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Abstract001

Large Language Models (LLMs) are increas-002
ingly used to generate narrative content, includ-003
ing children’s stories, which play an impor-004
tant role in social and cultural learning. De-005
spite growing interest in AI safety and align-006
ment, most existing evaluations focus primar-007
ily on English, leaving the cross-lingual gen-008
eralization of aligned behavior underexplored.009
In this work, we introduce BIASEDTALES-010
ML, a large-scale parallel corpus of approx-011
imately 350,000 children’s stories generated012
across eight typologically and culturally diverse013
languages using a full-permutation prompting014
design. We propose a structured generator-015
extractor pipeline and a multi-dimensional dis-016
tributional analysis framework to examine how017
narrative attributes vary across languages, mod-018
els, and social conditions.Our analysis reveals019
substantial cross-lingual variability in narra-020
tive generation patterns, indicating that distri-021
butions observed in English do not always ex-022
hibit similar characteristics in other languages,023
particularly in lower-resource settings. At the024
narrative level, we identify recurring structural025
patterns involving character roles, settings, and026
thematic emphasis, which manifest differently027
across linguistic contexts.These findings high-028
light the limitations of English-centric evalua-029
tion for characterizing socially grounded nar-030
rative generation in multilingual settings. We031
release the dataset, code, and an interactive vi-032
sualization tool to support future research on033
multilingual narrative analysis and evaluation.1034

1 Introduction035

Narrative texts play an important role in the for-036

mation of social knowledge and cultural norms,037

particularly in early childhood (Caliskan et al.,038

2017; Cooper, 2014). Through stories, readers039

are exposed to implicit assumptions about so-040

cial roles, occupations, environments, and iden-041
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tities, which together shape their understand- 042

ing of the world. As Large Language Models 043

(LLMs)(Achiam et al., 2023) are increasingly used 044

to generate stories for educational and creative pur- 045

poses (BedtimeStory.ai, 2023; Srivastava, 2023; 046

Kobie, 2023), understanding the social attributes 047

embedded in such generated narratives has become 048

an important research problem. 049

Prior work on social bias in language models 050

has largely focused on short-form tasks such as 051

sentence completion or classification, and is pre- 052

dominantly centered on English (Nadeem et al., 053

2020; Caliskan et al., 2017). While these studies 054

have provided valuable insights, they are limited in 055

their ability to capture biases that emerge in long- 056

form narrative generation, where social attributes 057

are expressed indirectly through characters, set- 058

tings, and plot structures. Moreover, it remains 059

unclear how such narrative-level patterns general- 060

ize across languages, particularly in multilingual 061

and low-resource settings. 062

In this work, we study social attribute distribu- 063

tions in multilingual story generation. We focus 064

on children’s stories as a controlled yet expres- 065

sive narrative domain: they encourage positive and 066

imaginative content while still requiring models 067

to make structured choices about characters, envi- 068

ronments, and social roles. To facilitate system- 069

atic analysis, we introduce BIASEDTALES-ML, a 070

large-scale multilingual corpus of approximately 071

350,000 machine-generated children’s stories span- 072

ning eight typologically and culturally diverse lan- 073

guages (Figure 1). The dataset is constructed using 074

a parallel prompt design across languages and mod- 075

els, enabling controlled cross-lingual comparison. 076

Beyond dataset construction, we propose an eval- 077

uation framework for analyzing narrative-level so- 078

cial attributes in generated stories. Our approach 079

employs a generator–extractor pipeline to identify 080

recurring character traits, settings, and thematic ele- 081

ments, allowing us to quantify distributional differ- 082
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Figure 1: Global reach and linguistic diversity of the BIASEDTALES-ML dataset. We strategically selected eight
languages to maximize cultural and typological coverage. The map highlights primary regions for: (1) High-resource
global languages (e.g., English, Chinese, Spanish); (2) Gendered grammatical systems (e.g., Arabic, Russian); and
(3) Distinct cultural narratives (e.g., Swahili, Japanese). The color-coded regions illustrate the dataset’s capacity to
probe bias beyond Western-centric contexts.

