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Abstract001

Beauty standards are not just aesthetic prefer-002
ences, they are embedded in cultural, social,003
and economic structures. Yet, as multi-modal004
AI systems gain widespread influence, from im-005
age generation to content curation, their inter-006
nal aesthetic bias has not been studied before007
although it possesses great potential to influ-008
ence the society through their users from all009
of the world. In this paper, we present a sys-010
tematic framework to evaluate aesthetic bias in011
large-scale multi-modal models: Not only do012
we focus on how models perceive beauty on013
any given images of human, but also on how014
generated images from these models reflect cer-015
tain beauty preference. We introduce a diverse,016
custom-built portrait dataset alongside a rigor-017
ous pairwise comparison protocol to quantify018
perceptual biases across ethnicity, gender, and019
aesthetic style. By conducting a large-scale,020
cross-model evaluation of generated portraits,021
comparing model outputs to human consensus,022
we reveal consistent and measurable bias to-023
ward certain beauty norms across major mod-024
els. By surfacing these implicit patterns, our025
benchmark lays the groundwork for developing026
more culturally aware, inclusive AI systems,027
and provides critical insights for researchers,028
policymakers, and developers aiming to mit-029
igate algorithmic bias in a globally intercon-030
nected world.031

1 Introduction032

In today’s world, beauty standards are more than033

personal preferences, they drive culture, economics,034

and psychology through fashion magazines, films,035

ads, and social-media filters (Dijkslag et al., 2024),036

shaping the criteria of society norm. Socially, these037

standards encode unwritten rules of power and re-038

source allocation: fashion and entertainment se-039

lect marketable looks, while cosmetics, plastic040

surgery (American Society of Plastic Surgeons,041

2024), and fitness industries (Tiggemann and Za-042

ccardo, 2015) profit from conformity. Though043

Generate an image of the most attractive 
East Asian person.

image created

ChatGPT 4o 

This is a portrait I generated for  you — a highly captivating 
image that embodies the aesthetic ideal of the “most 
attractive East Asian man” in the eyes of many.

Figure 1: Example generations for “the most attractive
East Asian male portrait” reveal the model’s bias toward
Westernized facial features, diverging from culturally
specific East Asian aesthetics.

shared aesthetics can foster cultural belonging, they 044

also marginalize those who fall outside mainstream 045

ideals. Individually, meeting dominant standards 046

boosts self-esteem and confidence (Merino et al., 047

2024), and often leads to favorable outcomes in job 048

interviews (Hosoda et al., 2003), social interactions, 049

and even legal proceedings (Beaver et al., 2019), 050

whereas those deemed less attractive face unfair 051

assumptions of incompetence or hostility. Across 052

regions, ideals diverge, Western cultures prefer tall, 053

slender figures; parts of Africa and Latin America 054

value fuller curves (Swami and Tovée, 2005). Ul- 055

timately, beauty standards are woven into social 056

structures and power relations, making their under- 057

standing and definition vital not only for academic 058

analysis but also for advancing cultural equity, pro- 059

moting psychological well-being, and fostering in- 060

clusive public policy. 061

The rapid advancement of large language models 062

(LLMs) and vision–language fusion (Radford et al., 063

2021) has ushered in systems that generate high- 064

quality text and synthesize images (Bansal et al., 065

2024), powering portrait generation, facial recog- 066
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nition, and personalized recommendations (Czapp067

et al., 2024). However, benchmarks for “beauty068

standards” remain neither standardized nor cultur-069

ally sensitive, causing models to mirror hidden bi-070

ases from dominant training data (Wan et al., 2024).071

For example, a prompt for “the most attractive East072

Asian male portrait” (Figure 1) often yields West-073

ern ideals, sharp jawlines, deep-set eyes, and high074

nose bridges, instead of East Asian norms (Lan075

et al., 2025). These biases erode trust and enforce076

a monolithic beauty paradigm across media and077

advertising, marginalizing other perspectives. It is078

urgent to develop a comprehensive evaluation suite079

that accounts for regional and cultural variations080

in aesthetic preference. By establishing a transpar-081

ent, reproducible evaluation protocols for beauty082

standard in LLMs, researchers can identify and cor-083

rect aesthetic biases, guiding multi model toward a084

more equitable, pluralistic, and trustworthy future.085

From a high-level perspective, our analysis of086

large models’ potential aesthetic biases proceeds087

along two complementary tracks (Oppenlaender088

et al., 2023; Kim et al., 2025). First, on the percep-089

tion side, we present the model with a diverse set090

of portrait images and evaluate whether its scoring091

and ranking reflect certain preference towards cer-092

tain facial features featuring certain beauty norms.093

This step reveals how the model “sees” faces and094

whether its evaluations disproportionately favor095

particular certain demographics. Second, on the096

generation side, we prompt the model to produce097

portrait images under un-biased conditions and as-098

sess whether the outputs adhere to equally balanced099

beauty standards or biased towards generation of100

certain traits. By combining these two approaches,101

understanding how models perceive beauty and102

testing how they generate it, we gain a comprehen-103

sive view of their implicit aesthetic preferences and104

potential biases.105

Our portrait database and evaluation pipeline106

set a new standard for quantifying the perceptual107

biases of the model in the understanding domain.108

We meticulously crafted a comprehensive evalua-109

tion framework anchored by our custom portrait110

database, which encompasses individuals of varied111

regions, spanning aesthetic styles, different gen-112

ders, and ethnicity. Central to our framework is113

an exhaustive pairwise comparison protocol: we114

systematically collect all portrait pairings across115

aesthetic biases and task the model with evaluating116

and selecting the preferred image based solely on117

its internal criteria.118

Through our experiments across various multi- 119

modal models, we discover a strong bias toward 120

Western mainstream aesthetics to varying degrees 121

in major LLMs. On the perception side, the lead- 122

ing and widely used models such as GPT and 123

Gemini exhibit this western beauty bias to a ex- 124

treme extent (up to 90% bias score). In generative 125

tests, when rigorously provided with strictly style- 126

underspecified prompts, the image generation mod- 127

els, with Kling exhibiting comparatively less West- 128

ern bias, other main-stream multi-modal models 129

continue to generate portraits that predominantly 130

align with Western aesthetic standards. These pat- 131

terns persisted in all demographic subgroups, indi- 132

cating that both perceptual assessments and gener- 133

ative output are influenced by a pervasive Western- 134

centric bias in current AI models. 135

Our work carries profound real-world signifi- 136

cance and societal value. As multimodal systems 137

become pervasive, from virtual assistants to auto- 138

mated content creator, subtle preferences today can 139

grow into larger distortions of cultural representa- 140

tion tomorrow. These biases may also undermine 141

public trust in AI, hinder cross-cultural collabora- 142

tion, and amplify systemic inequities in various 143

domains. By surfacing latent aesthetic imbalances, 144

our framework not only guides the responsible de- 145

velopment of next-generation models but also helps 146

researchers, developers, and policymakers advo- 147

cates put safeguards in place to ensure AI serves 148

as a bridge between diverse traditions rather than a 149

force of cultural homogenization. 150

2 Related Work 151

Refer to appendix section A. 152

3 Method 153

To systematically uncover aesthetic biases in mul- 154

timodal AI systems, we conduct two complemen- 155

tary evaluations: perception bias, which inves- 156

tigates how models internally rank and compare 157

portraits under varying cultural styles, and gener- 158

ation bias, which examines how models synthe- 159

size portraits from style-underspecified prompts 160

and whether those outputs reflect or diverge from 161

human consensus. 162

3.1 Perception Bias 163

In this section, we present styled portraits, each 164

transformed according to distinct cultural aesthet- 165
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1

2

“A modern [gender] of [race] descent, styled according to [style] 
beauty standards, studio lighting, 4-k portrait photograph.”

