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Abstract001

We introduce a constraint-selection-based ex-002
periment design for measuring narrative pref-003
erences of Large Language Models (LLMs).004
This design offers an interpretable lens on005
LLMs’ narrative behavior. We developed a li-006
brary of 200 narratology-grounded constraints007
and prompted selections from six LLMs un-008
der three different instruction types: basic,009
quality-focused, and creativity-focused. Find-010
ings demonstrate that models consistently pri-011
oritize Style over narrative content elements012
like Event, Character, and Setting. Style013
preferences remain stable across models and014
instruction types, whereas content elements015
show cross-model divergence and instruc-016
tional sensitivity. These results suggest that017
LLMs have latent narrative preferences, which018
should inform how the NLP community eval-019
uates and deploys models in creative domains.020

1 Introduction021

Understanding the latent narrative tendencies of022

large language models (LLMs) becomes more im-023

portant as novelists are beginning to explore the024

use of LLMs in the writing process (Hern, 2023;025

Lewsey, 2025; Robertson, 2025; The Authors026

Guild, 2023). Prior works suggest that LLM use027

can reduce diversity in narrative plots (Xu et al.,028

2025b), collective creativity (Doshi and Hauser,029

2024), and individual writing styles (O’Sullivan,030

2025). These narrative and stylistic outcomes are031

significant because they may reflect unexplored032

preferences and biases of LLMs.033

A growing line of research shows that LLM sys-034

tems encode preference-related signatures, includ-035

ing political preferences (Rozado, 2024), person-036

ality traits (Serapio-García et al., 2023), and value037

correlations (Rozen et al., 2025). We extend this038

agenda to the narrative domain and reveal selec-039

tion tendencies by eliciting choices among nar-040

rative constraints when alternatives are explicitly041

specified. Although some studies report disconti- 042

nuities between self-reports and downstream be- 043

havior (Han et al., 2025; Xu et al., 2025a), oth- 044

ers suggest that preference signals can remain co- 045

herent under within-domain measurement and can 046

align with analyses of produced text (Goyanes 047

et al., 2025; Rozado, 2025). 048

Building on preference-profiling approaches, 049

we treat selection behavior as a window into un- 050

derlying priorities that output analysis cannot di- 051

rectly assess. Existing scholarship on LLMs and 052

narrative has focused on analyzing generated out- 053

puts (Chakrabarty et al., 2024; Gómez-Rodríguez 054

and Williams, 2023; Huot et al., 2025; Ismay- 055

ilzada et al., 2024; Xie and Riedl, 2024; Yang 056

et al., 2022). Although these studies provide im- 057

portant evidence about LLM-generated narratives, 058

including plot coherence or linguistic complexity, 059

they cannot directly characterize latent narrative 060

tendencies. To complement output-centered ap- 061

proaches that require subjective quality judgments 062

and conflate preference with ability, we propose 063

structured selections from a set of narrative con- 064

straints. By asking models to select rather than 065

generate, we isolate preference from production 066

capacity and create conditions for controlled com- 067

parison across models. 068

We introduce a narratology-informed selection 069

task in which models choose from a library of 070

200 narrative constraints, enabling quantitative 071

comparison across LLMs. Our contributions are 072

fourfold: (1) a constraint-selection methodology 073

for measuring LLMs’ narrative preference as a 074

controlled alternative to output-centered evalua- 075

tions, (2) a reusable library of narrative constraints 076

with axis annotations, (3) evidence of system- 077

atic element-level preferences and their stability 078

across models and instruction types, and (4) axis- 079

level analysis that makes latent preferences inter- 080

pretable beyond category level, revealing system- 081

atic shifts under the Creativity instruction type. 082
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2 Related Work083

2.1 Measuring Preferences in LLMs084

Recent studies have profiled LLM systems by085

eliciting preferences through structured instru-086

ments. Rozado (2024) measures political prefer-087

ences across LLMs, Serapio-García et al. (2023)088

administer personality inventories with attention089

to psychometric quality, Zheng et al. (2025) mea-090

sure personality through open-ended responses091

with an AI rater to support reliability and valid-092

ity checks, and Rozen et al. (2025) examine value093

rankings and their consistency across probes. Col-094

lectively, these studies argue that making latent095

preference-related profiles of LLM systems leg-096

ible is important; Rozado (2024), for instance,097

is motivated by the concern that model param-098

eters may encode crystallized assumptions with099

substantial societal influence as LLMs become100

widespread information sources.101

Despite concerns about self-report validity (Han102

et al., 2025; Xu et al., 2025a), several stud-103

ies identify conditions under which preference104

signals remain consistent. Rozado (2025) re-105

ports convergence between standardized politi-106

cal diagnostics and text-based analyses, Rozen107

et al. (2025) show coherent value structures across108

probes when values are anchored through instruc-109

tions, and Goyanes et al. (2025) finds weak links110

between broad personality measures and politi-111

cal attitudes in LLMs, but much stronger associ-112

ations with domain-specific political background113

variables. Wang et al. (2025) argues that LLM114

responses are not fixed traits but depend on in-115

put context. These findings suggest that within-116

domain structured elicitation like our constraint-117

selection design can yield reliable results for esti-118

mating narrative preferences.119

2.2 Output-Centered Evaluation of120

LLM-Generated Narratives121

LLM-based narrative research has analyzed gen-122

erated outputs and evaluated narrative qual-123

ity. LLMs often produce locally fluent text124

(Yang et al., 2022) and linguistically com-125

plex prose (Ismayilzada et al., 2024), and can126

score competitively on technical dimensions such127

as structure and readability (Gómez-Rodríguez128

and Williams, 2023). However, multiple stud-129

ies report gaps in creativity-related dimensions,130

including originality and creative imagination131

(Gómez-Rodríguez and Williams, 2023), rhetor-132

ical complexity and nuanced character develop- 133

ment (Chakrabarty et al., 2024), or novelty, sur- 134

prise, and thematic diversity (Ismayilzada et al., 135

2024). Long-form narrative generation further re- 136

veals difficulties with long-range plot coherence 137

and premise relevance (Yang et al., 2022), char- 138

acter development and meeting length constraints 139

(Huot et al., 2025), as well as suspense (Xie and 140

Riedl, 2024). 141

As noted above, a second set of findings 142

concerns diversity. LLM-generated stories can 143

show reduced plot diversity, including recurring 144

“echoed” idiosyncratic narrative elements across 145

outputs and models (Xu et al., 2025b) or re- 146

duced collective diversity (Doshi and Hauser, 147

2024). Stylometric evidence likewise suggests 148

that LLM outputs exhibit notable stylistic unifor- 149

mity and internal consistency unlike human writ- 150

ing (O’Sullivan, 2025). These output-centered re- 151

sults highlight broad strengths and failure modes, 152

but they cannot determine whether they stem from 153

differences in model capabilities, training data bi- 154

ases, or systematic underlying preferences. Our 155

design addresses this directly. 156

2.3 Prompt Sensitivity and Measurement 157

Robustness 158

A central methodological concern for preference 159

measurement is prompt sensitivity, where small 160

changes in phrasing or context can substantially 161

alter model responses (Lu et al., 2022; Zhuo et al., 162

2024). Related work also documents order effects, 163

showing that models can be sensitive to the posi- 164

tion and ordering of inputs, which can distort ap- 165

parent preferences in structured tasks (Liu et al., 166

2024; Pezeshkpour and Hruschka, 2024; Shi et al., 167

2024). Shu et al. (2024) further show that self- 168

report-based personality measurements can shift 169

under spurious prompt changes, raising concerns 170

about the robustness of commonly used elicitation 171

setups. 172

We address these concerns by evaluating narra- 173

tive preferences under multiple instruction types 174

and by randomizing the presentation of the 200 175

narrative constraints across runs, reducing the in- 176

fluence of fixed ordering and presentation arti- 177

facts. We also report results across five experimen- 178

tal conditions with varied prompt framings, which 179

allows us to examine preference stability across 180

these conditions. 181
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3 Methodology182

We introduce a library of theory-grounded, struc-183

tured narrative constraints to quantify LLM selec-184

tion behavior as a proxy for latent narrative pref-185

erences, and use varied instruction types and task186

conditions to test the stability of LLMs’ selection187

behavior.188

3.1 Narrative Constraint Design189

Figure 1: Structure of the Narrative Constraints Library. The
library consists of four elements, with five categories per el-
ement and ten constraints per category. Each constraint is
annotated using 1–3 axes that characterize them.