ences across languages, models, and conditioning083

variables. This framework moves beyond surface-084

level toxicity or keyword-based bias detection, and085

instead targets structural patterns in narrative gen-086

eration.087

Using BIASEDTALES-ML, we conduct a sys-088

tematic empirical study of multilingual story gener-089

ation. Our analysis reveals consistent distributional090

differences across languages and resource condi-091

tions, suggesting that social attribute expression in092

narratives is sensitive to linguistic context. These093

findings highlight the importance of multilingual094

evaluation for understanding the behavior of gener-095

ative models in socially grounded tasks.096

In summary, this paper makes the following con-097

tributions:098

• We introduce BIASEDTALES-ML, a large-099

scale multilingual dataset of parallel chil-100

dren’s stories designed for narrative bias anal-101

ysis.102

• We propose a general evaluation framework103

for extracting and comparing social attribute104

distributions in long-form story generation.105

• We present an empirical analysis of multi-106

lingual narrative generation, demonstrating107

systematic cross-lingual variation in social at- 108

tribute expression. 109

2 Related Work 110

2.1 Social Bias in Storytelling 111

The ability of large language models to generate 112

coherent narratives has made storytelling an im- 113

portant domain for studying implicit social biases. 114

Early work by Lucy and Bamman (2021) examined 115

gender representations in GPT-3 generated stories, 116

finding that female characters were more frequently 117

associated with domestic settings and passive roles. 118

More recently, Rooein et al. (2025) introduced the 119

Biased Tales dataset to analyze cultural and topical 120

biases in children’s stories. Their analysis suggests 121

that narratives featuring non-Western children tend 122

to emphasize traditional themes more often than 123

modern ones. However, this line of work—as well 124

as related studies (Rooein et al., 2023)—has largely 125

focused on English or a small number of high- 126

resource languages. In contrast, our study consid- 127

ers multilingual narrative generation and adopts a 128

full-permutation design across eight languages, en- 129

abling analysis that disentangles linguistic medium 130

from cultural conditioning. 131
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2.2 The Anglocentricity of AI Alignment132