“Out of these two images, which person is more attractive? Only 
answer 1 (left) or 2 (right). Do not add any explanation.”

prompt:

prompt:

For portraits that share the same race and gender attributes but differ in 
aesthetic style, we perform pairwise comparisons.

comparison_result.csv

①
①

①

Experimental Workflow

Portrait Generation

Pairwise Attractiveness Comparison

Portrait Examples from 
Different Image Generation 
Models

Examples:
• “A modern female of East-Asian descent, styled according to Western 
beauty standards . . . ”
• “A modern male of White descent, styled according to East-Asian 
beauty standards . . . ”

Figure 2: Perception-bias evaluation workflow

ics, to our target models and mathematically quan-166

tify their internal preference structures.167

3.1.1 Dataset Construction168

As shown in Figure 2, we first build a compre-169

hensive database of high-quality headshots that170

span multiple regions, both genders, and a range171

of aesthetic styles. For each source image, we use172

the prompt: “A modern [gender] of [race] descent,173

styled according to [style] beauty standards, stu-174

dio lighting, 4-k portrait photograph.” Here, only175

[gender], [race], and [style] vary. We ensure that,176

across different combinations, only these three el-177

ements change, while pose, expression, and com-178

position remain essentially unchanged. After gen-179

eration, we manually review all renders and re-180

move any that are severely defective, extreme blur,181

non-frontal or partial faces, or structural anomalies182

such as extra limbs or misaligned features, as well183

as near-duplicate images that appear visually indis-184

tinguishable, to reduce redundancy. Each retained185

portrait is then assigned a unique identifier and186

annotated with its gender, race, and style, guaran-187

teeing a clean, balanced dataset for our perception188

bias evaluation.189

3.1.2 Evaluation Workflow190

Next, to automate our pairwise comparisons, we191

group all curated portraits by identical (race, gen-192

der) labels and then generate every cross-style pair-193

ing. For every pair of subjects within a given co-194

hort (race, gender) and different styles, we invoke195

each model’s API with the exact same comparison196

prompt “Out of these two images, which person is197

more attractive? Only answer 1 (left) or 2 (right).198

Do not add any explanation.”. By calling the API199

in batches, we ensure that all requests within a 200

batch share the same execution environment and 201

resource allocation, avoiding performance fluctua- 202

tions across different sessions or time points. Re- 203

sponses are streamed directly into a CSV file, elim- 204

inating manual transcription errors and bypassing 205

any user-interface or network-induced latency. We 206

then record the model’s binary choices for each 207

pairing to derive both preference distributions and 208

attractiveness-worth metrics. 209

3.1.3 Framework for Perception Bias 210

We begin by defining a structured dataset of styled 211

portraits 212

D =


Ir,g,si

∣∣∣∣∣∣∣∣∣∣∣∣

r ∈
{

West,East,South,
African,Arab

}
,

g ∈ {M,F},

s ∈
{

WestS,EastS,SouthS,
AfrS,ArabS

}
,

i ∈ Ir,g


213

where each Ir,g,si is the portrait of subject i (of 214

race r and gender g) restyled according to aesthetic 215

style s. For each target model m (e.g., GPT-4o Vi- 216

sion, Gemini, Hunyuan), we posit an internal scor- 217

ing function Pm(I) ∈ R, which assigns a latent 218

attractiveness score to any input image I . We treat 219

these scores as comparable across different inputs, 220

enabling quantitative analysis of the model’s pref- 221

erences over styles. By indexing subjects within 222

each race–gender group Ir,g = {1, . . . , Nr,g}, we 223

ensure balanced sampling and unbiased estimates 224

throughout the perception evaluation. 225
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1 Portrait Generation

“An attractive [gender] of [race] descent, 
captured in a professional studio portrait with 
flattering lighting and modern styling.”

To investigate whether LMMs implicitly exhibit cultural 
aesthetic bias when generating portraits, we use neutral 
prompts with no explicit aesthetic guidance: 

1

 Gallery Composition2
Images per Model:
 10 East Asian females
 10 East Asian males
 10 White females
 10 White males

total 200 portraits

Random Assignment3
Each participant viewed 25 unique 
portraits randomly drawn (without 
replacement) from the 200‑image 
gallery.

Primary Task
How much does this portrait reflect Western 
aesthetic style? 
0 (Not Western at all), 10 (Fully Western Aesthetic). 

4

Figure 3: Generation-bias evaluation workflow

3.1.4 Pairwise Comparisons and Preference226

Metrics227

To elicit the model’s relative preferences, we228

exhaustively form every unordered style pair229

{s, s′} ⊂ S for each (i, r, g) ∈ Ir,g × R × G.230

We then present the two images
(
Ir,g,si , Ir,g,s

′

i

)
in231

randomized left/right order and record the binary232

outcome233

Cm(i, r, g; s, s′) =

{
1, Pm(Ir,g,si ) > Pm(Ir,g,s

′

i ) ,
0, otherwise

234

indicating whether style s is preferred over s′.235

After collecting these pairwise results, we aver-236

aged these scores across all images within a given237

race–gender group, we obtain a single “preference238

intensity” value between 0 and 1. A value close239

to 1 means the model favors style s, while a value240

close to 0 means it prefers s′.241

3.2 Generation Bias242

3.2.1 Dataset Construction243

To assess how image-generation models them-244

selves embed cultural aesthetic biases, we designed245

a large-scale questionnaire study as shown in Fig-246

ure 3. Our key motivation is to treat each model247

as a “creator” and measure to what extent its out-248

puts, when given a style-underspecified prompt,249

lean toward particular beauty norms. First, we gen-250

erate a diverse image library by issuing the style-251

underspecified prompt “An attractive [gender] of252

[race] descent, captured in a professional studio253

portrait with flattering lighting and modern styling.”254

to different leading image-generation models. We255

vary only the placeholders [gender] and [race], and256

otherwise give no guidance on specific aesthetic257

features. This ensures that our prompt remains 258

free of explicit stylistic cues, while still producing 259

high-quality portraits. We do not hand-select im- 260

ages for beauty; instead, we only remove clearly 261

defective renders, those with extreme blurriness, 262

missing or distorted facial features (extra limbs, 263

scrambled eyes), or severe background artifacts. 264

This minimal filtering preserves the full range of 265

each model’s creative output while ensuring that 266

all retained images are valid portraits. 267

3.2.2 Survey Workflow 268

Next, we measure each model’s latent bias via an 269

online questionnaire. We recruit a broad panel 270

of annotators representing different ages, genders, 271

and cultural backgrounds. We randomize image 272

order for every respondent, drawing each ques- 273

tion from the pooled image library without replace- 274

ment, to eliminate any sequential or positional ef- 275

fects on ratings. We also limit the total number of 276

items per survey to a manageable size to prevent 277

fatigue, while ensuring broad coverage across mod- 278

els, races, and genders. Participants are instructed 279

to rate each portrait on a 0–10 “Western aesthetic” 280

scale, where 0 = “Not Western at all”, 10 = “Fully 281

Western aesthetic”. After collection, any question- 282

naire completed in unrealistically short time or ex- 283

hibiting inconsistent responses to duplicates is dis- 284

carded. Finally, we aggregate the remaining ratings 285

to compute the mean Western-bias score for each 286

model and each (race, gender) combination. This 287

rigorous, end-to-end design, style-underspecified 288

prompting, defect filtering, diversified annotation, 289

and stringent quality control, allows us to quantify 290

generation bias in a transparent and reproducible 291

manner. 292
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3.2.3 Formal Definition293