Narrative theories conceptualize narrative as a190

structured system built from distinct elements191

(Piper et al., 2021). Based on classical and con-192

temporary narratology, we constructed a library of193

200 constraints systematically distributed across194

four core narrative elements: Event involves195

plot dynamics and temporal structure (Genette,196

1980; Gius, 2022); Style reflects choices in voice,197

tone, and narration (Genette, 1980; Phelan, 2009);198

Character concerns agency, roles, and interior-199

ity (Bal, 1997; Piper, 2023); and Setting con-200

cerns spatial and contextual grounding for narra-201

tive interpretation (Ryan, 2015; Ryan et al., 2016).202

Each element is subdivided into five theoretically203

grounded categories that contain 10 constraints.204

Categories operationalize core dimensions of205

each element, such as the change types for Event,206

narrational and stylistic choices for Style, agency207

and social positioning for Character, and spa-208

tiotemporal and cultural scaffolding for Setting.209

Each constraint is annotated with 1–3 axes to cap-210

ture interpretable attribute variation within cate-211

gories. These annotations are not shown to models 212

and are used only for analysis. 213

To minimize surface-level selection bias, we 214

standardize constraints to 15–20 words, parallel 215

grammatical form, and matched conceptual gran- 216

ularity within categories. The full constraint list 217

and axis annotations appear in Appendix A. 218

3.2 Experiment Design 219

Overview. We compare constraint selections 220

across five task conditions grouped into three 221

experiments. A run is a single selection-and- 222

justification response to a randomized constraint 223

list under a fixed (model, instruction type, condi- 224

tion); decoding settings are held constant where 225

available (see Appendix B). 226

Figure 2: Experimental setup: models select constraints un-
der different instruction types and task conditions with ran-
domized candidate order.

User prompt. User prompts standardize the 227

task: depending on the condition, models select 228

constraints either single-element (with a free or 229

fixed budget) or from the pooled list (with or with- 230

out a fixed budget), justify each selection, and pro- 231

vide a compatibility analysis. Constraint order is 232

randomized each run to mitigate order effects. The 233

user prompt for the baseline condition appears in 234

Appendix C. 235

Instruction type. We operationalize three in- 236

struction types as elicitation conditions that assign 237

distinct functional framings to the LLMs: 238

• Basic: established as a default instruction- 239

following mode without particular leaning. 240

• Quality-focused: configured to prioritize 241

technical excellence, including structural, 242

plot-level cohesion and thematic integration. 243

• Creativity-focused: optimized toward non- 244

conventional narrative patterns by weighting 245

experimental and innovative selections over 246

standard ones. 247

Full instruction types appear in Appendix D. 248
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Design and size. We cross six models (gpt4.1,249

gpt5, o4mini, claude, gemini, qwen), three instruc-250

tion types (Basic, Quality-focused, Creativity-251

focused), and five task conditions. Stage 1252

runs 30 independent replications per cell; for253

the element-wise conditions (1–1, 1–2), each254

replication yields four element-specific runs255

(event/style/character/setting). Stage 2 adds 160256

replications per cell for the baseline condition (Ex-257

periment 2–2) to stabilize element- and category-258

level estimates. In total:259

N = M × 3×
(
11× 30 + 160

)
= 8,820260

(Stage 1: 5,940; Stage 2: 2,880; M=6). The261

RR-based power analysis motivating R=160 is re-262

ported in Appendix E.1.263

Materials. All runs draw from the same library264

of 200 narrative constraints. Element labels are265

visible in element-wise and labeled pooled tasks266

(1–1, 1–2, 3) and hidden in pooled unlabeled tasks267

(2–1, 2–2); axis annotations are never shown to268

models.269

Task conditions. We evaluate five conditions:270

single-element labeled selection with free budget271

(1–1) or fixed budget (K=5; 1–2), pooled un-272

labeled selection with free budget (2–1) or fixed273

budget (K=20; 2–2), and element-blocked la-274

beled selection with quotas (K=20, k=5 per el-275

ement; 3). Each run outputs selected constraints276

with per-constraint justifications and a compati-277

bility analysis (element coverage is inferred for278

pooled unlabeled tasks).279

Randomization and replication. Each run uses280

a fresh random permutation of the candidate list(s)281

and an isolated session state. Within a cell, repli-282

cations vary only by permutation and stochastic283

decoding; prompts and candidate sets are other-284

wise identical.285

Baseline condition. We use Experiment 2–2286

(pooled, unlabeled, K=20) as the primary ref-287

erence condition; the rationale is established via288

condition contrasts in Results.289

3.3 Outcomes and Analysis290

Scope. Experiment 2–2 (pooled, unlabeled,291

K=20) is the baseline. Cross-condition com-292

parisons use Stage 1 replications; fine-grained293

analyses of the baseline use Stage 2 (or pooled294

Stage 1+2 where stated). Let y denote selections295

and s = y/K the within-run selection share; sup- 296

ply is n available candidates (see Appendix E for 297

full definitions). 298

Outcomes. We analyze (i) condition contrasts in 299

selection shares with supply controls, (ii) per-run 300

element and category compositions, and (iii) axis 301

enrichment measured as observed-to-expected ra- 302

tios. In our data, all runs have Ku ≥ 1 (no zero- 303

selection responses), so selection shares suc = 304

yuc/Ku are well-defined for all runs. 305

Models and inference. We estimate condition 306

contrasts using K-weighted WLS on selection 307

shares with run-clustered SEs. Element- and 308

category-level compositions are modeled with 309

run-clustered Poisson GEEs using exposure off- 310

sets, and axis enrichment is assessed via stratified 311

permutation tests; full specifications, offsets, and 312

multiple-testing procedures are reported in Ap- 313

pendix E.1, Appendix E.2, Appendix E.5. 314

4 Results 315

In this section, we characterize LLM selection 316

behavior across hierarchical levels, moving from 317

broad narrative elements and mid-level categories 318

to attribute axes. We report element- and category- 319

level selection patterns and identify statistically 320

salient constraints to reveal structural tendencies 321

underlying latent narrative preferences. 322

4.1 Comparison of Experimental Setups 323

We begin by evaluating the varying experimen- 324

tal setups to establish the baseline condition that 325

grounds all subsequent analyses. 326

Outcome & modeling. We analyze category- 327

level selection shares and estimate condition con- 328

trasts under supply adjustment. Full outcome def- 329

initions, covariate adjustment, and contrast coding 330

are reported in Appendix E.1. 331

4.1.1 Selecting the Baseline Condition 332

through Condition Contrasts 333

As shown in Table 1, the condition contrasts iden- 334

tify a clear baseline. The pooled, unlabeled, 335

fixed-budget setup (Experiment 2–2) leaves mod- 336

els closest to their native preference structure. Re- 337

moving element labels limits priming. Forego- 338

ing element-wise constraints also avoids artificial 339

portfolios that otherwise push stylistic mimicry or 340

spatial specifics at the expense of abstract trans- 341

formation or affect control. Fixing the selection 342
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budget (K=20) also yields more stable behavior343

across models and instruction types and simplifies344

inference, with transparent fixed effects and sup-345

ply adjustments. Consistent with our narratology-346

informed aim to observe process-level authorial347

choices rather than engineer them, we adopt 2–2 as348

an interpretable reference for all cross-model and349

cross-prompt comparisons.350

Model adequacy. Adequacy and robustness351

checks for the run–clustered Poisson GEE speci-352

fications (dispersion, working correlation, and al-353

ternative exposure-only offsets: logK for element354

models; logKelem for category models) are re-355

ported in Appendix E.4.356

Contrast Largest shifts (pp)

1–2 vs. 1–1 Epistemological Transformation +5.65
Embodied Difference −3.20

2–2 vs. 2–1 Cultural context +1.47
Narrative perspective −2.93

3 vs. 1–2 Write like X +14.97
Epistemological Transformation −20.63

3 vs. 2–2 Motive +3.48
Tone & Mood −3.80

Table 1: Condition contrasts in covariate-adjusted category
shares (pp) estimated by K-weighted WLS. For each con-
trast, entries report the largest positive and negative category
shifts; positive values indicate higher selection under the first-
listed condition.

4.2 Element-Level Selection Patterns: Style357

Over Story358

With the baseline established, we next examine359

element-level selection patterns to see how mod-360

els allocate preferences across Style, Character,361

Event, and Setting.362

Model & inference. We model run–element363

counts using Poisson GEEs clustered by run and364

report Poisson rate ratios (RRs) and selected pair-365

wise contrasts. Full specifications and report-366

ing conventions are in Appendix E.2.1 and Ap-367

pendix E.3.1.368

4.2.1 The Primacy of Style: Global Latent369

Tendencies370

LLMs showed a clear preference structure across371

elements (Table 2). Constraints in Style were cho-372

sen most frequently, Character constraints were373

selected slightly more often than the baseline, and374

Setting did not differ from Event. This pattern sug-375

gests that models place greater weight on expres-376

sive form and stylistic modulation (tone, regis- 377

ter, voice) than on narrative progression or world- 378

building. 379

Element RR [95% CI] p

Event (baseline) 1.00 [1.00, 1.00] —
Style 1.67 [1.57, 1.79] < .001
Character 1.10 [1.02, 1.17] = .010
Setting 1.05 [0.98, 1.13] = .147

Table 2: Element-level selection rate ratios (RRs) vs. Event
(baseline) from a Poisson GEE clustered by run with offset
logK + lognitems (N = 2,880 runs). RR> 1 indicates
more frequent selection than Event. Results are unchanged
under the exposure-only offset logK; see Appendix F.

