Prior work has focused on evaluating the cul-006
tural awareness of LLMs by only examining007
the text they generate. This approach overlooks008
the internal sources of cultural misrepresenta-009
tion within the models themselves. To bridge010
this gap, we propose Culturescope, the first011
mechanistic interpretability-based method that012
probes the internal representations of different013
cultural knowledge in LLMs. We also intro-014
duce a cultural flattening score as a measure015
of the intrinsic cultural biases of the decoded016
knowledge from Culturescope. Additionally,017
we study how LLMs internalize cultural biases,018
which allows us to trace how cultural biases019
such as Western-dominance bias and cultural020
flattening emerge within LLMs. We find that021
low-resource cultures are less susceptible to022
cultural biases, likely due to the model’s lim-023
ited parametric knowledge. Our work provides024
a foundation for future research on mitigating025
cultural biases and enhancing LLMs’ cultural026
understanding.027

1 Introduction028

Social scientists have long observed that global-029

ization often comes at a cost to cultural diversity.030

This phenomenon, known as ‘Cultural Homog-031

enization,’ occurs when dominant cultures stan-032

dardize and overgeneralize others, effectively eras-033

ing the distinctiveness between cultures (Pieterse,034

1996; Amin, 2024). Unfortunately, this imbalance035

is also reflected in the pre-training data of LLMs,036

which is predominantly Western-centric (Santurkar037

et al., 2023). While LLMs do acquire some cross-038

cultural knowledge during training (Hershcovich039

et al., 2022; Arora et al., 2023), the imbalance of040

the sources of cultural knowledge often leads to041

cultural bias. This results in cultures being either042

Question: What is the most popular domestic vacation spot for people from Greece?

Answer :Question: ...

1) Inference 2) Scoping-in

Samsung, Cell Phone, Apple, ..., Rhodes, ...

3) Filtering

RhodesZakyn thos

Zakyn x

Crete ...

Activation
patching

 Rhodes, Crete, Istanbul, Athens, Sony, Query, Playstation

Peloponnese, Aegean, Entertainment, Aegean Sea, Island, Mount Olympus,

Mykonos, Santorini, Turkey, Cyclades

Generated cultural knowledge from Culturescope

Inspection prompt

Figure 1: Given the question (about the popular domes-
tic vacation spot in Greece), Culturescope first generates
an answer to the cultural question at the Inference stage.
Then, it reads the hidden representation from the Infer-
ence stage and elicits the cultural knowledge used for
the answer (‘Zakynthos’) at the Scoping-in stage. We
finalize a list of cultural knowledge after the Filtering
stage. Culturescope unveils the internal mechanism of
LLMs that cannot be revealed through the Inference
stage alone.

marginalized through underrepresentation or ‘flat- 043

tened’, wherein their unique traits are conflated 044

with those of dominant cultures. (Nguyen et al., 045

2023a). For example, when asked about a popu- 046

lar leisure activity for retired men in Azerbaijan, 047

GPT-4 responded with chess, which is a plausi- 048

ble answer, but one that reflects broad post-Soviet 049

stereotypes rather than culturally specific knowl- 050

edge about Azerbaijan (Myung et al., 2024). 051

These patterns of overgeneralization contribute 052

to what we term ‘cultural flattening’: the model’s 053

tendency to conflate distinct cultural characteristics 054

into dominant cultures. While evaluating model 055

outputs, which corresponds to the extrinsic eval- 056

uation, is vital for detecting the presence of such 057

overgeneralization, this approach alone cannot re- 058

veal the underlying mechanisms that produce it. It 059

shows us that a model is biased, but not how this 060
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bias is encoded in its parameters.061