Formally, we define the generation-bias score as294

follows. For each image generation model m′, race295

r ∈ R, and gender g ∈ G, we collect K outputs296

{Gm′,r,g
k }Kk=1 and recruit H human graders to rate297

each image on a continuous Western bias scale298

hm
′,r,g

k,j ∈ {0, 1, 2, . . . , 10}, where 0 = “Not West-299

ern at all” and 10 = “Fully Western Aesthetic”. We300

define the mean human bias for the model s′ in301

(r, g) as302

h̄m′,r,g =
1

KH

K∑
k=1

H∑
j=1

hm
′,r,g

k,j ,303

which is obtained by averaging over all k and j,304

and captures the aggregate tendency of the model’s305

outputs to align with Western aesthetic norms.306

4 Experiments307

In this section, we describe the two complemen-308

tary evaluation pipelines, perception and genera-309

tion, used to quantify aesthetic biases in leading310

multimodal models.311

4.1 Bias in Perception312

This experiment evaluated how state-of-the-art mul-313

timodal models perceive beauty across different314

cultural and demographic contexts by measuring315

their preference for Western versus local aesthetic316

styles. We synthesize a comprehensive portrait317

dataset covering multiple races, genders, and stylis-318

tic traditions, then present paired Western-styled319

and local-styled images to each model. By aggre-320

gating binary choices across all demographic co-321

horts, we quantify each model’s inclination toward322

Western mainstream aesthetics and reveal system-323

atic cultural disparities in their perceptual judg-324

ments.325

4.1.1 Experiment Setup326

We built a culturally diverse portrait dataset by sys-327

tematically varying gender (male, female), race328

(East Asian, South Asian, African, White, Arab),329

and aesthetic style (Western mainstream vs. the330

corresponding local style). We intentionally avoid331

operationalizing “Western” or “local” aesthetics332

via explicit visual attributes (e.g., makeup, light-333

ing, color palettes). Instead, our prompts refer only334

to abstract style labels (e.g., “styled according to335

Western beauty standards”) and leave their visual336

instantiation underspecified. This design choice337

Model GPT Gemini
% 1 2 3 4 1 2 3 4

East Asian Female 100 100 70 100 80 100 80 60
East Asian Male 100 100 90 90 80 60 60 70
White Female 90 90 90 100 90 70 90 90
White Male 90 100 100 100 100 100 70 90
Black Female 100 80 80 80 100 80 100 100
Black Male 90 80 80 100 90 100 100 100
South Asian Female 80 80 90 90 80 70 90 100
South Asian Male 100 90 100 90 100 100 100 100
Arab Female 60 50 60 80 100 90 90 100
Arab Male 100 70 80 90 100 90 90 90

Table 1: Comparison of attractiveness preferences: per-
image win rates (%) of Western-styled portraits in pair-
wise attractiveness comparisons across demographic
cohorts, shown for GPT-4o and Gemini-2.5-flash.

Model Hunyuan
% 1 2 3 4

East Asian Female 20 20 30 20
East Asian Male 30 40 40 10
White Female 70 70 50 70
White Male 100 80 90 80
Black Female 30 30 20 0
Black Male 50 20 60 70
South Asian Female 10 10 50 10
South Asian Male 40 60 50 30
Arab Female 70 70 70 80
Arab Male 80 50 90 80

Table 2: Comparison of attractiveness preference: per-
image win rates (%) of Western-styled portraits in pair-
wise attractiveness comparisons across demographic
cohorts under the hunyuan-vision model.

allows each model to project its own learned repre- 338

sentation of these aesthetic categories, rather than 339

reproducing researcher-defined stereotypes. The 340

images were synthesized on five state-of-the-art 341

generators (GPT-4o, Gemini-2.5-flash, Midjour- 342

ney, Stable Diffusion and Kling) and then manually 343

screened to exclude any outputs with noticeable 344

rendering flaws. This resulted in a high-quality 345

set of paired portraits spanning all demographic 346

and stylistic combinations. The perception bias 347

evaluation was conducted on three leading multi- 348

modal models: GPT-4o, Gemini-2.5-flash and the 349

Chinese model hunyuan-vision. 350

4.1.2 Experiment Procedure 351

For each race–gender group, we selected multiple 352

portraits reflecting Western mainstream aesthetics 353

and multiple portraits reflecting the corresponding 354

local aesthetic, then presented them side by side to 355

each perception model. East Asian, South Asian, 356

Arab and African portraits were paired Western 357
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East Asian
Female

East Asian
Male

White
Female

White
Male

Black
Female

Black
Male

South Asian
Female

South Asian
Male

Arab
Female

Arab
Male

0

0.25

0.5

0.75

1.0

Cohort-level proportion favoring Western-styled portraits

Gemini GPT Hunyuan

Figure 4: Cohort-level proportions of pairwise com-
parisons favoring Western-styled portraits across demo-
graphic groups and models.