4.2.2 Cross-Model Stability in Element 380

Preferences 381

Element-level preferences are broadly similar 382

across models, with relatively small differences in 383

selection behavior. Most systems allocate selec- 384

tions in broadly similar proportions across Style, 385

Character, Event, and Setting. An exception is 386

gpt4.1, which is more strongly tilted toward Style 387

and correspondingly less oriented toward Event 388

and Character in the strongest contrasts (Table 3). 389

In this sense, gpt4.1 functions as an amplified in- 390

stance of the broader tendency to prioritize expres- 391

sive control. Overall, cross-model variation in el- 392

ement preferences remains modest. 393

Element Contrast ∆ (%) q

gpt5 > gpt4.1 +28 < .001
Event gpt4.1 < gemini -21 < .001

qwen < gpt5 -19 < .001

gpt4.1 > gemini +64 < .001
Style gpt5 < gpt4.1 -35 < .001

o4mini < gpt4.1 -32 < .001

qwen > gpt4.1 +32 < .001
Character gpt4.1 < claude -22 < .001

gpt4.1 < gemini -22 < .001

gpt4.1 < claude -26 = .012
Setting o4mini > claude +26 = .048

gemini > claude +19 = .002

Table 3: For each element, the three largest BH–FDR-
significant pairwise model contrasts (q ≤ 0.05). Effects are
reported as ∆ = (RR − 1) × 100 for the first-listed model
relative to the second.

4.2.3 Instructional Stability with 394

Creativity-Driven Shifts 395

Overall element-level preferences remain largely 396

stable across instruction types (Table 4). The most 397
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noticeable shift occurs under the Creativity in-398

struction type: relative to Basic and Quality, Cre-399

ativity modestly reweights selections away from400

Event and Character. These shifts are statistically401

detectable despite modest effect sizes. Quality and402

Basic are effectively indistinguishable, and Style403

and Setting show no meaningful differences across404

instruction types.405

Element Contrast ∆ (%) q

Event Quality > Creativity +22 < .001

Creativity < Basic -19 < .001

Character Creativity < Basic -29 = .002

Table 4: Instruction-type pairwise contrasts by element (BH–
FDR, q ≤ .05). Only Event and Character show significant
differences; none are observed for Style or Setting. Effects
are ∆ = (RR − 1) × 100 for the first-listed prompt vs. the
second.

4.3 Category-Level Selection Patterns:406

Common Style, Functional Divergence in407

Story408

After establishing differences across elements, we409

probe category-level patterns to uncover finer dis-410

tinctions within each narrative dimension.411

Modeling and inference. Within each element,412

we fit run-clustered Poisson GEEs to run-level cat-413

egory counts and report category rate ratios rela-414

tive to a within-element reference category, along415

with within-category pairwise contrasts. Inference416

uses robust (sandwich) SEs with Wald tests and417

BH–FDR correction; full specifications, offsets,418

and reporting rules are in Appendix E.2.2, Ap-419

pendix E.3.2.420

4.3.1 The Shared Canon of Style: Dominance421

of Tone & Mood422

At the category level, within Style, the Tone &423

Mood category is most prominent, while Write424

like X receives considerably less preference. Tone425

& Mood captures constraints that set the narra-426

tive’s affective atmosphere and perceptual texture427

(see Appendix A). This within-style imbalance428

suggests limited appetite for explicit authorial429

mimicry (Write like X). Across the other elements,430

Event concentrates on Epistemological Transfor-431

mation, Character emphasizes Motive and Rela-432

tional Identity, and Setting prioritizes Macro spa-433

tial setting and Temporal setting (see Table 5).434

Element (baseline) Selection-rate differences (∆%)

Event (Diffusion) ↑ Epistemological Transformation
+65%

Style (Narrative ↑ Tone & Mood +88%

perspective) ↓ Write like X −68%

Character ↑ Motive +187%

(Cultural Identity) ↑ Relational Identity +58%

Setting ↑ Macro spatial setting +121%

(Cultural context) ↑ Temporal setting +79%

Table 5: Large category shifts vs. within-element baseline
categories in Experiment 2–2, reported as ∆% = (RR −
1) × 100. We show categories with p < .05 and |∆| ≥
50%. A complete table of RRs under both offsets appears in
Appendix G.

4.3.2 Functional Divergence in Story: 435

Stability within Style and Variability in 436

Narrative Content 437

Within Style, cross-model differences across style 438

categories are small. In contrast, Event, Char- 439

acter, and Setting show markedly greater cross- 440

model variability in category preferences, suggest- 441

ing that divergence concentrates in narrative con- 442

tent and setting decisions rather than within-style 443

differentiation (Table 6). 444

Category Contrast ∆ (%)

Event
Diffusion o4mini > gpt5 +69
Disruption o4mini < gemini -68
Epistemological Transformation qwen > gemini +46
Relational Realignment gpt5 > claude +266
Reorientation o4mini > gpt4.1 +56

Character
Cultural Identity qwen > gpt4.1 +98
Embodied Difference gpt5 > gpt4.1 +82
Motive gpt4.1 > claude +35
Relational Identity gpt5 > gemini +66
Social Status gemini > claude +43

Setting
Cultural context qwen > gemini +87
Macro spatial setting gemini > claude +117
Micro spatial setting o4mini > gpt5 +89
Socio-political order o4mini < claude -54
Temporal setting gemini > claude +37

Table 6: Within each category, we report the single largest (by
|∆%|) BH–FDR-significant pairwise model contrast, where
∆% = (RR − 1) × 100 (q < .001). No Style contrasts
survive BH–FDR and are omitted. Positive (negative) ∆%
indicates higher (lower) selection for the first-listed model.
Values are rounded.
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4.3.3 Instructional Stability in Style and445

Setting, Sensitivity in Event and446

Character447

At the category level, instructional differences re-448

main limited and are primarily driven by the Cre-449

ativity instruction type. Style shows no meaning-450

ful differences across instruction types within its451

subcategories, indicating that prompt effects are452

negligible for this dimension. Setting shows at453

most a limited separation, with differences that re-454

main modest in magnitude. In contrast, instruc-455

tional sensitivity concentrates in Event and Char-456

acter. Within Event, Creativity increases empha-457

sis on particular change types, most notably Diffu-458

sion and Relational Realignment. Within Charac-459

ter, Creativity favors Social Status while compar-460

atively down-weighting Embodied Difference rel-461

ative to Quality.462

Category Contrast ∆ (%)

Event
Diffusion Creativity > Basic +65
Relational Realignment Creativity > Basic +108

Quality < Creativity -52

Character
Embodied Difference Quality > Creativity +111
Social Status Creativity > Basic +113

Quality < Creativity -58

Table 7: Instruction-type contrasts by category (Poisson
GEE), reporting only BH–FDR significant results with q <
.001 and |∆%| ≥ 50, where ∆% = (RR−1)×100. Positive
(negative) ∆% indicates higher (lower) selection for the first-
listed prompt. No Style category survives BH–FDR; Setting
survives BH–FDR but not the |∆%| ≥ 50 threshold. Values
are rounded.

4.4 Axis-Level Patterns: Surfacing Abstract463

Narrative Preferences464

With category-level patterns established, we next465

examine axis-level patterns to see how selection466

mass concentrates on abstract narrative attributes467

and how these concentrations shift by instruction468

type. We map chosen constraints onto curated469

axes and summarize how selection mass concen-470

trates at this level. We first establish a global471

axis baseline by comparing observed selections472

to supply-adjusted expectations aggregated across473

runs, and then examine axis shifts by instruction474

type using directional over and under signals from475

the constraint-level tests (see Appendix I). We476

treat these axis summaries as descriptive guides477

rather than as an additional layer of statistical in-478

ference. We report model-stratified summaries in 479

Appendix J. 480

Method summary. Within Experiment 2–2, we 481

compare observed selections to supply-adjusted 482

expectations and aggregate over/under-selection 483

signals at the axis level; details are in Ap- 484

pendix E.5. 485

4.4.1 Presentist Anchoring with Selective 486

Departures 487

Table 8 summarizes a global axis baseline by 488

showing which narrative attributes receive dis- 489

proportionate selection mass after supply adjust- 490

ment. The dominant pattern is presentist anchor- 491

ing. Models over-select everyday contemporary 492

scaffolds such as Urban Built Environments and 493

The Fully Connected Now, while down-weighting 494

distant historical frames such as Age of Origins. 495

Alongside these anchors, models also over-select 496

departures in space and time, including Dreamlike 497

or Surreal Chambers and The Broken Sequence, 498

while Mythic or Enchanted Structures remains 499

under-selected. The baseline also tilts toward Pos- 500

itive reorientation and away from Unquestioned 501

Precedent. 502

Direction Axis (Element, Category) (Obs/Exp ×)

Over Urban Built Environments (Setting, Macro
spatial setting) (3.66), The Fully Connected
Now (Setting, Temporal setting) (2.74), Dream-
like or Surreal Chambers (Setting, Micro spa-
tial setting) (2.52), The Broken Sequence (Set-
ting, Temporal setting) (1.85), Positive (Event,
Reorientation) (2.06)

Under Age of Origins (Setting, Temporal setting)
(0.17), Mythic or Enchanted Structures (Set-
ting, Micro spatial setting) (0.33), Unques-
tioned Precedent (Setting, Cultural context)
(0.26)

Table 8: Global axis baseline (supply-adjusted; Obs/Exp).
We list only the axes explicitly discussed in the text. Axes are
shown with their element and category for disambiguation.
Values rounded. The full top-15 global axes table appears
in Appendix H. We treat Connected axis under reorientation
category separately because it primarily indexes event-level
linkage.