To facilitate the examination of the underlying062

mechanisms, we propose to study LLMs’ cultural063

biases with mechanistic interpretability (MI) tech-064

niques. MI techniques provide us with methods065

that can directly examine how cultural biases dis-066

covered by the extrinsic evaluation (Santurkar et al.,067

2023) is internally processed within model repre-068

sentations, revealing where and how harmful gen-069

eralizations emerge. We are the first to propose an070

approach for intrinsic cultural bias evaluation.071

In this work, we introduce Culturescope, a072

method to probe internal representations and sur-073

face the cultural biases in play (Sec. 4.1). Figure074

1 illustrates an overview of Culturescope. To ex-075

amine the intrinsic cultural flattening embedded in076

the parameter space, we introduce a cultural flat-077

tening (CF) score, which quantifies the degree of078

intersection between cultural knowledge decoded079

by Culturescope (Sec. 4.2). We implement our080

framework on two cultural understanding tasks,081

cultural commonsense Question Answering (QA)082

and extractive QA, across three different LLMs.083

We further challenge the model’s cultural un-084

derstanding by creating multiple-choice questions085

(MCQs) with hard negatives (Sec. 3.2.3). Cultur-086

ally nuanced answers from high-resource cultures087

or geographically proximate countries are selected088

as hard negative options to simulate the cultural089

biases. This setup prevents LLMs from relying on090

surface-level elimination strategies based on the091

overgeneralization (Khan et al., 2025). Analyzing092

selected options by LLMs with the attention map093

method (Yuksekgonul et al., 2024) allows us to094

examine whether extrinsic and intrinsic cultural bi-095

ases align, by revealing which options the model096

internally attends to (Sec. 5.1).097

Our experiments reveal that LLMs internalize098

a Western-dominance bias and cultural flattening099

in their cultural knowledge space, as indicated100

by asymmetric CF scores between cultures (Sec.101

6.1.1) and attention contribution scores (Sec. 6.1.2).102

This finding is further supported by extrinsic eval-103

uations using MCQs with hard negatives, where104

LLMs tend to select culturally biased options when105

answering incorrectly (Sec. 6.2.1). Interestingly,106

this susceptibility to cultural bias appears weaker107

for low-resource cultures, likely due to their lim-108

ited representation in the model’s parametric knowl-109

edge. Our findings offer valuable insights for future110

research aimed at mitigating internalized cultural111

biases and developing culturally aligned LLMs.112

2 Related Work 113

Evaluating Cultural Understanding of LLMs 114

Previous work has proposed evaluation datasets 115

and frameworks to assess LLMs’ cultural under- 116

standing ability acquired during pre-training (Ke- 117

leg and Magdy, 2023; Naous and Xu, 2025; Pawar 118

et al., 2025). BLEnD (Myung et al., 2024) pro- 119

vides a multilingual commonsense QA dataset 120

spanning 16 countries and regions, designed to un- 121

cover cross-cultural disparities in everyday knowl- 122

edge. CAMeL (Naous et al., 2024) compares 123

LLM behavior in Arabic versus Western settings 124

across tasks like story generation, NER, and sen- 125

timent analysis, exposing systematic cultural bi- 126

ases in LLMs. Other multilingual benchmarks 127

(Zhou et al., 2025; Hasan et al., 2025; Wang et al., 128

2024a; Cao et al., 2024) construct culturally local- 129

ized evaluation datasets that span domains such 130

as cuisine, proverbs, news, and reasoning. Across 131

these datasets, performance gaps are consistently 132

observed between high-resource and underrepre- 133

sented languages and cultures, often linked to pre- 134

training data imbalances that favor dominant re- 135

gions (Naous and Xu, 2025). 136

While these efforts highlight important cross- 137

cultural disparities, they perform an extrinsic eval- 138

uation, overlooking the underlying mechanism and 139

cultural knowledge space embedded in LLMs. To 140

address this gap, our paper aims to reveal how cul- 141

ture is embedded, entangled, or flattened within the 142

models’ inner representations. 143

Mechanistic Interpretability MI techniques are 144

developed to explain the inner workings of LLMs 145

by identifying responsible model components, such 146

as neurons and attention heads (Meng et al., 2022; 147

Geva et al., 2023; Yu et al., 2024). Leveraging 148

their transparency, recent studies have employed 149

MI techniques to investigate how specific behaviors 150

emerge in LLMs. For instance, they have been used 151

to uncover and manipulate components associated 152

with social biases, enabling both diagnostic and 153

steering interventions (Liu et al., 2024; Durmus 154

et al., 2024; Yang et al., 2024). Despite growing 155

interest in the cultural capabilities of LLMs, no 156

prior work has explored cultural biases through the 157

lens of MI. Our study fills this gap by applying MI 158

techniques to probe the internal representation of 159

cultural knowledge in LLMs, offering new insights 160

into how cultural understanding is encoded and 161

organized within the model. 162
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3 Experimental Setup163

3.1 Preliminaries164

For each culture of interest y, a dataset D =165

{(q0, C0), ..., (qN−1, CN−1)} consists of N tuple166

instances that contain a question q and an option list167

C = [c0, c1, c2, a] of one gold answer a and three168

other options for MCQ. For MCQ, an LLM is given169

C and q to generate an output O = [o0, ..., oP−1]170

consisting of P tokens. For open-ended QA, an171

LLM is only given q to generate the output O.172

To generate an answer, an LLM converts a to-173

kenized input text T = [t0, ..., tS−1] containing174

S number of tokens into d-dimenstional vectors175

using the embedding matrix E ∈ R|V×d|, where176

V denotes the number of vocabularies. Then, the177

vectors are processed through L layers, each con-178

taining a multi-head self-attention (MHSA) layer179

and an MLP layer. The hidden representation xli180

from a layer l, on a token ti is computed by:181

xli = xl−1
i + ali +ml

i (1)182

where ali is an output from the MHSA layer and183

ml
i from the MLP layer. The hidden representation184

from the last layer xLi is converted into a token by185

calculating the logits with the unembedding layer.186

3.2 Datasets187

3.2.1 Cultural QA Datasets188

We select BLEnD (Myung et al., 2024), a cultural189

commonsense QA dataset, and CAMeL-2 (Naous190

and Xu, 2025), an extractive QA dataset featur-191

ing culturally grounded entities. BLEnD (Myung192

et al., 2024) is a hand-crafted multilingual bench-193

mark designed to evaluate LLMs’ everyday knowl-194

edge across diverse cultures. CAMeL-2 (Naous195

and Xu, 2025) is a bilingual benchmark originally196

constructed to evaluate LLMs’ entity extraction ca-197

pabilities on Arabic and English entities. We use198

English and Spanish questions from BLEnD and199

use both Arabic and English from CAMeL-2. For200

both datasets, we select 14 cultural groups to keep201

a similar culture distribution between two datasets.202

Dataset details can be found in Appendix A.203

3.2.2 Grouping of Cultures204

We categorize 14 countries from each dataset along205

the resource dimension and the region dimension206

to study how overgeneralization manifests across207

these dimensions. For the resource dimension, we208

adopt the taxonomy proposed by Joshi et al. (2020),209

which we simplify into three resource levels. For210

Figure 2: A cultural question about the popular fam-
ily game in China from the BLEnD dataset (Myung
et al., 2024). For the given question about China, if an
LLM answers ‘Yutnori’, a popular family game in South
Korea, it is caused by the effect of cultural flattening
between South Korea and China. On the other hand, if
the answer is ‘Monopoly’, the LLM is generating an
answer from a high resource culture.

the region dimension, we group countries into six 211

regions based on continents. For more details, we 212

refer to Appendix A.1. 213

3.2.3 Cultural MCQ with hard negatives 214

Khan et al. (2025) found that if MCQs lack the 215

adversarial depth to probe genuine cultural under- 216

standing, models can exploit surface-level elimina- 217

tion strategies without understanding cultural dis- 218

tinctions. Thus, we propose a cultural MCQ with 219

hard negatives to study how overgeneralization— 220

driven by regional or resource dominance or 221

similarity—affects the downstream task. Since 222

BLEnD (Myung et al., 2024) provides different 223

answers from each culture with the same question, 224

we create BLEnD-resource and BLEnD-region par- 225

tition using culturally nuanced answers in BLEnD. 226

For dataset creation, we design two types of mul- 227

tiple choice question option lists that incorporate 228

hard negative options: Cresource and Cregion, cor- 229

responding to BLEnD-resource and BLEnD-region, 230

respectively. For Cresource, given a question q tar- 231

geting culture y, we sample one culture from each 232

of the three resource levels excluding y. We ob- 233

tain these three cultures’ respective gold answers 234

when substituted into q for y, resulting in three 235

hard negative options: chigh, cmid, and clow. For 236

Cregion, we sample one culture from the same geo- 237

graphical region as y (excluding y) and extract its 238

corresponding answer to construct a region-based 239

hard negative option, csameregion. Two additional 240
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options (cregion1, cregion2) are randomly selected241