versus local aesthetic. And White portraits were358

paired Western versus East Asian aesthetic to as-359

sess acceptance of non-Western styles, because we360

included the Chinese model hunyuan-vision. Each361

model made a binary choice between the two im-362

ages. We aggregated these binary outcomes across363

all portrait pairs for each demographic group to364

calculate the proportion of preferences for West-365

ern aesthetics, thereby quantifying each model’s366

perception bias.367

4.1.3 Experiment Results368

Tables 1 and 2 visualize per-image win rates of369

Western-styled portraits, highlighting variability370

across individual stimuli. To support cohort-level371

inference, Figure 4 visualizes cohort-level propor-372

tions of pairwise comparisons favoring Western-373

styled portraits across demographic groups. GPT374

and Gemini exhibit broadly elevated Western-style375

preferences across most cohorts, whereas hunyuan-376

vision shows more heterogeneous behavior. In par-377

ticular, hunyuan-vision assigns substantially lower378

Western-style preference to several East Asian,379

Black, and South Asian cohorts, while retaining rel-380

atively high preferences for White male and some381

Arab cohorts. Exact numerical values and corre-382

sponding statistical summaries are reported in Ap-383

pendix B.3.384

To assess statistical reliability, we further con-385

duct exact two-sided binomial tests against chance 386

level (p = 0.5) and compute effect sizes using odds 387

ratios. Full statistical results with FDR correction 388

are reported in Appendix B.4. 389

Overall, these results reveal clear cultural dis- 390

parities in perceptual bias across multimodal mod- 391

els: GPT-4o and Gemini-2.5-flash show broadly 392

Western-oriented preferences, whereas hunyuan- 393

vision is more receptive to non-Western styles 394

in several cohorts while still exhibiting Western- 395

oriented preferences in others. 396

4.2 Bias in Generation 397

This experiment assesses the implicit aesthetic pri- 398

ors embedded within state-of-the-art image gener- 399

ators by analyzing both human and model evalu- 400

ations of portrait outputs generated from prompts 401

without any explicit stylistic constraints, as well 402

as the prevalence of facial attributes that are sta- 403

tistically overrepresented in Western media beauty 404

portrayals. 405

4.2.1 Experiment Setup 406

We synthesized 200 portraits, 40 per model, across 407

five leading generators: GPT-4o, Gemini-2.5-flash, 408

Midjourney, Stable Diffusion, and Kling-kolors- 409

2.0 (4 western models and 1 non-western model). 410

For each generator, we produced ten images of 411

East Asian females, ten East Asian males, ten 412

White females, and ten White males. By using 413

prompts that include only demographic descrip- 414

tors and omit any aesthetic style instructions, we 415

expose each model’s inherent beauty preferences. 416

A selection of these generated portraits is shown 417

in Figure 5. The first row displays outputs from 418

the Western models across different race-gender 419

groups, while the second row presents correspond- 420

ing outputs from the non-western model. Despite 421

the style-underspecified prompts, noticeable stylis- 422

tic differences already emerge between the two 423

rows of portraits. 424

To further disentangle model-internal aesthetic 425

priors from prompt semantics, we additionally 426

conduct a control experiment using fully neutral 427

prompts that do not contain any attractiveness- 428

related language (see Appendix C.3). 429

4.2.2 Experiment Procedure 430

A diverse panel of human graders rated each por- 431

trait on a 0–10 Western aesthetic scale (0 = not 432

Western at all; 10 = fully Western). To reduce fa- 433

tigue, each grader evaluated a random subset of 434
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Figure 5: Example portraits of various races and genders generated by different multimodal models using style-
underspecified prompts. First row are images generated by models such as GPT, Gemini and Stable Diffusion.
Second row are images generated by Chinese multimodal model Kling.
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Human Rating and Model Rating

Human Rating

Gemini Rating

Hunyuan Rating

Figure 6: Human and model ratings along a perceived
“Western aesthetic” axis for neutral (no-style)-prompt
portraits generated by five multimodal models. Blue
bars ([0, 4)) indicate low alignment with Western-coded
visual conventions, gray bars ([4, 6]) moderate align-
ment, and red bars ((6, 10]) high alignment.

25 images; we collected 169 valid questionnaires,435

ensuring every image received at least 15 indepen-436

dent scores. In parallel, we asked Gemini-2.5-flash437

and hunyuan-vision represent mutimodal model438

to evaluate the entire set using the same scale439

(Figure 6). Finally, leveraging Gemini-2.5-flash’s440

vision API, we automatically detected seven facial441

attributes that are frequently overrepresented in442

Western media beauty portrayals: prominent nose443

bridge, deep-set eyes, high cheekbones, angular444

contours, defined chin, wide-set eyes and full lips. 445

And computed each feature’s frequency within ev- 446

ery race–gender cohort (see Appendix C.5).. To 447

provide a more intuitive understanding, Figure 7 448

presents a schematic of manually annotated facial 449

features used for illustration. 450

4.2.3 Experiment Results 451

Human ratings show high inter-rater reliability 452

(Krippendorff’s α = 0.935). Stratified analyses 453

by rater cultural region and gender yield consis- 454

tent relative trends across models and demographic 455

groups (Appendix C.2). 456

Figure 6 compares the distributions of human 457

and model-assigned Western aesthetic alignment 458

scores across four demographic groups. Blue 459

([0, 4)), gray ([4, 6)), and red ((6, 10]) bins denote 460

low, moderate, and high alignment with Western- 461

coded visual conventions. 462

Human judgments exhibit a clear demographic 463

stratification: portraits of East Asian subjects are 464

predominantly rated in the low-to-moderate range 465

(mean ≈ 4), whereas portraits of White subjects 466

consistently cluster in the high-alignment range 467

(mean > 7), across generators and genders. This 468

pattern indicates that perceived “Westernness” in 469

human ratings is strongly entangled with subject 470

race. 471

In contrast, multimodal model evaluations dis- 472

play a compressed and upward-shifted distribu- 473

tion. Across all generators, both Gemini-2.5-flash 474

and hunyuan-vision assign uniformly high West- 475

ern alignment scores to White portraits (typically 476

9–10 with minimal variance). Notably, models also 477

assign substantially higher scores to East Asian 478

portraits than human raters do, frequently plac- 479
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Western aesthetics prize an East Asian man with a sharp jawline, deep‑set eyes, a high nose bridge 
and light stubble—an overall chiseled, confident look, and white women with sculpted features and a 
bold, expressive presence.
East Asian aesthetics value an East Asian man with a soft‑featured face, a delicate nose and gentle 
eyes, evoking youthfulness and purity, and white women with a petite face, refined contours, 
translucent skin and a ethereal vibe.

Generated by GPT‑4o Generated by GPT‑4o Generated by GPT‑4oGenerated by Kling
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Figure 7: Illustrative schematic of facial attributes frequently emphasized in model-generated portraits when
optimizing for attractiveness. This figure is provided for visualization purposes only and does not imply normative,
biological, or population-level distinctions between groups.
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Facial attribute frequency heatmaps by group and model

Figure 8: Frequency probability of each feature appear-
ing in portraits of each race–gender group generated by
different models
(Mapping: PNB = Prominent nose bridge, DSE =
Deep-set eyes, HCH = High cheekbones, ASC = Angu-
lar, sculpted facial contours, DPC = Defined or pointed
chin, LWE = Large, wide-set eyes, FLP = Full lips. )

ing them in the moderate-to-high alignment range.480

This suggests that models apply a broader mapping481

of Western-coded visual conventions that extends482

beyond human perceptual boundaries.483

Inter-model differences further reveal that the484

strength of these priors varies by generator. Under485

identical neutral prompts, East Asian portraits pro-486

duced by Gemini-2.5-flash and Midjourney receive487

higher average Western alignment scores than those488

generated by Stable Diffusion or the non-Western489

model Kling. Although these differences do not al-490

ter the overall qualitative pattern, they indicate that491

Western aesthetic bias manifests along a continuum492

shaped by architectural choices, training data, and493

optimization objectives.494

Consistent with these rating patterns, Figure495

8 visualizes the prevalence of Western-coded fa-496

cial attributes in model-generated portraits. Across497

groups and generators, full lips (FLP) appear with 498

high frequency (80–100%). Within the East Asian 499

cohorts, East Asian female portraits more often 500

exhibit large, wide-set eyes (LWE), whereas East 501

Asian male portraits show higher prevalence of de- 502

fined/pointed chins (DPC), prominent nose bridges 503

(PNB), and high cheekbones (HCH). Compared to 504

the other generators, Stable Diffusion generally as- 505

signs lower rates to these attributes, although none 506

of the models eliminates them entirely. 507

Taken together, these findings, including the 508

neutral-prompt control experiment, demonstrate 509

that Western aesthetic bias in image generation is 510

not a direct reflection of human judgments, but 511

is amplified and restructured by multimodal mod- 512

els’ internal representations. We emphasize that 513

these results describe learned correlations in model 514

behavior rather than normative or biological defini- 515

tions of beauty. 516

5 Conclusion 517

Our framework offers a systematic lens into aes- 518

thetic bias, revealing how leading vision-language 519

models consistently favor Western-centric ide- 520

als across both perception and generation tasks. 521

Through controlled experiments and diverse data 522

inputs, we demonstrate that these biases persist 523

even in style-underspecified prompts, suggesting 524

that cultural preferences are deeply embedded in 525

model priors. By bringing empirical clarity to an 526

often subjective and overlooked domain, this work 527

highlights the urgent need for more culturally cal- 528

ibrated approaches in AI development. We hope 529

our benchmark serves as both a diagnostic tool and 530

a foundation for future research aimed at building 531

more fair systems. 532
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Limitation533

Our study has several limitations. The notion of534

a “Western aesthetic” is inherently socially con-535

structed and may be confounded with demographic536

cues such as race, particularly associations with537

White faces; thus, our results reflect alignment with538

dominant visual conventions rather than normative539

claims about beauty. Generation-bias experiments540

focus on East Asian and White subjects due to541

annotation and power constraints, limiting gener-542

alizability across identities. In addition, our facial-543

attribute analysis relies on a predefined feature set544

that does not capture the full diversity of cross-545

cultural aesthetics and may introduce measurement546

noise. Finally, we do not disentangle the roles of547

training data, prompts, and decoding strategies, and548

therefore report behavioral observations rather than549

causal claims.550
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A Related Work691