4.4.2 Shifts under Creativity away from 503

Everyday Realism 504

Table 9 summarizes how instruction types re- 505

distribute significance-filtered constraint signals 506

across narrative axes relative to the global base- 507

line. Basic and Quality show greater enrichment 508

on everyday realist scaffolds, including Urban 509
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Built Environments, Domestic Interior Spaces,510

and Transit Hubs, and on the presentist tempo-511

ral frame, The Fully Connected Now. On these512

same axes, Creativity shifts selections away from513

everyday realist anchoring. A parallel contrast ap-514

pears in perspective. Creativity is relatively en-515

riched on Second person perspective, whereas Ba-516

sic and Quality show the opposite tendency. Over-517

all, these contrasts suggest a structured shift under518

Creativity rather than isolated axis-by-axis varia-519

tion.520

Prompt Axis (Element, Category)

Basic, Quality ↓;
Creativity ↑

Second (Style, Narrative perspective)

Basic, Quality ↑;
Creativity ↓

Urban Built Environments (Setting,
Macro spatial setting)
Domestic Interior Spaces (Setting,
Micro spatial setting)
Transit Hubs (Setting, Micro spatial
setting)
The Fully Connected Now (Setting,
Temporal setting)

Table 9: Axes common to all instruction types. For each
prompt we take the union of the top 20 axes from over
and under (ranked by enrichment), intersect across prompts
(direction-agnostic), and drop axes with a uniform direction.
Left column shows the per-prompt direction relative to the
global baseline (↑= over; ↓= under).

5 Discussion521

The pronounced preference for Style indicates522

that LLMs prioritize controllable stylistic dimen-523

sions over elements that define the substantive524

content of a narrative. Importantly, this pref-525

erence remains largely stable across instruction526

types. Although the Creativity instruction slightly527

reweights selections, its effects are confined to528

limited reallocations within Event and Charac-529

ter, with Style and Setting remaining stable.530

Prior work on LLM capabilities provides a use-531

ful framework for interpreting this pattern. LLM532

competence has been characterized in terms of for-533

mal linguistic competence and functional linguis-534

tic competence, with strong performance in the535

former but persistent limitations in the latter (Ma-536

howald et al., 2024). Relatedly, maintaining co-537

herence over long narrative contexts remains chal-538

lenging for language models (Yang et al., 2022).539

In this context, one plausible interpretation is540

that the observed preferences for stylistic dimen-541

sions over content-related narrative elements re-542

flect asymmetries in LLMs’ linguistic capabilities.543

While the relationship between narrative prefer- 544

ences and underlying linguistic capabilities war- 545

rants further examination, our results offer behav- 546

ioral evidence in line with this account. 547

These findings have several implications for 548

NLP research. In particular, understanding LLMs’ 549

narrative preferences should be seen not as cap- 550

turing incidental tendencies, but as a prerequisite 551

for robust system design. The observed tendencies 552

suggest that achieving controllability and diversity 553

in narrative generation requires explicit consider- 554

ation of structural preferences, rather than relying 555

solely on prompt engineering. More cautiously, 556

our results point to a potential source of bias in 557

automatic evaluation, particularly when LLMs are 558

used as judges (Zheng et al., 2023). Underlying 559

preferences may systematically favor specific nar- 560

rative forms or contents. Such tendencies may 561

not be fully reflected in generated outputs alone, 562

as stable stylistic preferences can remain implicit 563

in unconstrained generation. Our analysis there- 564

fore provides a necessary complement to existing 565

evaluation practices. From a methodological per- 566

spective, the use of axis annotations enables more 567

interpretable experimental designs, as it allows for 568

post-hoc analyses of latent preferences in LLMs. 569

Future work should examine whether the pref- 570

erences identified in this study generalize across 571

a broader range of narrative-related tasks. Ev- 572

idence from other domains suggests they may: 573

Rozado (2025) and Goyanes et al. (2025) show 574

that preferences exhibit systematic patterns across 575

related tasks, while Rozen et al. (2025) re- 576

port value consistency under fixed instruction 577

types. Given that our experimental setting re- 578

lies on explicitly framed story-planning instruc- 579

tions, the observed preferences in this study may 580

extend to other narrative-related tasks. A sec- 581

ond direction involves finer-grained examination 582

of cross-model differences. We observe category- 583

level differences within each content-related ele- 584

ment—Event, Character, and Setting—suggesting 585

that finer-grained investigation could reveal dis- 586

tinct narrative landscapes across models. Making 587

such preferences legible advances interpretability 588

in LLM-assisted creative narrative tasks. 589

Limitations 590

This study is scoped to English-language con- 591

straints and our prompt design. Narrative pref- 592

erences may differ across languages and under 593
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prompts that are substantially shorter or longer594

than ours. We also focus on proprietary commer-595

cial models, so our findings may not generalize to596

open-weight systems with different training, fine-597

tuning, and alignment regimes. The 200 narra-598

tive constraints were constructed by the authors599

drawing on narratology scholarship and relevant600

research background, with an emphasis on com-601

prehensive coverage and within-category consis-602

tency. However, the library is not externally val-603

idated and is not exhaustive for capturing all di-604

mensions of narrative design. At the interpretive605

level, our design elicits preferences through a se-606

lection task with a restricted set of constraints,607

and preferences might manifest differently under608

alternative framings. Finally, we treat LLM se-609

lection behavior as a signal of latent preferences,610

but how these preferences manifest in downstream611

narrative generation under comparable settings re-612

mains to be examined. Selection remains a proxy613

and may also reflect capability or alignment con-614

straints, and axis annotations reflect our design615

choices. We do not make fairness or social-bias616

claims from identity-related constraints, and pro-617

prietary API models (including the specific snap-618

shot versions used here) may change over time or619

become unavailable, limiting exact replication.620

Ethical Considerations621

Our findings are specific to this English constraint622

library and elicitation setup and should not be623

overgeneralized as universal properties of LLMs624

across languages, prompts, or applications. Be-625

cause our constraint library explicitly includes626

identity-related attributes, repeated reuse of these627

options can make particular framings more salient628

and can encourage simplified associations about629

social groups when taken out of context. In ad-630

dition, the constraint list directly names individual631

authors in the “Write like X” items, which can be632

sensitive and may be interpreted as endorsing or633

encouraging imitation.634
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A Constraints815

A.1 Event constraints (n=50)816

# Constraint Axes

Epistemological Transformation
1 After months of watching their house torn down, a character gradually realizes their longing was never truly theirs. I·G·X
2 After overhearing a conversation, a character suddenly understands with certainty their loved one has lived a secret life. E·S·X
3 As memories gradually return, a character becomes aware that something they believed might be pure invention. I·G·R
4 A friend’s sudden confession makes a character decide to seek truth even if it puts them in danger. E·S·R
5 Finding a letter in their heirloom, a character suddenly realizes, contrary to belief, its meaning was always accidental. E·S·X
6 After months of waiting, a character receives a sudden message that forces them to rethink their entire manuscript. E·S·R
7 After having recurring dreams, a character gradually accepts that their trust in others has been shattered beyond repair. I·G·X
8 During a city festival, a sudden rumor quickly spreads and destroys the city’s shared origin story. E·S·X
9 On a space station where gravity responds to emotions, a character finds anger gradually makes them immobile. I·G·R
10 Using magic, a character gradually feels each spell weakens their powers, though the belief never fully settles. I·G·R
Abbr.: I/E = internal/external; G/S = gradual/sudden; X/R = irreversible/reversible