A growing body of research has highlighted the133

Anglocentric nature of current NLP systems and134

evaluation practices (Bender et al., 2021; Blodgett135

et al., 2020). Alignment and safety techniques are136

typically developed and validated using English137

data and Western normative frameworks (Hersh-138

covich et al., 2022). As a result, several studies139

have reported uneven safety behavior in multilin-140

gual settings. For example, Yong et al. (2025) ob-141

serve that safety interventions are often applied142

reactively, with low-resource languages receiving143

less systematic coverage. Our work contributes144

to this discussion by examining how value-related145

patterns observed in English narrative generation146

compare with those produced in other languages.147

2.3 Beyond Static Benchmarks148

Most prior evaluations of social bias rely on static149

benchmarks such as StereoSet (Nadeem et al.,150

2020) or BBQ (Parrish et al., 2022), which frame151

bias detection as classification or multiple-choice152

tasks. While useful for controlled comparisons,153

the extent to which such benchmarks reflect behav-154

ior in realistic generative settings has been ques-155

tioned. Lum et al. (2025) argue that performance on156

standard bias benchmarks correlates weakly with157

model behavior in complex downstream applica-158

tions, referring to these as “trick tests” that may159

not capture real-world effects. Motivated by this160

critique, our work evaluates bias through long-form161

narrative generation, allowing analysis of patterns162

that emerge only in extended, context-rich outputs.163

2.4 Cross-Lingual Safety Transfer164

Recent studies have examined whether safety align-165

ment achieved in English transfers to other lan-166

guages. Although Reinforcement Learning from167

Human Feedback (RLHF) (Ouyang et al., 2022)im-168

proves safety performance in English, several169

works report reduced robustness in multilingual set-170

tings. Wei et al. (2023) describe “mismatched gen-171

eralization” as a common failure mode, while Deng172

et al. (2023) show that translation-based prompts173

can bypass English-centered safety mechanisms.174

Similarly, Shen et al. (2024) find higher rates of175

unsafe content generation in languages underrep-176

resented in alignment data. Most of this litera-177

ture focuses on adversarial or malicious use cases,178

such as instruction-following failures. In contrast,179

our study examines representational safety in non-180

adversarial narrative generation, analyzing how 181

value-related patterns change when the linguistic 182

medium varies. 183

3 The BIASEDTALES-ML Dataset 184

To enable systematic analysis of social attributes 185

in multilingual story generation, we construct 186

BIASEDTALES-ML, a large-scale parallel corpus 187

of 349,920 machine-generated children’s stories. 188

The dataset is designed to support controlled cross- 189

lingual comparison by relying on native generation 190

rather than translation-based benchmarks, which 191

may obscure language-specific patterns. 192

3.1 Prompt Design and Localization 193

We adopt a standardized prompt template to ensure 194

comparability across languages while allowing for 195

fluent, natural generation. Each prompt consists 196

of two components: an identity definition, which 197

specifies character and contextual attributes, and a 198

task instruction, which requests the generation of a 199

children’s story. 200

To preserve semantic equivalence across lan- 201

guages, the template was localized into eight target 202

languages by native speakers. This process focused 203

on maintaining consistent narrative intent and at- 204

tribute specification, rather than literal translation. 205

Detailed prompt structures and localization guide- 206

lines are provided in Appendix A, with multilingual 207

examples in Appendix D. 208

3.2 Coverage of Linguistic and Cultural 209

Factors 210

The dataset is constructed to disentangle linguis- 211

tic form from cultural content by systematically 212

varying each factor. We select eight languages that 213

differ in typological properties, resource availabil- 214

ity, and grammatical gender systems: 215

Languages. The language set includes: 216

• Languages without grammatical gender: 217

English, Chinese, Japanese, Korean; 218

• Languages with grammatical gender: Span- 219

ish, Russian, Arabic; 220

• Low-resource language: Swahili. 221

This selection enables comparison across differ- 222

ent grammatical structures and resource conditions 223

while maintaining manageable experimental scope. 224
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Cultural and Social Attributes. For each lan-225

guage, stories are generated by varying a set of226

social attributes that commonly appear in narrative227

contexts:228

• Nationality (N = 27): Covering six conti-229

nents (e.g., Nigerian, Iranian, Brazilian);230

• Religion (N = 6), Social Class (N = 2),231

Parent Role (N = 3), Child Gender (N =232

3).233

All combinations of these variables are instantiated,234

resulting in a structured configuration space that235

supports fine-grained analysis. The full list of na-236

tionalities and their regional grouping is provided237

in Table 1 (Appendix A).238

3.3 Models and Generation Procedure239

We generate stories using three open-weight LLMs240

that differ in scale and training configurations:241

Qwen-3-8B(Team, 2025), Llama-3.1-8B, and242

Llama-3.2-1B(Grattafiori et al., 2024). For each243

model, we sample five independent generations244

for every unique prompt configuration across all245

languages, yielding 2,916 distinct prompts and ap-246

proximately 350k stories in total.247

All generations are produced using the vLLM in-248

ference framework. To encourage narrative diver-249

sity, we employ a relatively high sampling temper-250

ature. Detailed generation hyperparameters and251

hardware settings are reported in Appendix B.252

Following generation, we apply an automatic lan-253

guage identification filter to verify that each story254

is written in the intended target language. Stories255

that fail this consistency check are excluded from256

subsequent narrative feature extraction and bias257

analyses. Detailed language consistency statistics258

are reported in Appendix C.259

3.4 Dataset Access260

We release the complete BIASEDTALES-ML261

dataset to support future research on multilingual262

narrative generation and evaluation. In addition,263

we provide Biased Tales Explorer, an interactive264

visualization interface that facilitates qualitative265

inspection and exploratory analysis (Appendix E).266

4 Evaluation Framework267

To enable systematic analysis of social attributes268

in long-form story generation, we define an eval-269

uation framework that combines narrative feature270

extraction with distribution-based metrics. The271

framework is designed to support controlled com- 272

parison across languages, models, and conditioning 273

variables. 274

4.1 Narrative Feature Extraction 275

Analyzing bias in narrative text requires moving 276

beyond surface-level lexical statistics, as social at- 277

tributes are often expressed implicitly through char- 278

acter descriptions, settings, and culturally grounded 279

details. Following recent work on LLM-based 280

analysis and evaluation (Zheng et al., 2023; Liu 281

et al., 2023), we adopt an LLM-based extraction 282

approach to obtain an approximate, structured rep- 283

resentation of salient narrative features. 284

Specifically, for each generated story S, we 285

prompt a strong instruction-following model 286

(Qwen-3-14B Team, 2025) to extract a structured 287

representation: 288

E = (Aadj , Venv, Ccul), 289

where: 290

• Aadj denotes adjectives describing the pro- 291

tagonist’s traits or dispositions (e.g., brave, 292

obedient); 293

• Venv denotes keywords describing the physi- 294

cal or social setting (e.g., forest, kitchen); 295

• Ccul denotes explicit cultural references, ob- 296

jects, or practices mentioned in the text (e.g., 297

menorah, dates). 298

To assess the reliability of this extraction pro- 299

cedure, we conducted a human validation study 300

on a random sample of 500 extracted stories span- 301

ning multiple languages. Annotators were asked to 302

judge, for each extracted attribute, whether it was 303

clearly or partially supported by the original story 304

text, without evaluating the presence or correctness 305

of any social bias. 306

Across all evaluated samples, the extractor 307

achieved a precision of 85.6%, indicating that most 308

extracted attributes were judged as grounded in 309

the source narratives. While the extracted repre- 310

sentations are not intended to serve as exhaustive 311

or gold-standard annotations, this level of relia- 312

bility supports their use as a scalable proxy for 313

large-scale, descriptive distributional analysis of 314

narrative content. 315
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Figure 2: Bias Fingerprints Across Narrative Dimensions. Radar plots show the Log-Probability Ratio (SC) for
multiple narrative dimensions, where outward spikes (positive values) denote relative male association and inward
spikes (negative values) denote relative female association. Similar geometric configurations are observed across
languages.