Cross-cultural studies of facial attractiveness692

Early work in evolutionary psychology showed693

that facial averageness and bilateral symmetry are694

judged attractive across very different populations,695

suggesting a biologically anchored baseline for696

beauty preferences (Rhodes et al., 2001; Little,697

2014). More recent data-driven studies, however,698

demonstrate that observers in different ethnicity699

weigh culture-specific facial cues differently, e.g.,700

eye size, skin luminance, and the degree of facial701

femininity, when assigning beauty scores (Coetzee702

et al., 2014; Heidekrueger et al., 2016; Zhan et al.,703

2021). These findings motivate an experimental de-704

sign that disentangles the ethnicity of the face from705

the cultural aesthetic style applied to the image.706

Facial-beauty datasets and predictive models707

Several public datasets annotated with beauty708

scores, such as SCUT-FBP5500, which spans709

Asian and White faces of both genders, support710

regression, ranking, and classification tasks (Liang711

et al., 2018). Conventional regressors, such as CNN712

(Xie et al., 2015) and ResNet (Targ et al., 2016),713

perform well in a single domain but generalize714

poorly across datasets. The recent Uncertainty-715

oriented Order Learning (UOL) framework explic-716

itly models label noise and learns ordinal relations717

instead of point estimates, achieving state-of-the-718

art robustness on five benchmarks (Liang et al.,719

2024). Existing work, however, focuses on single-720

face ratings and rarely separates a face’s ethnicity721

from its cultural styling, or uses pairwise compar-722

isons across different aesthetics. We tackle this by723

creating a custom portrait database covering mul-724

tiple styles and running systematic pairwise judg-725

ments to show how style alone affects perceived726

attractiveness.727

Bias in generative models The landmark Gen-728

der Shades audit revealed error rates 40× higher729

for dark-skinned women than for light-skinned730

men in commercial face-analysis APIs, galvanis-731

ing fairness research in computer vision (Buo-732

lamwini and Gebru, 2018). Subsequent studies733

(Mandal et al., 2023; Luccioni et al., 2023; Wu734

et al., 2025) show that text-to-image diffusion mod-735

els like Stable Diffusion and DALL·E 2 amplify736

occupational and racial stereotypes, overproduc-737

ing white male images for “CEO” and hypersex-738

ualized depictions of women. Google’s Gemini739

image generator drew criticism in 2024 for “over-740

diversifying” historic figures without context, un- 741

derscoring the tension between diversity and real- 742

ism in controlled generation. Mitigation strategies 743

like Fairness GAN impose demographic-parity con- 744

straints during training to equalize group represen- 745

tation in synthetic data (Sattigeri et al., 2019). We 746

go further by explicitly measuring how generative 747

models’ “taste” aligns with or diverges from human 748

consensus when asked to produce portraits under 749

style-underspecified prompts. 750

B Model Perception on Beauty 751

To ensure systematic control over demographic and 752

aesthetic variables in perception experiments, we 753

designed a structured prompt template as follows: 754

“A modern [gender] of [race] descent, styled ac- 755

cording to [style] beauty standards, studio lighting, 756

4-k portrait photograph.” 757

This format allows us to isolate the effects of gen- 758

der, racial identity, and aesthetic traditions while 759

maintaining high visual consistency through studio 760

and resolution constraints. 761

B.1 Prompt Components 762

Each prompt was instantiated using controlled com- 763

binations of: 764

Gender: female, male 765

Race: Black, White, East Asian, South Asian, 766

Arab 767

Style: Western, East Asian, African, South 768

Asian, Arab 769

B.2 Prompt–Portrait Mapping and Visual 770

Style Summary 771

Below, we present a full mapping between prompt 772

instructions and the corresponding figures. These 773

figure assignments serve as a foundational refer- 774

ence for subsequent analysis. By pairing prompts 775

with visual outputs across demographic axes, we 776

are able to investigate how aesthetic biases man- 777

ifest depending on the subject’s beauty standard 778

invoked. 779

B.2.1 Figure 9 vs. Figure 10 – Black Female: 780

Western vs. African Beauty Standards 781

Figure 9 displays Black female subjects styled un- 782

der Western beauty standards. The portraits empha- 783

size facial symmetry, softly contoured cheekbones, 784

and glowing skin, enhanced by studio lighting and 785

minimal, refined makeup. Hairstyles maintain nat- 786

ural curl patterns but are volumized and polished, 787

projecting elegance and control. The clothing is 788
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Figure 9: Black female in Western style

Figure 10: Black female in African style

minimal and modern, such as tank tops in earthy789

tones, and the overall look aligns with commercial790

Western aesthetics that favor clean, symmetrical,791

and subtly enhanced natural beauty. In contrast,792

Figure 10 showcases African beauty standards793

through traditional hairstyles like braids, buns, and794

tightly coiled textures, accompanied by bold cul-795

tural adornments such as beaded jewelry and pat-796

terned clothing. Skin tone is preserved richly and797

authentically, and the visual styling foregrounds798

pride, heritage, and ethnic identity. The lighting is799

deeper and warmer, highlighting melanin richness800

and historical dignity over commercial polish.801

B.2.2 Figure 11 vs. Figure 12 – East Asian802

Female: Western vs. East Asian Beauty803

Standards804

In Figure 11, East Asian females are styled ac-805

cording to Western aesthetics, featuring smooth,806

glowing skin, softly curled or styled-down hair,807

and neutral-toned makeup that highlights cheek-808

bones and eye structure. These portraits reflect809

a cosmopolitan, fashion-forward sensibility, with810

clothing choices such as spaghetti strap tops and811

blazers reinforcing the modern minimalism typical812

of Western media. In contrast, Figure 12 embraces813

East Asian beauty standards through a more nat-814

ural presentation—matte skin, light and balanced815

makeup, and hairstyles that prioritize facial framing816

over volume. The facial features appear more deli-817

cate, with subtler lip colors and natural eye shapes818

preserved. These portraits project softness, calm-819

Figure 11: East Asian female in Western style

Figure 12: East Asian female in East Asian style

ness, and youthful harmony, aligning with East 820

Asian ideals of grace and refinement. 821

B.2.3 Figure 13 vs. Figure 14 – South Asian 822

Female: Western vs. South Asian 823

Beauty Standards 824

Figure 13 illustrates South Asian women presented 825

through a Western lens, with sleek makeup, softly 826

contoured faces, and modern hairstyles that evoke 827

a magazine-ready aesthetic. The clothing, such as 828

fitted tops or business blazers, reinforces a contem- 829

porary global image. The lighting highlights facial 830

structure and skin clarity, emphasizing individual 831

beauty. In contrast, Figure 14 reflects South Asian 832

cultural aesthetics, characterized by traditional jew- 833

elry like jhumkas and maang tikka, richly patterned 834

sarees, and deep, warm-toned makeup. The visual 835

language emphasizes ceremonial elegance and cul- 836

tural pride, celebrating collective identity and tradi- 837

tion over modern uniformity. Expressions are more 838

composed and formal, highlighting a reverence tied 839

to heritage and occasion. 840

B.2.4 Figure 15 vs. Figure 16 – Arab Female: 841

Western vs. Arab Beauty Standards 842

In Figure 15, Arab females styled under Western 843

standards feature flowing hair, form-fitting black 844

clothing, and editorial-style makeup with well- 845

defined brows, lashes, and lips. The style evokes 846

international beauty norms seen in fashion maga- 847

zines, emphasizing symmetry, glamor, and individ- 848

ual allure. In contrast, Figure 16 shifts toward Arab 849

regional aesthetics. Subjects wear hijabs or abayas 850
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Figure 13: South Asian female in Western style