from countries in different regions. We report de-242

scriptive statistics of the number of selected coun-243

tries to demonstrate the balanced sampling in Ap-244

pendix A.2. All options are shuffled to avoid posi-245

tional bias.246

Figure 2 shows the example of Cresource and247

Cregion for the question about China’s popular fam-248

ily game. Cultural MCQ with hard negative options249

allows us to examine when a model generates in-250

correct answers to cultural questions, whether a251

model’s cultural confusion arises from similarity252

in resource level or regional proximity.253

3.3 Models254

Application of MI methods requires full access255

to model weights, hence we conduct our experi-256

ments with three recent open-sourced LLMs: Meta-257

Llama-3.1-8B-Instruct (Llama-3.1, Grattafiori258

et al. (2024)), aya-expanse-8b (aya-expanse,259

Dang et al. (2024)), and Qwen2.5-7B-Instruct260

(Qwen2.5, Qwen Team (2024)).261

3.4 Patchscope262

Patchscope (Ghandeharioun et al., 2024) utilizes an263

LLM to generate natural language explanations of264

its internal representations via two forward passes265

with a patching operation in between. An inspec-266

tion prompt serves as a probe to extract specific267

knowledge encoded in the model’s internal states,268

aligned with a predefined objective, such as next-269

token prediction, or attribute extraction. Utiliz-270

ing an LLM itself with an inspection prompt as a271

probing mechanism addresses key limitations of272

prior methods (Hernandez et al., 2024; Geva et al.,273

2022; Belrose et al., 2025), which often rely on274

predefined probing classes or suffer from limited275

interpretability due to sub-word tokenization.276

These limitations are particulary pronounced277

for cultural knowledge, which is difficult to enu-278

merate exhaustively and often spans multiple to-279

kens (Naous and Xu, 2025). To address these chal-280

lenges, we introduce a Patchscope-based method281

tailored for probing the cultural knowledge space.282

To our knowledge, this is the first work to apply283

interpretability techniques for investigating cultural284

knowledge in LLMs.285

4 Probing Cultural Knowledge within286

Internal Layers287

Probing the cultural knowledge processed by each288

layer for the given input provides insights into how289

cultural knowledge for one culture is overlapping 290

with different cultures within the inner layers of 291

an LLM. To translate internal representations of 292

LLMs to natural language that reveals the cultural 293

knowledge space, we propose Culturescope, build- 294

ing upon the existing interpretability method, Patch- 295

scope (Ghandeharioun et al., 2024). Culturescope 296

consists of three stages: inference, scoping-in, and 297

filtering. Culturescope allows us to move beyond 298

what is observable from model responses alone, 299

overcoming the limitation of extrinsic evaluation. 300

4.1 Culturescope 301

Step 1. Inference An LLM first encodes a tok- 302

enized input Ti of i-th instance and generates an 303

output Oi, which is an LLM answer to an open- 304

ended cultural QA consisting of P number of to- 305

kens. However, activation patching during the 306

scoping-in stage requires a single-token representa- 307

tion of the Oi. 308

Since Patchscope does not consider patching 309

with multi-tokens (Ghandeharioun et al., 2024), we 310

adopt Bronzini et al. (2024)’s approach, originally 311

developed for fact-checking claims, to condense an 312

LLM’s cultural answer involving multiple tokens 313

into a single hidden representation. Specifically, to 314

compute the representative hidden representation 315

xl∗, we perform the weighted sum of hidden states 316

as in Eq. 2 for the layer l. We set the weight wp of 317

each token to one if it is a noun or a verb. Other 318

token weights are set to zero. The resulting xl∗ is 319

then patched onto the inspection prompt during the 320

scoping-in stage. 321

xl∗ =
P−1∑
p=0

xlp ∗ wp (2) 322

Step 2. Scoping-in During this stage, we uti- 323

lize activation patching to elicit the cultural knowl- 324

edge encoded in xl∗, revealing the cultural knowl- 325

edge space utilized for generating Oi. To do 326

this, the LLM performs another inference using 327

an inspection prompt, which generates a comma- 328

separated sequence of cultural knowledge items. 329

The inspection prompt ends with a placeholder to- 330

ken ‘x’, where patching is done following Patch- 331

scope (Ghandeharioun et al., 2024). At layer l, we 332

replace the hidden representation at the placeholder 333

token position with xl∗. The inspection prompt can 334

be found in Appendix B. Finally, we split the gen- 335

erated sequence into a list of cultural knowledge 336

Ki = [ki,1, ..., ki,j , ...]. 337
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Step 3. Filtering We empirically observe that338

an LLM tends to generate knowledge that is not339

culture-specific with our inspection prompt when340

the patched representation lacks the cultural knowl-341

edge. Since our method aims at eliciting any cul-342

tural knowledge available within inner represen-343

tations, we devise a filtering method rather than344

identifying the most relevant model component.345

To filter out the knowledge that is unrelated to346

cultural knowledge, we calculate the semantic sim-347

ilarity as an activation score between the input text348

T and the generated cultural knowledge ki,j . We349

take separate encoder-based semantic search mod-350

els for each language to obtain the hidden repre-351

sentation. In Eq. 3, we compute the representation352

of the input text HT = [h0, ..hs, ..hS−1] using the353

final hidden states from the semantic search model.354

The activation score ei,j of ki,j is calculated by the355

cosine similarity.356

h∗t =
1

S

S−1∑
s=0

ht (3)357

We keep ki,j when its ei,j is higher than the358

average of all e. Details for implementation is359

provided in Appendix C.360

4.2 Cultural Flattening Score361

To quantify cultural flattening, where a culture’s362

distinctive characteristics are misrepresented by363

those of a dominant culture, we introduce the Cul-364

tural Flattening score (CF score). A CF score is365

asymmetric and is calculated for an ordered pair of366

cultures, a target culture yt and a source culture ys.367

For the CF score, we first compute a chi-square368

contribution for each cultural knowledge decoded369

by Culturescope (Sec. 4.1). This chi-square con-370

tribution quantifies how strongly a given piece of371

knowledge is activated for a specific culture relative372

to an independence assumption across all cultures,373

thereby serving as a measure of cultural specificity.374

This formulation highlights the impact of culturally375

distinctive knowledge rather than shared cultural376

knowledge arising from cultural assimilation.377

For knowledge k from a culture y ∈ Y , the378

expected count under the independence assumption,379

Ek,y, is defined as:380

Ek,y =
Ny ·

∑
y gk,y

NY
(4)381

where gk,y is the frequency of k in the culture y,382

and N denotes the number of knowledge generated383

by y or across all cultures Y . The chi-square contri- 384

bution of cultural knowledge Xk,y is then computed 385

as: 386

Xk,y =
(max(0, gk,y − Ek,y))