Reorientation
11 After years abroad, a character chooses to return home, seeking the gentle peace they once knew. V·P·N
12 After writing something late at night, a character calmly walks into the dawn, intent on ending their life. V·N·N
13 A character accepts a new job offer and starts a routine, feeling neither excitement nor dread. V·U·N
14 Realizing their childhood longing wasn’t their own, a character lets go of old attachments, hoping for renewal. V·P·C1
15 After realizing their emotion affects gravity, a character reconnects with someone from their past to resolve a grudge. V·P·C9
16 After a friend’s confession upends everything, a character is irresistibly compelled to seek an unimaginable truth. IV·P·C4
17 Yielding to family expectation, a character inherits a shop, sensing their own desires quietly fading. IV·N·N
18 After receiving a message, a character abandons a lifelong project and starts writing in a genre they resent. IV·N·C6
19 After their living situation changes, a character drifts to a new city, adapting to unfamiliar routines without excitement. IV·U·N
20 After a city festival rumor, a character’s dream of rebuilding fades, and they abandon all further effort. IV·N·C8
Abbr.: V/IV = voluntary/involuntary; P/N/U = positive/negative/neutral; N = not connected; C# = connected with event constraint #

Disruption
21 During a quiet evening at home, an unexpected visitor delivers a shocking news, throwing the household into chaos. H·S·L
22 After repeated warnings about betrayal, a trusted member is expelled from the group, shattering old bonds. H·F·L
23 During a national celebration on television, a protester’s sudden action spreads panic throughout the entire country. H·S·W
24 Ominous weather reports and growing superstition signal disaster before a village becomes gradually isolated from the

world.
N·F·L

25 Without warning, an earthquake tears apart neighborhoods and forces families to scatter across a continent. N·S·W
26 Dead birds and foul smells became more common across the city before authorities declared a state of emergency. N·F·W
27 A network issue suddenly creates problems for a writer, unexpectedly interrupting the flow of the story. T·S·L
28 Weeks of ignored security alerts end with a cyberattack that cuts off electricity across the city. T·F·W
29 At midnight, a secluded old castle fills with unearthly light and its residents instantly vanish. S·S·L
30 Night after night, strange dreams and omens unsettle the villagers until the entire town disappears. S·F·W
Abbr.: H/N/T/S = human/natural/tech/supernatural; F/S = foreshadowed/sudden; L/W = limited/widespread

Relational Realignment
31 After a heated quarrel, the two brothers refuse to speak, each drifting apart for several months. SY·D·T
32 When a long-held family secret comes to light, siblings break their silence and stand together from then on. SY·A·P
33 After failing to reconcile, lifelong friends exchange personal belongings and part ways for a season. SY·D·T
34 After a failed mediation process, business partners ultimately sever ties permanently and split their shared legacy. SY·D·P
35 The long-absent member is, if only temporarily, welcomed by the villagers once again, albeit hesitantly. SY·A·T
36 After a long estrangement, an old friend returns to town, and some quietly welcome them back. AS·A·T
37 After public humiliation by a mentor, a student destroys a symbol of their apprenticeship and disappears. AS·D·P
38 After years of silence, a daughter makes a sudden visit, leading to a brief sense of family reunion. AS·A·T
39 After a scandal, a famous public figure is expelled from the community forever and left utterly isolated. AS·D·P
40 In the wake of disaster, a newcomer organizes relief, becoming a lasting presence in the entire city. AS·A·P
Abbr.: SY/AS = symmetrical/asymmetrical; A/D = alignment/disalignment; T/P = temporary/permanent

Diffusion
41 After a final conversation at an old meeting place, both parties agree to part and never meet again. V·S·R
42 Over the years, a close childhood friendship fades as each one finds themselves in distant lands. IV·G·A
43 One night, during a family gathering, an old feud is suddenly resolved by mutual forgiveness. V·S·R
44 As memories of a mentor fade, the student finds themselves no longer searching for guidance. IV·G·A
45 When the final promise is fulfilled at dawn, friends immediately depart, heading into separate unknowns. V·S·R
46 Over time, the city’s once vibrant market empties, and the old merchants quietly move away. IV·G·A
47 With a single decision at dawn, a character forgives all past wrongs and quietly visits an old friend. V·S·R
48 After years aboard the generation ship, the crew’s traditions and shared stories gradually fade, leaving only routine

survival.
IV·G·A

49 The family abruptly leaves their longtime town behind, closing a chapter in the community’s memory. V·S·R
50 Over time, a shared dream slips away, and each person lets it go in their own way. IV·G·A
Abbr.: V/IV = voluntary/involuntary; S/G = sudden/gradual; R/A = resolution/attrition
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A.2 Style constraints (n=50) 817

# Constraint Axes

Write like X
1 Write like Fyodor Dostoevsky. RL·M·EA
2 Write like Lu Xun. RL·M·AS
3 Write like Virginia Woolf. MP·F·EA
4 Write like James Baldwin. RL·MQ·EA
5 Write like Gabriel García Márquez. SP·M·GS
6 Write like Octavia Butler. SP·F·EA
7 Write like Haruki Murakami. MP·M·AS
8 Write like Jeanette Winterson. MP·FQ·EA
9 Write like Han Kang. MP·F·AS
10 Write like Chimamanda Ngozi Adichie. RL·F·GS
abbr.: RL = realist; MP = modernist–postmodernist; SP = speculative; M/F/Q/MQ/FQ = male/female/queer/male+queer/female+queer; EA = euro–american;
AS = east asian; GS = global south

Tone & Mood
11 Capture a character’s fluid consciousness with vivid sensory detail and nuanced shifts in perception and emotion. A(VW)·I·V
12 Maintain a cool, melancholic mood, focusing on outward events with abstract and surreal imagery to evoke emotion. A(HM)·E·A
13 Blend introspective thought and social reality, combining vivid and abstract language for layered, complex scenes. A(JB)·B·B
14 Describe group interaction and external action, using concrete and balanced expression to sustain a steady mood. A(CA)·E·B
15 Express psychological tension through internal monologue, using abstract and conceptual language for subtle emotional nuance. A(HK)·I·A
16 Focus on observable action and outward events, using vivid sensory language and dynamic movement in every scene. N·E·V
17 Balance inner reflection and outer events, using vivid but ordinary imagery to create a grounded, relatable mood. N·B·V
18 Objectively describe external situations using abstract, concise language, while minimizing both sensory and dramatic detail. N·E·A
19 Present both inner feelings and surroundings with abstract, indirect language for a subtle, layered atmosphere. N·B·A
20 Show a calm, inward-focused mood using vivid, concrete imagery and clear language, avoiding all narrative excess. N·I·V
Abbr.: A(xx) = authorial (VW=Woolf, HM=Murakami, JB=Baldwin, CA=Adichie, HK=Han Kang); N = non-authorial; I/E/B = internal/external/balanced; V/A/B
= vivid/abstract/balanced

Syntax & Sentence Structure
21 Most sentences are long, structurally complex, and follow standard grammar, prioritizing descriptive narration over dialogue. C·CV·N
22 Narrative is driven by structurally complex, non-linear sentences, consistently using experimental grammar rather than direct

dialogue.
C·E·N

23 Most narration consists of short, direct sentences in standard structure, minimizing dialogue to emphasize exposition. S·CV·N
24 Short, fragmented sentences break grammatical norms, with narration favored over dialogue in the overall story structure. S·E·N
25 Dialogue dominates using long, structurally complex sentences and standard grammar, making speech the main storytelling mode. C·CV·D
26 Dialogue dominates through complex, non-linear sentences with experimental grammar, making speech the primary narrative

form.
C·E·D

27 Dialogue drives the narrative, relying on short, direct sentences and standard grammar for a fast, accessible story. S·CV·D
28 Dialogue dominates through short, fragmented sentences that frequently break grammatical conventions and drive the plot. S·E·D
29 Dialogue and narration alternate equally, both using standard grammar with mixed complex and simple forms. B·CV·BA
30 Dialogue and narration appear in nearly equal measure, both frequently using experimental sentence forms and flexible grammar. B·E·BA
Abbr.: C/S/B = complex/simple/balanced; CV/E = conventional/experimental; N/D/BA = narrative/dialogue/balanced

Temporal Structure
31 Events unfold strictly linearly, compressing years into brief passages, with narration mainly in past tense. L·C·P
32 The story follows a linear progression, expands single moments over many pages, and uses predominantly the present tense. L·E·R
33 Linear chronology is used, compressing action to single scenes, with narration almost entirely in the future tense. L·C·F
34 The story unfolds linearly, expands brief moments into extensive passages, and narration is predominantly in the past tense. L·E·P
35 Nonlinear structure prevails, compressing long periods with frequent time jumps and narration focused on present-tense events. N·C·R
36 The narrative is nonlinear, expands single memories into lengthy episodes, and is mainly recounted in the past tense. N·E·P
37 Nonlinear episodes are compressed into short segments, with narration consistently using the future tense for upcoming events. N·C·F
38 The nonlinear storyline expands present experiences, drawing out events and emotions with a focus on immediate perception. N·E·R
39 Fragmented scenes appear out of order, compressing multiple timelines, with narration anchored mainly in the present tense. FG·C·R
40 Fragmented narrative expands select events in detail, repeatedly anchoring the storytelling in memories and language of the past. FG·E·P
Abbr.: L/N/FG = linear/nonlinear/fragmented; C/E = compressed/expanded; P/R/F = past/present/future