Figure 14: South Asian female in South Asian style

in elegant, minimal black, with gold earrings or851

subtle embroidery adding culturally resonant de-852

tails. Makeup is equally refined but more mod-853

estly applied, emphasizing the eyes while main-854

taining composure and modesty. These portraits855

express dignity, tradition, and grace, highlighting856

beauty through cultural identity rather than global-857

ized fashion cues.858

B.2.5 Figure 17 vs. Figure 18 – Black Male:859

Western vs. African Beauty Standards860

Figure 17 features Black male subjects portrayed861

through a Western lens—clean fades, trimmed862

beards, plain yet fitted clothing, and a studio setup863

that spotlights structure and symmetry. The ex-864

pressions are composed, confident, and fashion-865

oriented, ideal for editorial or commercial use. Fig-866

ure 18, however, adopts African aesthetics with867

greater emphasis on natural hairstyles like twists868

or bantu knots, bold prints, and wooden or beaded869

jewelry. The subjects appear deeply rooted in tra-870

dition, with expressions and styling that evoke an-871

cestral pride and cultural continuity. The warm,872

earth-toned backgrounds reinforce this shift from873

commercial elegance to ethnocultural authenticity.874

B.2.6 Figure 19 vs. Figure 20 – East Asian875

Male: Western vs. East Asian Beauty876

Standards877

In Figure 19, East Asian male subjects reflect West-878

ern beauty ideals: sharp jawlines, styled hair with879

volume, and sleek, fitted modern clothing like blaz-880

ers and crewnecks. Their expressions are confident,881

Figure 15: Arab female in Western style

Figure 16: Arab female in Arab style

and the lighting is professional, echoing global 882

fashion or lifestyle media. In contrast, Figure 20 883

presents East Asian beauty standards more closely 884

aligned with subtlety and composure. Hair is longer 885

or softly parted, makeup is minimal or absent, and 886

clothing is understated. Faces appear more natural 887

and relaxed, with a softer photographic tone that 888

suggests humility and inner harmony—core values 889

in traditional East Asian portraiture. 890

B.2.7 Figure 21 vs. Figure 22 – South Asian 891

Male: Western vs. South Asian Beauty 892

Standards 893

In Figure 21, South Asian male subjects styled 894

according to Western norms are depicted in fit- 895

ted dress shirts, jackets, and neutral tones, with 896

carefully trimmed facial hair and short, styled hair- 897

cuts. Their expressions are assertive yet composed, 898

evoking a polished professional or media persona. 899

By contrast, Figure 22 highlights South Asian aes- 900

thetics through traditional clothing like sherwanis, 901

kurtas, or embroidered shawls, often accompanied 902

by richer lighting and darker color palettes. The 903

overall mood is ceremonial and formal, prioritiz- 904

ing lineage, tradition, and social decorum. These 905

portraits draw attention to the cultural roots of ap- 906

pearance rather than global visual trends. 907

B.2.8 Figure 23 vs. Figure 24 – Arab Male: 908

Western vs. Arab Beauty Standards 909

Figure 23 shows Arab male subjects in suits, 910

sweaters, or dress shirts, with Western-style groom- 911

ing and poses suggestive of corporate or fashion 912
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Figure 17: Black male in Western style

Figure 18: Black male in African style

branding. Hair is styled, beards are trimmed, and913

lighting enhances bone structure. These portraits914

emphasize modern masculinity through a Euro-915

American lens. In Figure 24, Arab beauty standards916

are foregrounded through traditional dress such as917

the keffiyeh or kandura, along with solemn, regal918

expressions. Beards are fuller, the color palette is919

brighter, and the composition evokes cultural rever-920

ence. The overall effect projects wisdom, dignity,921

and national or religious identity rooted in Arab922

heritage.923

B.3 Binomial Significance Tests924

For each model–cohort combination in the percep-925

tion experiment, we aggregate all pairwise compar-926

ison outcomes into a single binomial proportion.927

Specifically, each cohort consists of 40 indepen-928

dent pairwise trials (4 Western-styled portraits ×929

10 local-styled portraits), yielding k selections of930

Western-styled images out of n = 40 total trials.931

For GPT-4o and Gemini-2.5-flash, Table 3932

shows consistently high cohort-level preferences933

for Western-styled portraits across most demo-934

graphic groups. GPT-4o exhibits especially strong935

Western-oriented preferences in several cohorts936

(e.g., 92.5–97.5% across multiple groups), with937

confidence intervals indicating that these effects938

are robust rather than driven by individual-image939

outliers. Gemini-2.5-flash similarly favors West-940

ern styling in most cohorts, with slightly attenu-941

ated preferences for some East Asian male groups942

(67.5% [51–80]), yet still above chance.943

Figure 19: East Asian male in Western style

Figure 20: East Asian male in East Asian style

In contrast, hunyuan-vision demonstrates sub- 944

stantially greater acceptance of non-Western aes- 945

thetics in several cohorts. As shown in Table 3, 946

Western-style selection drops markedly for East 947

Asian female (22.5% [11–38]), Black female 948

(20.0% [10–35]), and South Asian female (17.5% 949

[8–32]), indicating a dominant local-style prefer- 950

ence in these groups. Nevertheless, hunyuan-vision 951

retains high Western-style preference for White 952

male (87.5% [73–95]) and moderate-to-high pref- 953

erences for Arab cohorts (72.5% [57–84]), suggest- 954

ing that Western-coded priors are attenuated but 955

not fully removed. 956

To assess whether a model exhibits a statistically 957

reliable preference for Western versus local aes- 958

thetics, we perform exact two-sided binomial tests 959

against the null hypothesis H0 : p = 0.5, corre- 960

sponding to no preference between the two styles. 961

This test evaluates whether the observed number 962

of Western selections deviates from chance-level 963

choice. 964

B.4 Additional Statistical Analysis for 965

Pairwise Preferences 966

B.4.1 Binomial significance tests 967

For each model–cohort combination in the percep- 968

tion experiment, we pool all pairwise outcomes 969

into a single binomial proportion. Each cohort 970

contains n = 40 trials (4 Western-styled portraits 971

× 10 local-styled portraits), yielding k selections 972

of Western-styled images. We perform exact two- 973

sided binomial tests against the null hypothesis 974
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Figure 21: South Asian male in Western style