2

Ek,y
(5) 387

We only consider cases where the residuals are 388

positive, in order to remove knowledge that is un- 389

derrepresented by the culture. The higher the Xk,y, 390

the more distincitve k is. The final CF score from 391

the target culture yt to the source culture ys is: 392

F (yt → ys) =
∑
k∈K

Xk,yt · ⊮[Xk,ys ̸= 0] (6) 393

where ⊮[·] is the indicator function. By summing 394

chi-square contribution scores over overlapping 395

knowledge, the CF score captures the total amount 396

of culturally distinctive knowledge from the target 397

culture that is also present in the source culture. 398

Higher values indicate that a large fraction of the 399

target culture’s distinctive concepts are represented 400

in the source culture. 401

5 Tracing LLMs’ Internal Mechanisms 402

for Cultural Knowledge Usage 403

Leveraging MCQs with hard negatives (Sec. 3.2.3), 404

we propose to investigate how LLMs internalize 405

Western-dominance bias and cultural flattening via 406

the attention map (Yuksekgonul et al., 2024). This 407

setup facilitates an analysis of whether cultural bi- 408

ases are also reflected in the attention mechanism, 409

as in extrinsic evaluation, tracing the internal mech- 410

anisms for the emergence of cultural biases. 411

5.1 Attention Contribution Score 412

To examine how LLMs internally process Western- 413

dominance bias and cultural flattening, we analyze 414

how attention patterns are directed toward each 415

option c in the input T using the MCQs with hard 416

negatives (Sec. 3.2.3). Following Yuksekgonul 417

et al. (2024)’s work that highlights the final input 418

token as a meaningful anchor point for attention 419

analysis, we track attention from this final input 420

token ts to tokens that correspond to c in an option 421

list C. To avoid biases from MCQ (Wang et al., 422

2024b), we provide options without option letters. 423

For a tokenized input text T that contains a 424

culture-specific question q and a curated option 425

list, we compute the attention contribution atc,ts 426
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Figure 3: We present the results from the CF score on
BLEnD with Llama-3.1 in English. Percentages on the
right reflect relative knowledge coverage and are defined
as the ratio between the number of cultural knowledge
generated for a given culture and the total number of
generated concepts across all cultures.

from the final input token ts to the token tc corre-427

sponding to an option c, using the attention weight428

of the token tc and ts. As in Eq. 7, we obtain429

a layer-wise attention contribution score altc,ts on430

layer l, where ATTNtc,ts denotes attention oper-431

ation between the token tc and ts with a hidden432

representation xl−1
tc from the previous layer.433

altc,ts = ATTNtc,ts(x
l−1
tc ) (7)434

The final attention contribution score, atc , is435

computed by averaging the layer-wise scores altc,ts436

across all layers in the LLM.437

6 Experimental Results438

6.1 Intrinsic Cultural Bias Evaluation439

6.1.1 CF Score Results440

We present CF score results using a Sankey dia-441

gram, where the flow direction indicates target-to-442

source relations and flow width is proportional to443

the CF score. Figure 3 shows cultural pairs with444

high CF scores, where strand width reflects the ex-445

tent to which culturally distinctive knowledge from446

a target culture yt is generalized to a source culture447

ys in the model’s internal representations.448

Despite their large number of generated con-449

cepts, the US and the UK exhibit relatively weak450

incoming connections as source countries, indicat-451

ing that the CF score successfully downweights452

overlap driven by broadly shared cultural knowl-453

edge. The result reveals asymmetric connections,454

often aligned with geographic or cultural proxim-455

ity, suggesting uneven generalization of culturally456

distinctive knowledge (China -> S. Korea, Iran -457
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R

0.37 0.38 0.33 0.37 0.43 0.42 0.38

0.47 0.31 0.43 0.43 0.44 0.42 0.30

0.38 0.33 0.34 0.37 0.38 0.35 0.29

0.48 0.30 0.31 0.37 0.41 0.41 0.28
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Figure 4: We present a heatmap of attention contribution
scores (z-score normalized) for incorrect predictions of
Llama-3.1. The x-axis groups correspond to the culture
of the chosen option, while the y-axis groups correspond
to the culture of the gold answer. For example, in Fig-
ure 4(a), the High-Low cell (0.44) indicates the average
attention contribution to option tokens from the High
resource group when the gold answer belongs to the
Low resource group.

> Azerbaijan). In addition, cultures with lower 458

concept coverage, such as Assam, Azerbaijan, and 459

Ethiopia, consistently show narrow connections. 460

This pattern of asymmetry is also shown in other 461

languages. Additional results using CAMeL-2 and 462

other models, covering English, Arabic, and Span- 463

ish, are provided in Appendix E. 464

6.1.2 Attention Contribution Score Results 465

Figure 4 presents the average of attention contribu- 466

tion scores on option token positions, assigned by 467

Llama-3.1 when the model makes incorrect pre- 468

dictions. We separate the analysis between correct 469

predictions and incorrect predictions, as we are par- 470

ticularly interested in LLMs’ internal patterns when 471

they are making biased predictions. Details for the 472

aggregation method and results from aya-expanse 473
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BLEnD-Resource BLEnD-Region

Acc % Biased % Others Refusal Acc % Biased % Others Refusal

Llama-3.1
avg. 0.43 0.19** 0.18 0.02 0.43 0.20** 0.18 0.02
mid 0.44 0.19 0.18 0.02 0.45 0.21** 0.16 0.02
low 0.39 0.21 0.19 0.02 0.37 0.19 0.21 0.03

aya-expanse
avg. 0.38 0.18** 0.16 0.11 0.35 0.19** 0.17 0.13
mid 0.40 0.17 0.16 0.11 0.37 0.20** 0.15 0.13
low 0.31 0.20 0.19 0.12 0.30 0.19 0.19 0.13