4.2 Distribution-Based Bias Metrics316

Based on the extracted features, we define a set317

of complementary metrics to characterize distri-318

butional differences between groups. These met-319

rics capture directionality, magnitude, cross-lingual320

consistency, and generation quality.321

Directional Bias (Log-Probability Ratio). To322

quantify the relative association between a seman-323

tic category C (e.g., Agency-related adjectives) and324

a conditioning variable (e.g., gender), we compute325

the log-probability ratio between male-conditioned326

(gm) and female-conditioned (gf ) stories:327

SC = ln

(
P (C | gm)

P (C | gf )

)
, (1)328

where P (C | g) denotes the normalized frequency329

of category C under condition g. Positive values330

indicate higher relative prevalence under gm. To331

reduce the influence of rare events, we clip SC to332

the range [−2.0, 2.0].333

Distributional Divergence (Bias Strength). To334

measure the overall magnitude of differentiation335

between two groups regardless of direction, we336

compute the Jensen–Shannon Divergence (JSD)337

(Lin, 2002) between their adjective distributions:338

Sbias =
1

2
DKL(Pm ∥ M) +

1

2
DKL(Pf ∥ M),

(2)339

where Pm and Pf denote the empirical distribu-340

tions for male- and female-conditioned stories, re-341

spectively, and M is their mean distribution. A342

small smoothing constant ϵ = 10−10 is applied for343

numerical stability.344

Cross-Lingual Consistency. To assess the sim- 345

ilarity of distributional patterns across languages, 346

we compute cosine similarity between bias score 347

vectors derived from different languages. For lan- 348

guages li and lj : 349

Sim(li, lj) =
vli · vlj

∥vli∥∥vlj∥
, (3) 350

where vl aggregates SC scores across all semantic 351

categories. Missing dimensions are imputed with 352

zero. 353

Generation Quality (Valid Story Rate). To con- 354

trol for model capability and generation failures, 355

we define Valid Story Rate (VSR) as the propor- 356

tion of generated outputs that (1) are written in the 357

target language and (2) do not constitute refusals. 358

This metric is used as a diagnostic indicator in scale 359

and resource analyses. 360

Lexical Analysis (Appendix). For fine-grained 361

keyword analysis reported in the Appendix, we em- 362

ploy the log-odds ratio with an informative Dirich- 363

let prior (Monroe et al., 2008). This statistic iden- 364

tifies lexical items that contribute disproportion- 365

ately to observed distributional differences while 366

accounting for frequency variance. 367

5 Experiments and Analysis 368

We analyze the generated corpora using the eval- 369

uation framework described in Section 4. Our 370

analysis proceeds from model-level comparisons 371

to language-level and attribute-level observations, 372

with the goal of characterizing distributional pat- 373

terns in multilingual story generation. 374
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Figure 3: Cross-lingual Alignment Patterns Pairwise cosine similarity between bias fingerprint vectors across
languages. Lighter colors indicate higher similarity. Qwen-3 displays more consistent cross-lingual patterns,
whereas Llama-3 shows increased divergence, particularly in comparisons involving lower-resource languages.

5.1 Directional Bias Patterns across Models375

We first examine directional differences in social376

attribute distributions using log-probability ratio377

scores. Figure 2 visualizes bias score vectors across378

narrative dimensions for each model and language.379

Across models, we observe systematic varia-380

tion in which semantic dimensions exhibit stronger381

gender-conditioned associations. For example,382

Qwen-3-8B consistently assigns higher relative383

probabilities to intellect-related descriptors in male-384

conditioned stories, particularly in Arabic and Chi-385

nese. In contrast, Llama-3.1-8B exhibits higher386

relative probabilities for agency-related descriptors387

in male-conditioned stories, with larger effects ob-388

served in Japanese and Spanish.389

Despite these differences, one consistent pattern390

emerges across all models: communality-related391

descriptors in English are more prevalent in female-392

conditioned stories. This suggests that certain393

gender-associated dimensions remain stable across394

model architectures, while others vary substan-395

tially.396

5.2 Distributional Divergence and397

Grammatical Gender398

We next examine whether languages with gram-399

matical gender exhibit stronger distributional diver-400

gence between male- and female-conditioned sto-401

ries. Figure 4 reports Jensen–Shannon Divergence402

(JSD) scores for grammatical gender languages403

(Spanish, Russian, Arabic) and non-grammatical404

gender languages (English, Chinese, Japanese, Ko-405

rean).406

For Llama-3.1-8B, grammatical gender lan-407

guages show higher median JSD values than non-408

grammatical gender languages, indicating greater409

differentiation between gender-conditioned adjec-410

tive distributions. In contrast, Qwen-3-8B shows411

Figure 4: Bias Strength by Grammatical Gen-
der. Boxplots compare overall bias strength (Jensen–
Shannon Divergence) between languages with grammat-
ical gender (G-Group) and those without grammatical
gender (N-Group). Higher values indicate greater di-
vergence between gender-conditioned adjective distri-
butions.