Narrative Perspective
41 Story is told in first person by a single, reliable narrator, offering subjective depth and emotional intimacy throughout. 1P·R·S
42 Story is told in first person by a single unreliable narrator, inviting readers’ interpretation of biased events. 1P·U·S
43 Story is told in second person by a single reliable narrator, immersing readers in events and emotional experience. 2P·R·S
44 Story is told in third person by a reliable single narrator, providing objective and consistent guidance throughout. 3P·R·S
45 Story is told in third person by an unreliable single narrator, distorting events and misleading the reader. 3P·U·S
46 Story is told in first person, alternating multiple reliable narrators to expand subjectivity and narrative scope. 1P·R·M
47 Story is told in first person by multiple unreliable narrators, each distorting truth and creating fractured, ambiguous reality. 1P·U·M
48 Story is told in second person by multiple unreliable narrators manipulating truth through shifting roles and conflicting voices. 2P·U·M
49 Story is told in third person, alternating between multiple reliable narrators, each providing trustworthy and complementary

perspectives.
3P·R·M

50 Story is told in third person by multiple unreliable narrators, presenting distorted versions and erasing truth-lie boundaries. 3P·U·M
Abbr.: 1P/2P/3P = first/second/third person; R/U = reliable/unreliable; S/M = single/multiple
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A.3 Character constraints (n=50)818

# Constraint Axes

Motive
1 The protagonist is motivated by achievement but torn between high ambition and fear of failure. D·CO·CF
2 The protagonist is motivated by autonomy, consciously chasing freedom and deliberately forging their own path. C·CO·F
3 The protagonist is motivated by affiliation, compulsively seeking warmth, belonging, avoiding feeling abandoned or

unloved.
D·U·CF

4 The protagonist is motivated by dominance, standing at the center of attention to feel superior. D·CO·F
5 The protagonist is motivated by nurturance, instinctively devoting their energy to protecting, healing and encouraging. C·U·F
6 The protagonist is motivated by order, avoiding the chaos with strict routines, acting from habit. C·U·CF
7 The protagonist is motivated by recognition, fully aware that they thrive on applause and headlines. D·CO·CF
8 The protagonist is motivated by avoidance, avoiding danger and retreating when facing failure or shame. D·U·F
9 The protagonist is motivated by counteraction, trying to prove their worth in a healthy direction. C·CO·CF
10 The protagonist is motivated by understanding, unconsciously striving to understand the world and acquire

knowledge.
C·U·F

Abbr.: D/C = destructive/constructive; CO/U = conscious/unconscious; CF/F = conflicted/focused

Social Status
11 The protagonist holds a solid status from birth due to the authority bestowed upon them. H·I·S
12 The protagonist stands on self-built achievement of high status, yet external changes threaten their status. H·E·U
13 The protagonist secures middle-class status through effort and skill, maintaining a stable place in society. M·E·S
14 The protagonist barely maintains the middle-class status they inherited, though it is unstable in society. M·I·U
15 The protagonist of nobility faces the shadows of the past and the threat of decline. H·I·U
16 The protagonist of low status lives a stable life, one achieved through their own efforts. L·E·S
17 The protagonist born into poverty is bound by an unchanging reality, living the same life. L·I·S
18 The protagonist gains attention through their talent, but their low status makes their life uncertain. L·E·U
19 The protagonist of the middle class has earned their status, constantly fighting to keep it. M·E·U
20 The protagonist seeks a future amidst an unstable life and income from a lower-class background. L·I·U
Abbr.: H/M/L = high/middle/low; E/I = earned/inherited; S/U = stable/unstable

Relational Identity
21 The protagonist engages openly with others, builds trust, and forms bonds based on strong interactions. C·O
22 The protagonist engages cooperatively and helpfully while defensively controlling the interaction to stay in control. C·D
23 The protagonist engages quietly, distancing themselves from intimacy and preferring indirect support over deep

connections.
C·W

24 The protagonist competes openly, striving to surpass others through noticeable efforts and direct, honest challenges. M·O
25 The protagonist competes cautiously, torn between the desire to succeed and the fear of failure. M·D
26 The protagonist competes, distancing themselves from others in pursuit of success but not recognition. M·W
27 The protagonist competes confidently but manipulates others, leveraging their openness and charm for personal gain. M·O
28 The protagonist seems sincerely open, but their intentions remain unclear, making them difficult to trust. A·O
29 The protagonist remains guarded, engaging only when necessary and deflecting others with careful, ambiguous

signals.
A·D

30 The protagonist prefers quiet isolation, disconnected from others and uninterested in the world around them. A·W
Abbr.: C/M/A = cooperative/competitive/ambiguous; O/D/W = open/defensive/withdrawn

Cultural Identity
31 The protagonist fully embraces the dominant culture and is reinforced by institutions, media, and tradition. MS·M·L
32 The protagonist inherits from ancestors with adopted traditions, expressing multiculturalism within the mainstream

society’s expectations.
MS·H·L

33 The protagonist lives in between two cultures, never fully accepted or understood by either community. MG·H·I
34 The protagonist has traditions that are not recognized by society and are disappearing from memory. MG·M·I
35 The protagonist thrives within a single dominant culture, and their identity is reinforced by institutions. MS·M·L
36 The protagonist blends global cultures, but their expressions are not read by dominant cultural norms. MG·H·I
37 The protagonist maintains a single cultural lineage, but is unsupported within the broader social framework. MG·M·I
38 The protagonist moves between cultures, but society insists on categorizing them as the mainstream group. MS·H·L
39 The protagonist expresses the dominant culture but hides an invisible identity shaped by their heritage. MS·H·I
40 The protagonist lives with multiple cultures, one praised in the media, but the other misunderstood. MG·H·I
Abbr.: MS/MG = mainstream/marginalized; M/H = monocultural/hybrid; L/I = legible/illegible

Embodied Difference
41 The protagonist is an openly nonbinary person whose gender expression is widely accepted in society. G·AC
42 The protagonist is a disabled person who is often pitied and marginalized despite their ability. D·SG
43 The protagonist is from a minority ethnic group, their identity erased due to others’ indifference. R·UR
44 The protagonist is an elderly person praised for their wisdom but excluded from decision-making processes. A·SG
45 The protagonist is a member of the dominant group and is never questioned or “othered.” U·AC
46 The protagonist is a youthful spirit whose youth is seen as inspiring within their community. A·AC
47 The protagonist lives invisibly in society despite being gender-nonconforming, ignored in public records and

language.
G·UR

48 The protagonist is constantly monitored in society due to racial prejudice, regardless of their actions. R·SG
49 The protagonist with a cognitive disability is recognized as a valuable contributor and is respected. D·AC
50 The protagonist blends into the social majority but struggles against the invisibility of being unmarked. U·UR
Abbr.: G/D/R/A/U = gender/disability/race/age/unmarked; AC/SG/UR = accepted/stigmatized/unrecognized
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A.4 Setting constraints (n=50) 819

# Constraint Axes

Temporal Setting
1 Set in a time when writing, ritual, and early institutions forge enduring cultural foundations. R·AO
2 Set in a time shaped by sacred knowledge, imperial networks, and slowly shifting frontiers of belief and trade. R·WFR
3 Set in a time of accelerating change, when new ideas, machines, and ambitions reshape old worlds. R·WIA
4 Set in a time of total war, collapsing empires, and competing dreams of modernity. R·SC
5 Set in a present-day or near-future world shaped by digital labor, networked lives, and algorithmic systems. R·FCN
6 Set in a far future shaped by post-human evolution, unfamiliar ecologies, and fading memories of Earth’s past. NR·DF
7 Set in a time where causality fractures, and past, present, and future no longer arrive in order. NR·BS
8 Set in a time shaped by dreams, moods, and symbols, where memory flows deeper than causality. NR·DT
9 Set in a time so vast that stars rise and die like seconds, and humans flicker like passing thoughts. NR·CS
10 Set in a time when lives, worlds, or destinies repeat—sometimes exactly, sometimes with a twist. NR·CR
Abbr.: R/NR = realistic/non-realistic; AO = Age of Origins; WFR = Worlds of Faith and Rule; WIA = Worlds in Acceleration; SC = Shattered Century; FCN =
Fully Connected Now; DF = Distant Future; BS = Broken Sequence; DT = Dreamtime; CS = Cosmic Scale; CR = Cyclic Return