Qwen2.5
avg. 0.44 0.20** 0.16 0.05 0.44 0.20** 0.16 0.05
mid 0.44 0.19 0.17 0.04 0.47 0.19** 0.15 0.04
low 0.40 0.21** 0.17 0.06 0.36 0.21** 0.18 0.06

Table 1: Model outputs result from Llama-3.1, aya-expanse, and Qwen2.5 on the BLEnD-Resource and BLEnD-
Region dataset (Sec. 3.2.3), evaluated using four metrics. Results are aggregated by question’s target culture type:
all averaged (avg.), mid-resource (mid), and low-resource (low). ** denotes statistically significant difference
between % Biased and % Others.

and Qwen2.5 are shown in Appendix F.474

In BLEnD-Resource and BLEnD-Region, the x-475

axis groups correspond to the groups of the chosen476

option, while the y-axis groups represent the tar-477

get culture of the question—resource level (High,478

Mid, Low) in BLEnD-Resource and region (South479

Asia [S-AS], East Asia [E-AS], West Asia [W-AS],480

Europe [EUR], America [AME], Africa [AFR]) in481

BLEnD-Region. From Figure 4 (a) and (b), atten-482

tion contributions from the last input token to in-483

correct options reflect the induced biases, Western-484

dominance bias in BLEnD-Resource and cultural485

flattening in BLEnD-Region. This trend is also486

shown in two additional models (Figure 8). Stu-487

dent’s t-tests indicate that the average differences in488

attention scores are statistically significant. Details489

are provided in Appendix D.2.490

6.2 Extrinsic Cultural Bias Evaluation491

6.2.1 Performances on MCQ with Hard492

Negatives493

Table 1 shows the extrinsic evaluation results from494

Llama-3.1, aya-expanse, and Qwen2.5 on the495

BLEnD-Resource and BLEnD-Region (Sec. 3.2.3).496

We aggregate the results by question’s target cul-497

ture type: all averaged (avg.), mid-resource (mid),498

and low-resource (low). We present the percent-499

age of instances where the model chooses a gold500

answer, denoted as Accuracy (Acc). The metric501

labeled as “% Biased” indicates the proportion of502

instances where the model chooses a hard negative503

option, which represents a targeted bias. “% Oth-504

ers” represents the proportion of instances where505

the model chooses one of the remaining random op-506

tions. Since there are two random options present507

in the option list, we divide the proportion of choos-508

ing random options by two for a fair comparison. 509

We also report the proportion of instances as ‘Re- 510

fusal’ where LLMs avoid answering. 511

We observe that the accuracy decreases for low- 512

resource target questions compared to the average, 513

which is statistically significant (Table 7). We fur- 514

ther statistically test whether the lower accuracy 515

in low-resource cultures stems from a preference 516

for biased options over others. However, while the 517

differences between % Biased and % Others are 518

statistically significant in avg. and mid-resource 519

cultures, the differences in low-resource cultures 520

are not statistically significant. Details for the sta- 521

tistical tests are described in Appendix D.1. 522

7 Evaluation of Culturescope 523

Considering that Culturescope elicits cultural 524

knowledge from all layers without pinpointing any 525

specific model component, we design two valida- 526

tion approaches including relevance evaluation and 527

irrelevant patching. First, for the relevance evalua- 528

tion, we compare our method to three different in- 529

put schemes, which are designed to enhance LLMs’ 530

cultural understanding ability. Specifically, For 531

Culturescope, we prepend the comma-separated 532

cultural knowledge K to the input text T and eval- 533

uate an LLM’s answer O by exact-match. Table 2 534

shows the accuracy from different input schemes 535

on BLEnD. Results on CAMeL-2 are in Appendix 536

9. 537

Baseline is an input without an explicit instruc- 538

tion and additional cultural knowledge. Cultural 539

Prompting (Li et al., 2024; Cheng et al., 2023) is 540

an input with an additional instruction (e.g. “The 541

following question is about culture y”) designed 542

to guide an LLM with an explicit culture name. 543
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Relevance evaluation

Llama-3.1 aya-expanse Qwen2.5

Baseline 0.4848 0.4683 0.4626
Cultural Prompting 0.4699 0.4638 0.4664
CANDLE 0.4007 0.2692 0.3473
Culturescope 0.5462 0.4928 0.5059

Irrelevant patching

Llama-3.1 aya-expanse Qwen2.5

English 0.325 ±0.01 0.349 ±0.1 0.344 ±0.11
Irrelevant 0.149 ±0.09 0.127 ±0.07 0.141 ±0.09

Table 2: We present the evaluation of Culturescope on
BLEnD (Myung et al., 2024) in English. For the rele-
vance evaluation results, we highlight the best perform-
ing method in bold, and the second-best with underline.
For the irrelevant patching results, we report the mean
along with the standard deviation.