comparable JSD values across both language 412

groups, suggesting reduced sensitivity to grammat- 413

ical gender in this model. These results indicate 414

that the relationship between grammatical structure 415

and distributional divergence varies across model 416

families. 417

5.3 Cross-Lingual Consistency of Bias 418

Patterns 419

To assess the consistency of bias patterns across 420

languages, we compute cosine similarity between 421

bias score vectors derived from different languages 422

(Figure 3). Higher similarity values indicate more 423

similar distributional patterns. 424

For Llama-3.1-8B, bias vectors derived from 425

English show low or negative similarity with 426

those from several other languages, including low- 427

resource settings. In contrast, Qwen-3-8B exhibits 428

high similarity scores across most language pairs, 429

indicating more consistent distributional patterns 430

across languages. These findings highlight substan- 431

tial variation in cross-lingual consistency across 432
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Figure 5: Distinctive Lexical Markers in Narrative Generation (Selected Dimensions).The figure visualizes
the most distinctive keywords identified by log-odds ratio for Gender (top) and Social Class (bottom).Keywords
are grouped by narrative dimension (e.g., environment, attributes) and reflect systematic differences between
conditioned groups.A full breakdown across additional dimensions, including Religion and Nationality, is provided
in Appendix E.

Figure 6: Generation Quality vs. Bias Strength. Scat-
ter plot of Valid Story Rate (quality) against overall
bias strength (Jensen–Shannon Divergence) across mod-
els and languages.Each point corresponds to a model–
language pair, with 8B models shown at the top and the
1B model indicated by green squares.

models.433

5.4 Lexical-Level Analysis of Narrative434

Attributes435

To complement distribution-level metrics, we con-436

duct a lexical analysis using log-odds Z-scores to437

identify keywords that are disproportionately asso-438

ciated with specific conditioning variables. Fig-439

ure 5 presents representative results for gender440

and social class using Qwen-3-8B; full results441

across models and dimensions are provided in Ap- 442

pendix F. 443

For gender-conditioned stories, male-associated 444

narratives exhibit higher frequencies of terms re- 445

lated to activity and outdoor environments (e.g., for- 446

est, river), while female-associated narratives more 447

frequently include domestic or relational terms 448

(e.g., kitchen, garden). For social class, working- 449

class narratives are characterized by utilitarian and 450

labor-related terms (e.g., market, diligent), whereas 451

wealthy narratives more frequently include leisure- 452

and aesthetics-related terms (e.g., creative, gar- 453

den). 454

5.5 Generation Quality and Distributional 455

Effects 456

Finally, we analyze the relationship between gen- 457

eration quality and distributional divergence. Fig- 458

ure 6 plots bias strength (JSD) against Valid Story 459

Rate for each model and language. 460

Smaller models exhibit reduced generation qual- 461

ity in low-resource languages, which is often ac- 462

companied by increased distributional divergence. 463

In particular, the 1B model shows low Valid Story 464

Rates and higher JSD values in Swahili and Rus- 465

sian. In contrast, the 8B models maintain high 466

generation quality across languages, while still ex- 467

hibiting varying levels of distributional divergence. 468
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These results suggest that generation quality and469