Macro Spatial Setting
11 Set in densely constructed spaces where human infrastructure, noise, and social complexity dominate everyday

experience.
R·URB

12 Set in cultivated fields, farms, or villages where open landscapes support seasonal rhythms and subsistence life. R·RUR
13 Set in wooded environments where dense vegetation, biodiversity, and limited visibility shape travel and interaction. R·FOR
14 Set in high-altitude terrain where isolation, vertical movement, and adaptation to climate define life and architecture. R·MTN
15 Set in dry, sun-scorched areas with minimal vegetation, scarce water, and extreme diurnal temperature shifts. R·DES
16 Set in icy, remote zones where cold, wind, and seasonal extremes shape survival and geopolitical activity. R·POL
17 Set near oceans, lakes, or rivers where water systems define settlement patterns, transportation, and ecological tension. R·COA
18 Set on alien worlds shaped by unknown atmospheres, strange ecologies, and non-terrestrial natural laws. NR·XTR
19 Set in digital environments where reality is shaped by code, artificial interaction, and non-physical architecture. NR·VRT
20 Set in alternate planes of existence ruled by transcendental forces, mythic logic, or timeless ritual. NR·MYR
Abbr.: URB = Urban; RUR = Rural; FOR = Forest; MTN = Mountain; DES = Desert; POL = Polar; COA = Coastal; XTR = Extraterrestrial; VRT = Virtual;
MYR = Mythic

Micro Spatial Setting
21 Set in the interior of a lived-in home, such as a bedroom, kitchen, or shared living area. R·DOM
22 Set in facilities like schools, factories, or military bases where daily life follows strict organization or control. R·INS
23 Set in underground or enclosed areas like caves, bunkers, sewers, or hidden chambers, often isolated or secret. R·SUB
24 Set in spaces designed for movement or passage, such as train stations, highways, ports, or border crossings. R·TRN
25 Set in ritual or spiritual spaces like temples, altars, shrines, or ancestral enclosures with symbolic significance. R·SAC
26 Set in places of economic exchange or service, such as markets, shops, offices, or financial institutions. R·COM
27 Set in hospitals, quarantine zones, labs, or clinics where bodies are treated, monitored, or sequestered. R·MED
28 Set in digital rooms or artificial environments shaped by code, interaction, and altered perception. NR·VRI
29 Set in non-logical, symbolic interiors such as looping hallways, floating rooms, or time-shifting apartments. NR·DLC
30 Set in legendary or magical indoor spaces—cursed castles, sacred vaults, or divine halls shaped by arcane law. NR·MYS
Abbr.: DOM = Domestic; INS = Institutional; SUB = Subterranean; TRN = Transit; SAC = Sacred; COM = Commercial; MED = Medical; VRI = Virtual Interior;
DLC = Dreamlike Chamber; MYS = Mythic Structure

Socio-political Order
31 Set in a world where a powerful central authority enforces strict rules and surveillance to maintain order. C·S
32 Set in a world where a once-dominant regime is collapsing, creating chaos and shifting power struggles. C·U
33 Set in a world where religious or ideological laws are absolute, and breaking them is a moral transgression. C·S
34 Set in a world where machines and systems control society, but human emotions and ethics are fraying. C·U
35 Set in a world where people live in cooperative harmony, maintaining order through shared values and dialogue. D·S
36 Set in a world where competing factions each claim authority, but constant disagreements destabilize society. D·U
37 Set in a world where enduring customs bind society, and decisions emerge through networks of shared practice. D·S
38 Set in a world where a small community builds its own fragile order on the edge of civilization. D·U
39 Set in a world where formal institutions have vanished, and survival depends on instinct, alliance, or force. A·U
40 Set in a world with no governing power, yet operating under alien, ritual, or machinic logics. A·S
Abbr.: C/D/A = Centralized/Distributed/Absent; S/U = Stable/Unstable

Cultural Context
41 Set in a society where divine will is the ultimate source of law, purpose, and authority. TH
42 Set in a society where sacred authority is absent, and all norms derive from human reasoning. AT
43 Set in a society where collective welfare overrides personal choice, and norms are shaped by group will. C
44 Set in a society where each person is responsible for moral judgment, independent of group consensus. I
45 Set in a society where moral codes are praised in public but privately ignored by everyone. HY
46 Set in a society where all know the rules are fake, yet pretend belief sustains stability. TT
47 Set in a society where norms shift unpredictably, forcing constant adaptation without clear justification. V
48 Set in a society where rules are applied arbitrarily, and logic never aligns with enforcement. AR
49 Set in a society where actions follow precedent without question, and justification is neither needed nor allowed. UQ
50 Set in a society where success defines value, and failure is condemned regardless of intention. OB
Abbr.: TH/AT = Theistic/Atheistic; C/I = Collectivist/Individualist; HY/TT = Hypocritical/Theatrical; V = Volatile; AR = Arbitrary; UQ = Unquestioned; OB =
Outcome-based
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B Models and Decoding Parameters820

Abbr. Full Identifier / Release Provider Temp Top-p reasoning_effort verbosity

o4mini o4-mini-2025-04-16 OpenAI 1.0 1.0 high —
gpt4.1 gpt-4.1-2025-04-14 OpenAI 1.0 1.0 — —
gpt5 gpt-5-2025-08-07 OpenAI 1.0 1.0 high high
claude claude-opus-4-20250514 Anthropic 1.0 1.0 — —
gemini gemini-2.5-pro (2025-06-17) Google 1.0 1.0 — —
qwen qwen-max-2025-01-25 Alibaba 1.0 1.0 — —

Models and decoding parameters used in our experiments. For all models, temperature (Temp) and top-p821

were fixed at 1.0. Vendor-specific controls (reasoning_effort, verbosity) were set to high when present.822

For Gemini, an immutable snapshot identifier was not exposed in the API endpoint we used, so we record823

the model name and the date of access for reproducibility.824

Artifact attribution and versioning. All models were accessed through the providers’ official APIs.825

The full identifiers record the provider-released and dated snapshot versions used in our runs. We cite826

the corresponding official documentation for OpenAI1, Anthropic2, Google3, and Alibaba Cloud 4.827

Artifact terms and licensing. Our use of proprietary LLMs is governed by the providers’ applicable828

service terms. OpenAI usage is subject to the OpenAI Services Agreement5. Anthropic usage is subject829

to Anthropic Commercial Terms of Service6. Gemini usage is subject to the Gemini API Additional830

Terms of Service7. Qwen usage via Alibaba Cloud is subject to Alibaba Cloud product terms8.831

C User Prompts832

Experiment 1–1 (single-element, labeled, K ≥ 0)
As you plan to write a story, identify the specific constraints that would be most useful for writing a single fictional
narrative, and explain your reasoning for why each constraint would help write a better narrative.

Task:
- You will be given a list of 50 possible narrative constraints.
- Read through all 50 constraints carefully.
- Select the constraints you consider most useful for writing a fictional narrative.
- You may select as few or as many constraints as you believe are appropriate. There is no minimum or maximum.
- For each selected constraint, explain your reason for choosing it.
- After explaining your individual selections, assess the dynamics among your chosen constraints by explicitly identifying
which specific constraints enhance each other and which might interfere with one another. Based on these interactions,
evaluate the overall compatibility of your constraint combination and whether it would strengthen or weaken the resulting
narrative when applied together in writing.
- There are no restrictions on the length or style of your explanations. Feel free to elaborate as much or as little as you wish.
- You do not need to mention constraints you are not selecting unless you wish to explain why you excluded them.
- List your selections using the specified output format for easy parsing.

Output Format:
- You may select as few or as many constraints as you wish. The order in which you list them does not matter.
- For each, write only the selected constraint as a JSON object, then your reason in the "reason" field.
- Each constraint and its reason must appear as a separate element in a single JSON array containing all elements.
- After listing all selected constraints, include only one paragraph that explains the overall compatibility among all your
chosen constraints as a JSON object in the form {{"compatibility": "[your explanation]"}}, and place it at the end of the
array.

Example Output: {example_lines_1_1}
Constraint List: {constraints}

1https://platform.openai.com/docs/models
2https://console.anthropic.com/docs/en/home
3https://ai.google.dev/gemini-api/docs
4https://www.alibabacloud.com/help/en/model-studio
5https://openai.com/policies/services-agreement/
6https://www.anthropic.com/legal/commercial-terms
7https://ai.google.dev/gemini-api/terms
8https://www.alibabacloud.com/help/en/legal/latest/alibaba-cloud-international-website-product-terms-of-service
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Experiment 1–2 (single-element, labeled, K=5)
As you plan to write a story, identify the specific constraints that would be most useful for writing a single fictional
narrative, and explain your reasoning for why each constraint would help write a better narrative.