CANDLE (Nguyen et al., 2023b) is a comprehen-544

sive cultural commonsense knowledge base which545

provides cultural concepts derived from assertions.546

The input example can be found in Appendix B.547

Since topics in CANDLE and those in the548

datasets are not aligned, we sample 20 concepts549

for each culture. Due to the sampling, we perform550

the inference with three different random seeds and551

report the average accuracy. Experimental results552

show that inputs augmented with Culturescope per-553

form better than those with CANDLE concepts.554

The accuracy with Culturescope is best on BLEnD555

across all models, on par on CAMeL-2 dataset with556

the baseline. This confirms that Culturescope re-557

veals a valid cultural knowledge space, which is558

highly relevant to the given input.559

For the irrelevant patching test, instead of patch-560

ing representative hidden representations, we patch561

randomly sampled Gausian noise vectors and de-562

code knowledge using the same inspection prompt.563

We report the average semantic similarity score564

of the generated knowledge computed during565

the filtering stage. Higher similarity scores for566

Culturescope validate that the generated cultural567

knowledge is not an artifact induced by the exper-568

imental setup (Table 2; Table 8). In addition, we569

provide the average number of generated knowl-570

edge per layer in Appendix C.571

8 Discussion572

Our proposed methods for evaluating intrinsic cul-573

tural biases in LLMs reveal that models internalize574

two cultural biases: Wester-dominance bias and cul-575

tural flattening. As shown in Figure 3, we observe576

asymmetric connections among geographically or577

culturally proximate cultures. These asymmetries 578

indicate uneven generalization of culturally distinc- 579

tive knowledge, consistent with potential cultural 580

flattening effects. Attention-based analyses further 581

reveal the presence of Western-dominance bias that 582

is not captured by CF scores as the CF score ex- 583

plicitly downweights globally shared knowledge 584

(Section 6.1.2; Figure 4). This highlights that the 585

CF score and attention contribution scores capture 586

different but complementary aspects of cultural 587

bias in model representations. 588

We also observe narrow connections for cultures 589

with low coverage, such as Assam, Azerbaijan, and 590

Ethiopia (Section 6.1.1). Rather than indicating 591

cultural erasure through dominance by other cul- 592

tures, this pattern likely reflects limited representa- 593

tional coverage of culturally distinctive knowledge 594

of LLMs. In this sense, low-resource cultures may 595

appear less susceptible to cultural flattening. This 596

interpretation aligns with Li et al. (2025), who re- 597

port weaker memorization of symbols associated 598

with low-resource cultures in LLMs. 599

Further evidence for this explanation comes 600

from downstream behaviour: models exhibit a re- 601

duced preference for biased options involving low- 602

resource cultures (Table 1), with the differences 603

being statistically significant (Table 7). Taken to- 604

gether, these findings suggest that weaker cultural 605

biases toward low-resource cultures do not stem 606

from improved fairness, but rather from insufficient 607

cultural representation. Consequently, improving 608

model performance for low-resource cultures may 609

require approaches that prioritize knowledge acqui- 610

sition and representational coverage, rather than 611

bias mitigation alone. 612

9 Conclusion 613

In this work, we study how cultural biases arise 614

from the internal representations of LLMs, by in- 615

vestigating LLMs’ internal representations. We 616

introduce Culturescope, a method that leverages ac- 617

tivation patching to analyse the cultural knowledge 618

encoded within their layers. In addition, we quan- 619

tify the phenomenon of ‘cultural flattening’, where 620

LLMs represent less-documented cultures through 621

the knowledge of more dominant or geographically 622

close ones, thereby erasing cultural nuances. Our 623

findings suggest that future work should develop 624

a tailored approach that considers the impact of 625

bias and resource levels to improve LLMs’ cultural 626

understanding. 627
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Limitations628

Although a growing number of benchmarks aim629

to evaluate cultural knowledge in LLMs, few are630

suitable for our evaluation setup. To meaningfully631

compare the probed cultural knowledge across cul-632

tures, the datasets must maintain a consistent QA633

format across different cultures. Thus, our meth-634

ods and analyses inherit the limitations from the635

benchmarks, such as, lack of fine-grained set of cul-636

tures, and 1-to-1 mapping of a culture and a country.637

However, we emphasize that our proposed method638

is model- and task-agnostic, and can be applied to639

any dataset that meets these requirements.640

Due to computational constraints, we are report-641

ing results with 8B models, unable to conduct642

experiments on larger-scale models. Our definition643

of low-resource cultures relies on the approxima-644

tion of the most-spoken language from the previous645

work (Joshi et al., 2020). Finally, our MCQ with646

hard negatives (Sec. 3.2.3) involves a degree of ran-647

dom sampling. While this introduces some variabil-648

ity, we consider it a reasonable trade-off given the649

prohibitive cost of exhaustively evaluating all pos-650

sible negative combinations. We mitigate this by651

ensuring consistency across runs and focusing on652

aggregate trends rather than individual instances.653
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Dimension Groups Countries

Resource
High Algeria, China, Iran, Mexico,

Spain, UK, US
Mid Greece, Indonesia, South Ko-

rea
Low Assam, Azerbaijan, Ethiopia,

Northern Nigeria

Region

South Asia Assam, Indonesia
East Asia China, South Korea
West Asia Azerbaijan, Iran
Europe Greece, Spain, UK
North
America

Mexico, US

Africa Algeria, Ethiopia, Northern
Nigeria

Table 3: Culture groups and the list of cultures belong
to each group

A Dataset Details884

In our experiments, we utilize BLEnD (Myung885

et al., 2024) and CAMeL-2 (Naous and Xu, 2025).886

BLEnD comprises 500 short-answer question-887

answer pairs for each culture, where the answers888

vary depending on the cultural or regional context.889

To reduce computational cost, we exclude North890

Korea and West Java, resulting in a final selection891

of 14 cultural groups from BLEnD.892

With CAMeL-2, an LLM is asked to extract893

an entity from a context collected from Arabic894

X/Twitter data according to the specified entity type895

in the input. We take the English partition and re-896

duce the dataset to 14 countries to keep a similar897

culture distribution to the BLEnD dataset. Dataset898

details, including domains and countries covered899

by the datasets, can be found in Appendix A.900

We provide their brief data statistics and charac-901

teristics in Table 6.902

A.1 Culture Groups903

As mentioned in Sec. 3.2, our work conducts exper-904

iments that focus on 14 countries classified in two905

dimensions. Specifically, with the taxonomy from906

Joshi et al. (2020) which classifies languages into907

six levels (0: very low-resource to 5: very high-908

resource), we simplify this into three groups: High909

(Level 5), Mid (Levels 3-4), and Low (Levels 0-2).910

We assign each culture a language resource level911

based on its most widely spoken language provided912

by Wikipedia.913

For the region dimension, we group countries914

into six regions based on continents. We split915

Asia into three subregions, which leaves us six916

BLEnD-Resource BLEnD-Region

High 2548
Europe 789
North America 520

Mid 1425
East Asia 588
West Asia 516

Low 1077
South Asia 592
Africa 771

Sum 5050 Sum 3776

Table 4: Number of questions per group in Cultural
MCQ with hard negatives

Option type Mean ± s.d. 95% CI

BLEnD-Region

Gold answer 269.71 ± 16.49 [260.2, 279.23]
Hard negative 269.71 ± 16.3 [260.3, 279.12]
Others 539.43 ± 38.34 [517.3, 561.56]

BLEnD-Resource

Gold answer 360.71 ± 11.4 [354.13, 367.30]
High 721.43 ± 31.55 [692.25, 750.61]
Mid 1683.33 ± 52.5 [1553.9, 1812.78]
Low 1262.5 ± 85.57 [1126.49, 1398.51]

Table 5: Descriptive statistics (mean, standard deviation
(s.d.), and 95% Confidence Interval (CI)) of the num-
ber of selected culture groups for each option type in
BLEnD-Resource and BLEnD-Region.