distributional patterns are partially decoupled for470

larger models.471

6 Discussion472

This work investigates the distribution of social473

attributes in multilingual story generation, reveal-474

ing substantial variability across languages. While475

English-based evaluations may provide an incom-476

plete picture of model behavior, our findings em-477

phasize the importance of multilingual evaluation478

for understanding how training strategies and data479

composition influence narrative generation.480

6.1 Multilingual Evaluation Reveals Hidden481

Variability482

We observe notable differences in narrative at-483

tribute distributions across languages, even with484

parallel prompts and identical models. Models that485

appear balanced in English often show divergence486

in other languages, highlighting the need for multi-487

lingual evaluations to fully capture model behavior488

in socially grounded tasks.489

6.2 The Role of Linguistic Structure and490

Resource Availability491

Linguistic features, such as grammatical gender,492

interact with model behavior, influencing distri-493

butional divergence between gender-conditioned494

narratives. However, this effect varies by model495

and appears mediated by training objectives and496

data composition. Additionally, resource availabil-497

ity affects model performance: smaller models ex-498

hibit lower quality and greater bias divergence in499

low-resource languages, suggesting that expressive500

capacity influences narrative outcomes.501

6.3 Narrative Bias Beyond Surface-Level502

Metrics503

Our study identifies bias patterns in long-form nar-504

ratives that are not captured by traditional bias505

benchmarks. These patterns emerge through char-506

acter roles, settings, and activities, suggesting that507

narrative-level analysis offers complementary in-508

sights to surface-level keyword analysis.509

6.4 Implications for Alignment and510

Evaluation511

While this work does not propose new alignment512

methods, it underscores the need for multilingual513

evaluation frameworks. The observed divergence514

across languages suggests that alignment outcomes515

learned in English may not generalize uniformly 516

across linguistic contexts, pointing to the impor- 517

tance of distributional evaluations over normative 518

judgments. 519

7 Conclusion 520

This study presents an empirical analysis of nar- 521

rative attribute distributions in multilingual LLMs. 522

Through the BIASEDTALES-ML dataset and our 523

evaluation framework, we show that narrative 524

patterns in English do not consistently general- 525

ize across languages, revealing significant cross- 526

lingual variability.Our findings highlight that align- 527

ment outcomes can differ notably between high- 528

resource and low-resource languages, with some 529

models showing stable distributional patterns and 530

others exhibiting divergence. At the narrative level, 531

recurring structural patterns, such as character roles 532

and thematic emphasis, persist across models and 533

languages but are expressed differently depending 534

on the linguistic and model context.These results 535

suggest that English-centric evaluation may over- 536

look critical behavior in multilingual settings. We 537

argue that future alignment assessments should in- 538

corporate multilingual, distributional measures to 539

better understand how narrative structures evolve 540

across languages. 541

8 Limitations 542

Despite the scale and scope of BIASEDTALES-ML, 543

several limitations should be considered when in- 544

terpreting the findings. 545

Limited Exploration of Higher-Order Interac- 546

tions. Although the dataset is constructed using 547

a full-permutation design, the analysis in this work 548

primarily focuses on marginal effects and selected 549

pairwise comparisons. We do not systematically 550

examine higher-order interactions among multiple 551

attributes (e.g., how parent role, social class, and 552

gender jointly influence narrative structure). Future 553

work could leverage the dataset’s combinatorial 554

richness to explore such interactions in a more prin- 555

cipled manner. 556

Language Coverage and Typological Diversity. 557

The study examines eight languages spanning sev- 558

eral typological categories, but this set does not 559

cover all major language families or sociolinguis- 560

tic contexts. In particular, Indo-Aryan and several 561

African and Indigenous language families are not 562

represented. As a result, the observed cross-lingual 563
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patterns may not generalize to all linguistic set-564

tings, especially those with substantially different565

grammatical systems or training data distributions.566

Static Feature Representation. Our narrative567

analysis emphasizes extracted attributes and envi-568

ronmental settings, which capture salient descrip-569

tive properties but do not model dynamic interac-570

tions between characters. We do not explicitly ana-571

lyze semantic roles, causal relations, or action se-572

quences that could provide a more detailed account573

of agency and interaction. Incorporating relation-574

or event-based representations remains an impor-575

tant direction for future work.576

Genre-Specific Effects. All narratives in this577

study are generated within the context of children’s578

stories. The stylistic conventions and tropes of this579

genre may influence the distribution of narrative580

elements observed. Consequently, the findings may581

not directly extend to other genres such as news582

articles, educational texts, or dialog systems.583

Model-Based Evaluation Biases. Narrative fea-584

ture extraction relies on an LLM-based evaluator,585

which introduces potential sources of noise and586

bias. Although human validation indicates reason-587

able precision, the extractor may exhibit uneven588

sensitivity to culturally specific expressions or low-589

resource linguistic phenomena. This limitation is590

shared by many large-scale automated evaluation591

approaches and highlights the need for complemen-592

tary human-centered analyses.593
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A Prompt Design and Localization712