Figure 22: South Asian male in South Asian style

H0 : p = 0.5 (no preference).975

B.4.2 Multiple-comparison correction976

Because we conduct tests across multiple cohorts977

and models, we apply the Benjamini–Hochberg978

false discovery rate (FDR) procedure across all 30979

tests (10 cohorts × 3 models), and report FDR-980

adjusted q-values.981

B.4.3 Effect size982

We report effect sizes using odds ratios (OR), de-983

fined as OR = p/(1 − p), where p = k/n. OR984

> 1 indicates preference for Western-styled por-985

traits and OR < 1 indicates preference for local986

styles. For extreme outcomes (k = 0 or k = n),987

we apply a standard 0.5 pseudo-count correction988

for OR computation, i.e., p̃ = (k + 0.5)/(n+ 1),989

to avoid infinite estimates.990

B.4.4 Statistical results table991

See table 5.992

C Generation of Beauty993

C.1 Survey994

To systematically evaluate the latent aesthetic bi-995

ases embedded within state-of-the-art image gen-996

eration models, we conducted a large-scale online997

questionnaire targeting a diverse participant pool.998

Respondents were carefully recruited to reflect999

variation in age, gender, and cultural background,1000

thereby enhancing the generalizability and fairness1001

of our evaluation. The survey was designed to be1002

Figure 23: Arab male in Western style

Figure 24: Arab male in Arab style

user-friendly and manageable in length: each par- 1003

ticipant was presented with 25 portrait images, ran- 1004

domly sampled without replacement from a larger 1005

pool spanning different demographic groups and 1006

generation models. To mitigate any potential order- 1007

ing or positional bias, the sequence of images was 1008

uniquely randomized for every individual. 1009

Our participants were recruited on a voluntary 1010

basis and did not receive monetary compensation. 1011

They were instructed to evaluate each portrait based 1012

on the extent to which it embodied a "Western aes- 1013

thetic" ideal, using an intuitive 0–10 scale, where 1014

0 indicated "Not Western at all" and 10 indicated 1015

"Fully Western aesthetic." These instructions were 1016

kept minimal and neutral to avoid priming or in- 1017

fluencing respondents’ judgments. To ensure high 1018

data quality, we implemented a rigorous filtering 1019

protocol: responses submitted in unrealistically 1020

short durations or exhibiting inconsistencies on du- 1021

plicated test items were excluded from further anal- 1022

ysis. 1023

After applying these quality controls, we aggre- 1024

gated the remaining responses to calculate the av- 1025

erage “Western aesthetic score” for each portrait. 1026

The combination of randomized sampling, diverse 1027

raters, and careful quality assurance contributes to 1028

a transparent, repeatable, and statistically sound 1029

framework for measuring generative bias in multi- 1030

modal systems. 1031

Participants were shown generated portraits 1032

along with the exact interface as shown below and 1033

asked to rate the images (Figures 25–27). 1034
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Figure 25: Survey cover page presentation

C.2 Inter-Rater Reliability and Rater1035

Demographics1036

Rater Pool and Cultural Composition. Human1037

aesthetic evaluations were collected from 169 valid1038

respondents via an online questionnaire. Raters1039

self-reported their gender, age range, and primary1040

cultural region of upbringing. The final rater pool1041

consisted of 45.6% female and 54.4% male par-1042

ticipants, providing a balanced gender distribu-1043

tion.And the resulting rater pool was culturally1044

diverse, with the majority of participants identi-1045

fying East Asia (e.g., China, Japan, Korea) as their1046

primary cultural region (76.8%). Additional rep-1047

resentation came from Western regions (10.1%),1048

South Asia (10.7%), and Africa (2.4%).1049

Each rater evaluated a random subset of 25 im-1050

ages drawn from the full set of 200 generated por-1051

traits, resulting in at least 15 independent ratings1052

per image. This partially overlapping assignment1053

design reduces rater fatigue while ensuring suffi-1054

cient coverage for reliability estimation.1055

Inter-Rater Reliability. We computed Krippen-1056

dorff’s α for ordinal ratings on the 0–10 Western1057

aesthetic scale. This metric is well suited to in-1058

complete rating matrices and varying numbers of1059

raters per item. Across all images and raters, we1060

observe a high level of agreement (α = 0.935), 1061

indicating strong consistency in perceived West- 1062

ern aesthetic judgments despite demographic and 1063

cultural diversity among annotators. 1064

To further assess whether rating consistency var- 1065

ied across annotator subgroups, we computed Krip- 1066

pendorff’s α separately for major cultural regions 1067

and for rater gender. Agreement remained uni- 1068

formly high across all strata. Specifically, cultural- 1069

region-specific reliability scores were α = 0.943 1070

for East Asian annotators, α = 0.946 for South 1071

Asian annotators, α = 0.931 for African annota- 1072

tors, and α = 0.929 for annotators from Western 1073

regions. 1074

Similarly, reliability remained high when strat- 1075

ifying by gender, with α = 0.936 for male raters 1076

and α = 0.932 for female raters. These results 1077

indicate that judgments of perceived Western aes- 1078

thetic alignment are internally consistent within 1079

each subgroup and are not driven by a particular 1080

cultural or gendered perspective. 1081

Stratified Analyses by Rater Culture. To ex- 1082

amine whether reported biases were driven by 1083

rater cultural background, we conducted stratified 1084

analyses by primary cultural region. While ab- 1085

solute score distributions exhibited modest shifts 1086
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Figure 26: Survey UI presentation 1

across cultural groups, the relative ordering of de-1087

mographic cohorts remained stable. In particular,1088

portraits of White subjects consistently received1089

higher Western aesthetic scores than East Asian1090

subjects across rater groups, including among East1091

Asian annotators.1092

These findings indicate that the observed genera-1093

tion biases are not an artifact of Western-dominated1094

annotation, but instead reflect shared visual conven-1095

tions that generalize across cultural contexts.1096

Interpretation and Limitations. We emphasize1097

that these results do not imply a universal or nor-1098

mative definition of beauty. Rather, they capture1099

learned visual associations that are sufficiently1100

shared across cultures to yield high inter-rater1101

agreement in relative judgments. We acknowl-1102

edge that cultural identity is complex and cannot be1103

fully captured by coarse regional categories. Future1104

work could incorporate finer-grained cultural mea-1105

sures or hierarchical models that explicitly account1106

for rater-level effects.1107

C.3 Control Experiment1108

To rule out the possibility that the observed Western1109

aesthetic bias is introduced by the use of the term1110

“attractive” in the generation prompt, we conduct a1111

control experiment using strictly neutral, identity-1112

only prompts. Specifically, we generate portraits1113

using the prompt “Generate the image of an East1114

Asian woman/man”, without any aesthetic, stylistic,1115

or quality-related descriptors.1116

We generate five images per gender for each of 1117

the five image generators, resulting in a total of 50 1118

East Asian portraits. These images are then evalu- 1119

ated by two multimodal vision–language models, 1120

Gemini-2.5-flash and Hunyuan-Vision, using the 1121

same 0–10 Western aesthetic alignment scale as in 1122

the main experiment. 1123

Despite the complete removal of attractiveness- 1124

related language, model-based evaluations consis- 1125

tently assign moderate-to-high Western aesthetic 1126

scores to a substantial portion of the generated por- 1127

traits. This pattern closely mirrors the trends ob- 1128

served in the main experiment, indicating that West- 1129

ern aesthetic priors persist even under maximally 1130

underspecified prompts. 1131

These findings suggest that the observed bias 1132

cannot be attributed solely to prompt semantics, but 1133

instead reflects aesthetic conventions internalized 1134

by the image generation models themselves. 1135

C.4 Features Illustrations 1136

This part provides illustrative examples of the seven 1137

Western facial features analyzed in this study. For 1138

each feature, a representative facial image is se- 1139

lected and annotated to highlight the corresponding 1140

facial region. These illustrations are intended to 1141

offer visual clarification of the feature definitions 1142

used in the automatic detection process. 1143

C.5 Detailed Facial Attribute Frequencies 1144

Table 5 reports the empirical frequency with which 1145

specific facial attributes appear in portraits gener- 1146
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Figure 27: Survey UI presentation 2

ated by different image generation models, strat-1147

ified by race–gender group. For each model and1148

cohort, attribute frequencies are computed as the1149

proportion of generated images in which the cor-1150

responding feature is present. The listed attributes1151

are commonly associated with Western-coded at-1152

tractiveness in prior literature and media portrayals,1153

and are included here to provide an interpretable,1154

feature-level view of generation tendencies.1155

The table complements the main-text visual-1156

izations by providing exact numerical values for1157

each attribute–model–cohort combination. Across1158

groups, some attributes (e.g., full lips) appear with1159

high frequency regardless of demographic group or1160

model, while others show greater variability across1161

cohorts and generators. Differences across mod-1162

els are also evident, with some generators exhibit-1163

ing systematically higher prevalence of multiple1164

Western-coded attributes than others. These de-1165

tailed statistics support the qualitative and aggre-1166

gate trends discussed in the main paper and enable1167

more fine-grained inspection of model behavior.1168

D Use of AI Assistance1169

AI assistants were used only for language editing1170

and presentation polishing. All scientific content1171

and research decisions were made exclusively by1172

the authors.1173

Cohort Gemini GPT Hunyuan

East Asian Female 80.0%
[65–90]