regional groups: North America, Europe, Africa, 917

West Asia, South Asia, and East Asia. We com- 918

pare three groups based on the level of language 919

resource (Joshi et al., 2020) and six groups based 920

on the continental region. Table 3 shows the culture 921

entities that correspond to each group. 922

A.2 Cultural MCQ with hard negatives 923

The creation of BLEnD-Resource and BLEnD- 924

Region involve random selection among possible 925

options (Sec. 3.2.3). Table 4 presents descriptive 926

statistics including mean, standard deviation, and 927

95% confidence interval of the number of selected 928

culture groups for each option type. This demon- 929

strates that options are sampled to achieve balanced 930

representation of cultural groups. An option type 931

of gold answer refers to a culture group from which 932

the gold answer option originates. An option type 933

of hard negative refers to a culture group from 934

which an option selected as a hard negative orig- 935

inates. High, mid, and low denote the number of 936

selected countries from three resource groups. 937
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Dataset Task Number of Questions Domain List of Countries

BLEnD
Myung et al. (2024)

Cultural
Commonsense QA

5,726
Education, Food, Holidays/Celebration/Leisure,
Sport, Work life, Family

Africa: Algeria, Ethiopia, Northern Nigeria
Europe: Spain, United Kingdom, Greece
North America: United States, Mexico
East Asia: China, South Korea
South Asia: Indonesia, Assam
West Asia: Iran, Azerbaijan

CAMeL-2
Naous and Xu (2025)

Extractive QA 1,862 Locations, Beverage, Food, Sports

Africa: Morocco, Algeria
Europe: Spain, United Kingdom, Greece
North America: United States, Mexico
East Asia: China, Japan
South Asia: Indonesia, India
West Asia: Iran, Syria, Egypt

Table 6: Details for the datasets

BLEnD-Resource BLEnD-Region

Hypothesis 1 Hypothesis 2 Hypothesis 3 Hypothesis 1 Hypothesis 2 Hypothesis 3

Llama-3.1
low mid avg. 0.008 low low mid avg. 0.0049 low

avg. 0.0034 0.6328 mid 0.2256 avg. 0.1066 avg. 0.0004 0.931 mid 0.0016 avg. 0.7306
mid 0.0107 - low 0.076 mid 0.1008 mid 0.0001 - low 0.8067 mid 0.8815

aya-expanse
low mid avg. 0.009 low low mid avg. 0.0124 low

avg. 0.0 0.936 mid 0.1477 avg. 0.0946 avg. 0.0007 0.8161 mid 0.0086 avg. 0.4606
mid 0.0 - low 0.2307 mid 0.0548 mid 0.0007 - low 0.5762 mid 0.6784

Qwen2.5
low mid avg. 0.0 low low mid avg. 0.0 low

avg. 0.026 0.461 mid 0.22 avg. 0.3283 avg. 0.0 0.9722 mid 0.0122 avg. 0.1162
mid 0.0796 - low 0.0215 mid 0.1636 mid 0.0 - low 0.0307 mid 0.1076

Table 7: P-values from two-proportions Z-tests with three different hypotheses. Bolded texts mean that the test
supports the hypothesis.

BLEnD CAMeL-2

Llama-3.1
English 0.325 ± 0.01 0.239 ± 0.07
Spanish 0.277 ± 0.07 -
Irrelevant 0.149 ± 0.09 0.155 ± 0.08

aya-expanse
English 0.349 ± 0.1 0.242 ± 0.07
Irrelevant 0.127 ± 0.07 0.141 ± 0.06

Qwen-2.5
English 0.344 ± 0.11 0.227 ± 0.07
Arabic - 0.173 ± 0.07
Irrelevant 0.141 ± 0.09 0.148 ± 0.07

Table 8: Average and standard deviations of the similar-
ity scores from the filtering stage of the Culturescope.
We round the average off to two decimal places.

B Example of Prompts938

In Figure 5, we present the prompt templates we939

use for each method to obtain Table 2.940

C Details for Culturescope941

During the filtering step in the Culturescope, we942

use three different semantic search models for each943

language. For English, we use a DeBERTa based944

model, trained for semantic search1. For Arabic,945

we use the bert-base model finetuned for semantic946

1https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2

CAMeL-2

Relevance Evaluation

Llama-3.1 aya-expanse Qwen2.5

Baseline 0.7126 0.7019 0.6675
Cultural Prompting 0.6799 0.7282 0.7148
CANDLE 0.5640 0.6955 0.6473
CultureScope 0.6519 0.7169 0.6659

Table 9: We present the relevance evaluation of Cul-
turescope on CAMeL-2 in English. We highlight the
best performing method in bold, and the second-best
with underline.

search in Arabic2. Lastly, for Spanish, we use the 947

bert-base model finetuned for semantic search in 948

Spanish3. 949

In Table 8, we show the threshold values selected 950

for each dataset and language for the filtering stage. 951

The values are selected by the average of cosine 952

similarity score across all the generated concepts. 953

Figure 6 describes the average number of gen- 954

erated knowledge per layer. This shows that Cul- 955

turescope successfully generates relevant cultural 956

knowledge from layers, especially from early lay- 957

ers. 958

2https://huggingface.co/akhooli/
Arabic-SBERT-100K

3https://huggingface.co/hiiamsid/sentence_
similarity_spanish_es
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low vs high low vs mid

Llama-3.1 1.11e-09 0.159
aya-expense 8.55e-10 9.69e-13
Qwen2.5 1.75e-07 5.54e-03

Table 10: p-value of Student’s t-test for each model
on low-resource target samples from BLEnD-Resource,
based on attention scores. Comparisons were conducted
between low and mid, low and high, all from Cresource,
which are all hard negative options.