To ensure cross-lingual comparability, we designed713

a standardized prompt template structure. This714

template was translated into the eight target lan-715

guages by native speakers to ensure naturalness716

while maintaining semantic equivalence.717

A.1 Template Structure 718

The prompt consists of two components: Identity 719

Definition and Task Instruction. 720

• Identity Template: “I am a [Parent Role] 721

from [Nationality]. My family is of [Ethnicity] 722

descent. I come from a [Social Class] family. 723

We follow the [Religion] tradition.” 724

• Task Template: “Please write a bedtime 725

story of about 300-500 words for my 6-year- 726

old [Gender].” 727

• Instruction: “The story should be suitable 728

for this age group and convey positive values. 729

Please start writing the story directly.” 730

Table 1 lists the full range of demographic variables 731

used in our Full-Permutation Strategy. 732

B Experimental Implementation 733

We performed all generations using the vLLM infer- 734

ence engine on 2 NVIDIA A100 (80GB) GPUs. To 735

encourage lexical diversity and prevent the model 736

from converging on repetitive, safe responses, we 737

used a high temperature setting. The specific hy- 738

perparameters are detailed in Table 2. 739

C Language Consistency and Valid Story 740

Rates 741

This appendix reports detailed language consis- 742

tency statistics for all generated stories. To ver- 743

ify that each generated story is written in the in- 744

tended target language, we apply an automatic lan- 745

guage identification filter using the FastText lid.176 746

model. A story is considered valid if the predicted 747

language matches the target language with confi- 748

dence greater than 0.5; otherwise, it is marked as 749

invalid. 750

Language consistency is summarized using the 751

Valid Story Rate (VSR), defined as the proportion of 752

generated stories that pass this filter. VSR serves as 753

a diagnostic indicator of generation quality rather 754

than a bias metric. All narrative feature extraction 755

and bias analyses in the main paper are conducted 756

exclusively on stories that pass the language con- 757

sistency filter. 758

D Multilingual Prompt Examples 759

To illustrate the strict parallelism and linguistic di- 760

versity of our dataset, Figure 7 displays a concrete 761
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Category Values

Nationality (N = 27) Americas: American, Mexican, Brazilian, Argentine
Europe: British, French, German, Spanish, Russian, Ukrainian
Asia: Chinese, Japanese, Korean, Indian, Filipino, Indonesian, Thai, Vietnamese, Sri
Lankan
Middle East: Iranian, Egyptian, Saudi
Africa: Nigerian, Ethiopian, Kenyan, South African
Oceania: Australian

Religion (N = 6) Christian, Muslim, Hindu, Buddhist, Jewish, Atheist

Social Class (N = 2) Wealthy, Working-class

Parent Role (N = 3) Mother, Father, Parent

Child Gender (N = 3) Girl, Boy, Child (Neutral)

Table 1: The configuration space for the Full-Permutation Strategy. Every combination of these variables was
generated across all 8 languages.

Hyperparameter Value

Inference Engine vLLM
Precision bfloat16
Temperature 1.0
Top-p (Nucleus Sampling) 0.95
Top-k 50
Repetition Penalty 1.1
Max New Tokens 1024
Random Seed 42
Batch Size 16
Tensor Parallel Size 2

Table 2: Hyperparameter settings for story generation.

example of our generated prompts across all eight762

languages.763

For this illustration, we selected a fixed demo-764

graphic configuration from our full-permutation765

strategy:766

• Nationality: Egyptian767

• Parent Role: Mother768

• Religion: Muslim769

• Social Class: Working-class770

• Child Gender: 6-year-old Boy771

As shown in the figure, the template structure is772

dynamically adapted to adhere to the specific gram-773

matical conventions (e.g., gender agreement, word774

order) of each target language, ensuring that the775

input to the LLM is both natural and semantically776

equivalent.777

E Visualization Interface778

To facilitate a granular analysis of social biases779

in multilingual story generation, we developed an780

interactive web interface named Biased Tales Ex- 781

plorer (hosted on Hugging Face Spaces). As illus- 782

trated in Figures 8 and 9, the system consists of 783

three main components: 784

1. Global Filters: The sidebar enables re- 785

searchers to filter the dataset based on lan- 786

guage, gender, parent role, nationality, reli- 787

gion, and social class. This allows for the iso- 788

lation of specific intersectional identities (e.g., 789

“Chinese Mother” vs. “American Father”). 790

2. Automated Annotation: In the Story Ex- 791

plorer view (Figure 8), the interface displays 792

metadata and qualitative tags (e.g., protagonist 793

adjectives) extracted by an evaluator model 794

for each story, visualizing the subtle bias fin- 795

gerprints described in the main paper. 796

3. Comparative View: The interface also sup- 797

ports a “Side-by-Side” mode (Figure 9), 798

which automatically retrieves and aligns sto- 799

ries generated by different models (e.g., Qwen 800

vs. Llama) for the same prompt configuration. 801

This highlights how model provenance influ- 802

ences narrative choices. 803

F Cross-Model Bias Fingerprint 804

Comparison 805

Lexical Analysis. For fine-grained keyword anal- 806

ysis, we employ the log-odds ratio with an infor- 807

mative Dirichlet prior (Monroe et al., 2008). We 808

report the variance-normalized Z-score: 809

Zw =
β̂
(m)
w − β̂

(f)
w√

σ2(β̂
(m)
w ) + σ2(β̂

(f)
w )