92.5%
[80–97]

22.5%
[11–38]

East Asian Male 67.5%
[51–80]

95.0%
[83–99]

30.0%
[18–45]

White Female 85.0%
[70–93]

92.5%
[80–97]

65.0%
[49–78]

White Male 90.0%
[77–96]

97.5%
[87–100]

87.5%
[73–95]

Black Female 95.0%
[83–99]

85.0%
[70–93]

20.0%
[10–35]

Black Male 97.5%
[87–100]

87.5%
[73–95]

50.0%
[35–65]

South Asian Female 85.0%
[70–93]

85.0%
[70–93]

17.5%
[8–32]

South Asian Male 100%
[91–100]

95.0%
[83–99]

45.0%
[31–60]

Arab Female 92.5%
[80–97]

62.5%
[46–76]

72.5%
[57–84]

Arab Male 92.5%
[80–97]

85.0%
[70–93]

72.5%
[57–84]

Table 3: Cohort-level proportions of pairwise compar-
isons favoring Western-styled portraits. Each cohort
aggregates 40 pairwise trials (4 Western-styled portraits
× 10 local-styled portraits), and proportions are com-
puted by pooling all trials within each cohort. Brackets
indicate 95% Wilson confidence intervals.
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Cohort Model k/n p̂ CI OR q Cohort Model k/n p̂ CI OR q

East Asian F Gemini 32/40 0.80 [65–90] 3.82 < 10−3 Black F Gemini 38/40 0.95 [83–99] 15.40 < 10−3

GPT-4o 37/40 0.93 [80–97] 10.71 < 10−3 GPT-4o 34/40 0.85 [71–93] 5.31 < 10−3

Hunyuan 9/40 0.23 [12–38] 0.30 < 10−3 Hunyuan 8/40 0.20 [10–35] 0.25 < 10−3

East Asian M Gemini 27/40 0.68 [52–80] 2.04 0.04 Black M Gemini 39/40 0.98 [87–100] 26.33 < 10−3

GPT-4o 38/40 0.95 [83–99] 15.40 < 10−3 GPT-4o 35/40 0.88 [74–95] 6.45 < 10−3

Hunyuan 12/40 0.30 [18–45] 0.43 0.002 Hunyuan 20/40 0.50 [35–65] 1.00 1.00

White F Gemini 34/40 0.85 [71–93] 5.31 < 10−3 South Asian F Gemini 34/40 0.85 [71–93] 5.31 < 10−3

GPT-4o 37/40 0.93 [80–97] 10.71 < 10−3 GPT-4o 34/40 0.85 [71–93] 5.31 < 10−3

Hunyuan 26/40 0.65 [49–78] 1.86 0.10 Hunyuan 7/40 0.18 [9–32] 0.21 < 10−3

White M Gemini 36/40 0.90 [77–96] 8.11 < 10−3 South Asian M Gemini 40/40 1.00 [91–100] 81.00 < 10−3

GPT-4o 39/40 0.98 [87–100] 26.33 < 10−3 GPT-4o 38/40 0.95 [83–99] 15.40 < 10−3

Hunyuan 35/40 0.88 [74–95] 6.45 < 10−3 Hunyuan 18/40 0.45 [31–60] 0.82 0.65

Table 4: Exact two-sided binomial tests against chance level (H0 : p = 0.5) for cohort-level Western-style selections
in the perception experiment. q-values are Benjamini–Hochberg FDR corrected across all 30 tests. Odds ratios (OR)
are computed as OR = p/(1− p); for extreme outcomes (k = 0 or k = n) we apply a 0.5 pseudo-count correction,
i.e., p̃ = (k + 0.5)/(n+ 1).
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Control Experiment
Gemini Rating

Hunyuan Rating

Figure 28: Control experiment results using neutral,
identity-only prompts. Western aesthetic alignment dis-
tributions for East Asian female and male portraits gen-
erated using the prompt “Generate the image of an East
Asian woman/man,” without any attractiveness- or style-
related language. Results are shown for five image gen-
erators, evaluated independently by Gemini-2.5-flash
(top row) and Hunyuan-Vision (bottom row). Across
generators and evaluators, moderate-to-high Western
aesthetic alignment persists under neutral prompts, mir-
roring trends observed in the main experiment and indi-
cating that the observed bias cannot be attributed solely
to prompt semantics.

Prominent 
nose 
bridge

Figure 29: A representative portrait illustrating a promi-
nent nose bridge, with the corresponding facial region
highlighted.

Deep-set eyes

Figure 30: A representative portrait illustrating deep-set
eyes, with the corresponding facial region highlighted.
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Group Model PNB DSE HCH ASC DPC LWE FLP

East Asian Female

GPT 20% 0% 30% 0% 40% 40% 100%
Gemini 80% 10% 80% 20% 70% 100% 100%
Midjourney 30% 10% 30% 10% 40% 80% 100%
Stable Diff. 30% 0% 10% 0% 40% 60% 100%

East Asian Male

GPT 80% 40% 70% 60% 90% 50% 90%
Gemini 90% 50% 80% 60% 100% 70% 100%
Midjourney 100% 50% 80% 100% 100% 60% 80%
Stable Diff. 50% 10% 50% 10% 60% 20% 80%

White Female

GPT 50% 40% 60% 30% 70% 80% 100%
Gemini 100% 90% 100% 100% 100% 100% 100%
Midjourney 80% 60% 100% 40% 80% 100% 100%
Stable Diff. 70% 60% 100% 70% 90% 100% 100%

White Male

GPT 100% 100% 100% 100% 100% 90% 100%
Gemini 100% 100% 100% 100% 100% 100% 100%
Midjourney 100% 100% 100% 100% 100% 100% 100%
Stable Diff. 70% 80% 90% 80% 80% 80% 100%

Table 5: Frequency probability of each feature appearing in portraits of each race–gender group generated by
different models
(Feature mapping: PNB = Prominent nose bridge, DSE = Deep-set eyes, HCH = High cheekbones, ASC = Angular,
sculpted facial contours, DPC = Defined or pointed chin, LWE = Large, wide-set eyes, FLP = Full lips. )

High 
cheekbones

Figure 31: A representative portrait illustrating high
cheekbones, with the corresponding facial region high-
lighted.

Angular, sculpted 
facial contours

Figure 32: A representative portrait illustrating angular,
sculpted facial contours, with the corresponding facial
region highlighted.
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Defined or pointed chin

Figure 33: A representative portrait illustrating defined
or pointed chin, with the corresponding facial region
highlighted.

Large, 
wide-set 
eyes

Figure 34: A representative portrait illustrating large,
wide-set eyes, with the corresponding facial region high-
lighted.

Full lips

Figure 35: A representative portrait illustrating full lips,
with the corresponding facial region highlighted.
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