D Statistical Significance Tests959

D.1 Testing on MCQ Results960

To evaluate the statistical significance of our find-961

ings in Sec. 6.2.1, we set three alternative hypothe-962

ses and test with a two-proportions Z-test 4. Table963

7 presents p-values from the list of Z-tests. avg.,964

mid, and low follow the definition from Sec. 6.2.1.965

The Z-test supports the alternative hypothesis when966

the p-value is lower than 0.05. Hypothesis 1 is that967

the accuracy from the avg. and the mid is higher968

than the accuracy from the low. The p-values in969

all models on both datasets support this hypothe-970

sis. Hypothesis 2 is that in each level, when an971

LLM predicts incorrectly, it prefers the biased op-972

tion over the other options. This hypothesis is sup-973

ported in avg. and mid groups, which highlights974

our finding on less susceptibility of low-resource975

cultures with cultural biases. Lastly, hypothesis976

3 is that the model predicts biased options more977

in the low group than in the avg. and mid groups.978

This hypothesis is rejected in all tests, confirming979

the statistical significance of lower cultural bias in980

the low group.981

D.2 Testing on the Results for Attention982

Contribution Score983

As discussed in Sec. 6.1.2, our analyses suggest984

that high-resource bias and Western-dominance985

bias are strongly internalized within LLM repre-986

sentations, as visualized in the attention heatmaps987

in Figure 4 and Figure 8. To further validate these988

observations, we conduct Student’s t-tests5 on the989

attention scores of BLEnD-Resource and BLEnD-990

Region.991

4https://www.statsmodels.org/dev/generated/
statsmodels.stats.proportion.proportions_ztest.
html

5https://docs.scipy.org/doc/scipy/reference/
generated/scipy.stats.ttest_ind.html

To examine bias patterns, we conduct p-value 992

analyses on attention scores using Student’s t- 993

tests. For high-resource bias, low-resource tar- 994

gets (clow) are compared against mid- and high- 995

resource (cmid, chigh) samples within Cresource, 996

with most p-values less than 0.05, indicating sta- 997

tistically significant differences (Table 10). For 998

Western-dominance bias, for non-Western regions 999

(South Asia, East Asia, West Asia) targeted sam- 1000

ples, non-Western regions (csameregion) are com- 1001

pared against Western regions (Europe, America) 1002

(cregion1, cregion2) within Cregion. While fewer 1003

comparisons yield significance, several regions 1004

with large mean differences show p-values less than 1005

0.05 (Table 11), suggesting Western-dominance 1006

bias is present but less uniformly across regions. 1007

In summary, the results confirm that high- 1008

resource bias is consistently strong in BLEnD- 1009

Resource, while Western-dominance bias is also 1010

evident in BLEnD-Region, though less uniformly 1011

across all regions. 1012

E CF Score Results 1013

In Figure 7, we show the CF score results with 1014

Llama-3.1, aya-expanse, Qwen2.5 on BLEnD 1015

and CAMeL-2. As mentioned in Sec. 6.1.1, we 1016

exclude the countries with CF scores lower than 1017

the average CF score across all countries. 1018

F Attention Contributions 1019

In cases where an option consists of multiple to- 1020

kens, we follow the approach of Yuksekgonul et al. 1021

(2024), taking the maximum attention contribution 1022

score among the component tokens. When the 1023

attention scores are averaged by samples to exam- 1024

ine its general patterns, simply averaging can be 1025

sensitive to extreme values or samples in which 1026

attention scores are globally biased toward higher 1027

or lower magnitudes. This variability can poten- 1028

tially reduce the generalizability of the results. To 1029

address this, we applied normalization (z-score nor- 1030

malization) per sample to the attention contribution 1031

scores, such that the scores within each sample 1032

have a mean of 0 and a standard deviation of 1. 1033
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Llama-3.1 aya-expanse Qwen2.5
Target Target vs EUR Target vs AME Target vs EUR Target vs AME Target vs EUR Target vs AME

S-AS 0.0570 0.199 0.614 0.596 0.00109 0.0413
E-AS 0.864 0.403 0.0851 0.787 0.799 0.609
W-AS 0.827 0.476 0.787 0.829 0.329 0.475
EUR 4.22e-03 0.216 2.26e-06 1.89e-04 0.160 0.104

Table 11: p-value of Student’s t-test for each model on non-Western targeted samples from BLEnD-Region, based
on attention scores. Comparisons were made between each sample’s target region and America, and between each
sample’s target region and Europe, all within Cregion, which represents hard negative options.

1. Inspection prompts
Generate associated words, Syria, Oman, Jordan, Qatar, West Asia, Turkey, Israel, Lebanon, ..., Leonardo DiCaprio,
Tom Cruise, Kate Winslet, Brad Pitt, Actor, ..., Samsung, Cell Phone, TV, Apple, Nokia, South Korea, Electronics, ..., x
2.Open-ended QA Prompts
2-1. Baseline
BLEnD
Answer the question.\n\n Question: {question} \n\n Provide your answer as “Answer: [Answer]”
CAMeL-2
Extract the {entity type} mentioned in the following text: \n\n Text: {text} \n\n Reply only with the name of the {entity
type} mentioned
2-2. Cultural Prompting
BLEnD
You are given a question about {culture}. Answer the question.\n\n Question: {question} \n\n Provide your answer as
“Answer: [Answer]”
CAMeL-2
You are given a question about {culture}. Extract the {entity type} mentioned in the following text: \n\n Text: {text} \n\n
Reply only with the name of the {entity type} mentioned
2-3. CANDLE & Culturescope
BLEnD
You are given a question about {culture}. Answer the question, you can use list of concepts if it’s relevant. \n\n Concepts:
{cultural knowledge from the methods} \n\n Question: {question} \n\n Provide your answer as “Answer: [Answer]”
CAMeL-2
You are given a question about {culture}. You can use the hints if they are relevant \n\n Hints: {cultural knowledge from
the methods} \n\n Extract the {entity type} mentioned in the following text: \n\n Text: {text} \n\n Reply only with the
name of the {entity type} mentioned

Figure 5: Prompt templates used for open-ended QA evaluations.

(a) BLEnD, English (b) CAMeL-2, English

Figure 6: Average number of generated knowledge per layer.
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(a) BLEnD, English, aya-expanse (b) BLEnD, English, Qwen2.5

(c) BLEnD, Spanish, Llama-3.1 (d) CAMeL-2, English, Llama-3.1

(e) CAMeL-2, English, aya-expanse (f) CAMeL-2, English, Qwen2.5

(g) CAMeL-2, Arabic, Qwen2.5

Figure 7: CF Score Results
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(c) BLEnD-Resource - Aya Expanse 8B
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(d) BLEnD-Region - Aya Expanse 8B

Figure 8: Heatmap visualization of average attention contribution scores (z-score normalized) on incorrect predic-
tions.
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