, (4) 810
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Language Qwen3-8B LLaMA3-8B LLaMA3-1B Overall

Chinese (zh) 100.0 100.0 97.3 99.1
English (en) 100.0 99.8 98.9 99.5
Spanish (es) 99.9 100.0 99.4 99.8
Russian (ru) 99.9 99.9 96.5 98.8
Arabic (ar) 99.6 100.0 98.2 99.3
Korean (ko) 93.4 99.8 92.5 95.3
Swahili (sw) 58.1 31.3 58.6 49.3
Japanese (ja) 96.6 100.0 97.9 98.2

Average 93.4 91.3 92.4 92.4

Table 3: Valid Story Rate (VSR, %) across languages and models, measured as the proportion of generated stories
whose predicted language matches the target language with confidence greater than 0.5. High consistency is
observed for most languages, while Swahili exhibits substantially lower VSR, reflecting known challenges in
low-resource language generation.

where β̂w denotes the posterior log-odds estimate811

for word w.812

In this appendix, we present the complete Log-813

Odds Ratio (Z-score) analysis for all three mod-814

els considered in this study. While the main text815

focuses on high-level patterns shared across mod-816

els, the results here highlight differences in how817

specific lexical associations manifest across model818

architectures and scales.819

• Qwen-3-8B (Figure 10): Intellect-Oriented820

Gender Associations. Qwen-3-8B shows a821

concentration of male-associated lexical items822

related to epistemic attributes, such as wise,823

clever, and thoughtful. Lexical patterns re-824

lated to social class and nationality display825

similarities to those observed in other models.826

• Llama-3.1-8B (Figure 11): Agency-827

Communality Lexical Split. In this model,828

gender-conditioned keywords differ primarily829

along action-oriented versus relational830

attributes. Male-associated terms emphasize831

activity and exploration (e.g., resourceful,832

adventurous), whereas female-associated833

terms are more frequently relational (e.g.,834

loving, gentle). In the Religion dimension,835

Muslim-conditioned narratives contain a836

higher frequency of compliance-related837

descriptors (e.g., obedient, diligent), while838

Christian-conditioned narratives show more839

affective and playful descriptors.840

• Llama-3.2-1B (Figure 12): Reduced Lexi-841

cal Diversity. The smallest model exhibits842

substantially lower lexical diversity across843

multiple dimensions, particularly in cultural844

descriptors, where generic phrases such as845

“family values” occur frequently. Despite this 846

reduced expressivity, several high-frequency 847

associations—such as links between working- 848

class narratives and labor-related terms, or 849

between Chinese nationality and industrious- 850

ness—remain observable. 851
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Figure 7: Parallel prompt instances for a single demographic configuration (Egyptian Mother, Muslim, Working-
class, Boy) across all eight languages. This visualizes the output of our localization engine used to construct the
BIASEDTALES-ML dataset.

Figure 8: Screenshot of the Story Explorer View. The left sidebar provides global filters for demographic variables.
The main panel displays retrieved stories alongside their metadata and automated qualitative tags (e.g., personality
traits), allowing for detailed inspection of individual samples.
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Figure 9: Screenshot of the Cross-Model Comparison Mode. This view automatically aligns stories generated
by different models under identical prompt configurations. By placing narratives side-by-side, it highlights the
divergence in content and bias patterns across different model families.
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Figure 10: Full Bias Fingerprint: Qwen-3-8B. Shown are the most distinctive keywords (log-odds Z-scores) across
narrative dimensions for Qwen-3-8B.Male-conditioned narratives contain a higher frequency of intellect-related
descriptors, while patterns related to class and environment are also observable across languages.
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Figure 11: Full Bias Fingerprint: Llama-3.1-8B. Shown are the most distinctive keywords (log-odds Z-scores)
across narrative dimensions for Llama-3.1-8B.In the Gender dimension (Row 1), male- and female-conditioned
narratives differ in their associated action-oriented and relational descriptors.In the Religion dimension (Row 3),
Muslim- and Christian-conditioned narratives are associated with different sets of descriptive terms.
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Figure 12: Full Bias Fingerprint: Llama-3.2-1B. Displayed are the most distinctive keywords (log-odds Z-
scores) across narrative dimensions for Llama-3.2-1B.Compared to larger models, the distribution shows reduced
lexical variety across several dimensions, particularly in cultural descriptors.Associations involving social class and
nationality are also observable among the high-frequency keywords.
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