Task:
- You will be given a list of 50 possible narrative constraints.
- Read through all 50 constraints carefully.
- Select exactly 5 constraints you consider most useful for writing a fictional narrative.
- For each selected constraint, explain your reason for choosing it.
- After explaining your individual selections, assess the dynamics among your chosen constraints by explicitly identifying
which specific constraints enhance each other and which might interfere with one another. Based on these interactions,
evaluate the overall compatibility of your constraint combination and whether it would strengthen or weaken the resulting
narrative when applied together in writing.
- There are no restrictions on the length or style of your explanations. Feel free to elaborate as much or as little as you wish.
- You do not need to mention constraints you are not selecting unless you wish to explain why you excluded them.
- List your selections using the specified output format for easy parsing.

Output Format:
- Select exactly 5 constraints. The order in which you list them does not matter.
- For each, write only the selected constraint as a JSON object, then your reason in the "reason" field.
- Each constraint and its reason must appear as a separate element in a single JSON array containing all elements.
- After listing all selected constraints, include only one paragraph that explains the overall compatibility among all your
chosen constraints as a JSON object in the form {{"compatibility": "[your explanation]"}}, and place it at the end of the
array.

Example Output: {example_lines_1_2}
Constraint List: {constraints}

Experiment 2–1 (pooled, unlabeled, K ≥ 0)
As you plan to write a story, identify the specific constraints that would be most useful for writing a single fictional
narrative, and explain your reasoning for why each constraint would help write a better narrative.

Task:
- You will be given a list of 200 possible narrative constraints.
- Read through all 200 constraints carefully.
- Select the constraints you consider most useful for writing a fictional narrative.
- You may select as few or as many constraints as you believe are appropriate. There is no minimum or maximum.
- For each selected constraint, explain your reason for choosing it.
- After explaining your individual selections, assess the dynamics among your chosen constraints by explicitly identifying
which specific constraints enhance each other and which might interfere with one another. Based on these interactions,
evaluate the overall compatibility of your constraint combination and whether it would strengthen or weaken the resulting
narrative when applied together in writing.
- There are no restrictions on the length or style of your explanations. Feel free to elaborate as much or as little as you wish.
- You do not need to mention constraints you are not selecting unless you wish to explain why you excluded them.
- List your selections using the specified output format for easy parsing.

Output Format:
- You may select as few or as many constraints as you wish. The order in which you list them does not matter.
- For each, write only the selected constraint as a JSON object, then your reason in the "reason" field.
- Each constraint and its reason must appear as a separate element in a single JSON array containing all elements.
- After listing all selected constraints, include only one paragraph that explains the overall compatibility among all your
chosen constraints as a JSON object in the form {{"compatibility": "[your explanation]"}}, and place it at the end of the
array.

Example Output: {example_lines_2_1}
Constraint List: {constraints}

17



Experiment 2–2 (pooled, unlabeled, K=20)
As you plan to write a story, identify the specific constraints that would be most useful for writing a single fictional
narrative, and explain your reasoning for why each constraint would help write a better narrative.

Task:
- You will be given a list of 200 possible narrative constraints.
- Read through all 200 constraints carefully.
- Select exactly 20 constraints you consider most useful for writing a fictional narrative.
- For each selected constraint, explain your reason for choosing it.
- After explaining your individual selections, assess the dynamics among your chosen constraints by explicitly identifying
which specific constraints enhance each other and which might interfere with one another. Based on these interactions,
evaluate the overall compatibility of your constraint combination and whether it would strengthen or weaken the resulting
narrative when applied together in writing.
- There are no restrictions on the length or style of your explanations. Feel free to elaborate as much or as little as you wish.
- You do not need to mention constraints you are not selecting unless you wish to explain why you excluded them.
- List your selections using the specified output format for easy parsing.

Output Format:
- Select exactly 20 constraints. The order in which you list them does not matter.
- For each, write only the selected constraint as a JSON object, then your reason in the "reason" field.
- Each constraint and its reason must appear as a separate element in a single JSON array containing all elements.
- After listing all selected constraints, include only one paragraph that explains the overall compatibility among all your
chosen constraints as a JSON object in the form {{"compatibility": "[your explanation]"}}, and place it at the end of the
array.

Example Output: {example_2_2}
Constraint List: {constraints}

Experiment 3 (element-blocked, labeled with quotas; K=20, k=5 per element)
As you plan to write a story, identify the specific constraints that would be most useful for writing a single fictional
narrative, and explain your reasoning for why each constraint would help write a better narrative.

Task:
- You will complete this task for four core narrative elements: event, style, character, and setting.
- For each element, you will be given a list of 50 possible narrative constraints.
- Read through all 50 constraints for each element carefully.
- For each element, select exactly 5 constraints that you believe are most useful for writing a fictional narrative.
- For each selected constraint, explain your reason for choosing it.
- After explaining your individual selections, assess the dynamics among your chosen constraints by explicitly identifying
which specific constraints enhance each other and which might interfere with one another. Based on these interactions,
evaluate the overall compatibility of your constraint combination and whether it would strengthen or weaken the resulting
narrative when applied together in writing.
- There are no restrictions on the length or style of your explanations. Feel free to elaborate as much or as little as you wish.
- List your selections for each element using the specified output format for easy parsing.

Output Format:
- For each element, list exactly 5 constraints. The order in which you list them does not matter.
- For each, write only the selected constraint as a JSON object, then your reason in the "reason" field.
- Each constraint and its reason must appear as a separate element in a single JSON array containing all elements.
- After listing all selected constraints, include only one paragraph that explains the overall compatibility among all your
chosen constraints as a JSON object in the form {{"compatibility": "[your explanation]"}}, and place it at the end of the
array.

Example Output: {example_lines_3}
Constraint List: {constraints}
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D Instruction Type 833

Instruction Type Description

Basic
You are a writer. Your task is to write narratives when requested. Your goal is to
write complete narratives that fulfill the given requirements.

Quality-focused

You are a highly skilled writer known for technical excellence and flawless
execution of storytelling fundamentals. You write stories with precise character
development, well-structured plots, polished prose, and carefully integrated
themes. Your goal is to write stories of the highest quality through careful
refinement and technical mastery.

Creativity-focused

You are an innovative writer celebrated for creating completely original and
unexpected narratives. You excel at breaking conventional storytelling rules and
exploring new creative possibilities. Your strength lies in developing unique
characters, unusual plot structures, or experimental styles that surprise readers.
Your goal is to create narratives that are unlike anything that has been written
before, pushing the boundaries of what stories can be through creative
experimentation.

E Statistical Modeling, Inference, and Diagnostics 834

This appendix reports the full outcome definitions, model specifications, inference procedures, and diag- 835

nostics that are referenced in the main Results section. 836

E.1 Outcome Definitions and Condition-Contrast Modeling 837

Outcome & modeling. For each unit–category (u, c) we compute the within-unit selection share suc = 838

yuc/Ku and control for supply via the supply share puc = nuc/Nu (covariate adjustment). Category-wise 839

percentage-point differences in selection shares (in pp) between conditions are estimated using both OLS 840

and K-weighted WLS (weights = Ku) with run-clustered SEs; Table 1 reports the K-weighted WLS 841

estimates. Heterogeneity is assessed via Wald tests on D×model and D×instruction type interactions, 842

where D encodes the planned contrasts (1–2 vs. 1–1, 2–2 vs. 2–1, 3 vs. 1–2, 3 vs. 2–2). We report 843

two-sided p-values with 95% CIs and adjust for multiple testing across the family of pairwise contrasts 844

using BH–FDR. 845

Power analysis for Stage 2 replication count. To choose the Stage 2 replication count for Experi- 846

ment 2–2, we conducted an RR-based power analysis targeting stable detection of moderate composition 847

shifts. Using an a priori 80th-percentile coverage criterion across model×instruction-type strata and ac- 848

counting for run-level exposure and overdispersion (median K ≈ 20; ϕp90 = 1.00), the required runs 849

per group were 95 for RR= 1.20 at the element level and 154 for RR= 1.50 at the category level. We 850

therefore set R = 160. 851

E.2 Poisson GEE Specifications for Composition Models 852

E.2.1 Element-Level Composition (Experiment 2–2) 853

Model & contrasts. As specified in Methodology section, we analyze run–element counts with a 854

run–clustered Poisson GEE using element effects and element×(model, instruction type) interactions 855

(no intercept). We do not include model×instruction type (or higher-order) interactions, so prompt con- 856

trasts are averaged over models and vice versa. We report (i) element rate ratios (RRs) relative to Event, 857

which we use as an arbitrary reference category, and (ii) within–element pairwise RRs for model and for 858

instruction type. 859
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E.2.2 Category-Level Composition (Experiment 2–2)860

Model & contrasts. For each element, we analyze run–category counts with a run–clustered Poisson861

GEE using category effects and category×(model, instruction type) interactions (no intercept). We do not862

include model×instruction type (or higher–order) interactions; consequently, instruction type contrasts863

are averaged over models (and model contrasts over prompts). We report (i) category rate ratios (RRs)864

relative to a baseline category within each element and (ii) within–category pairwise RRs for model and865

for instruction type.866

E.3 Inference, Standard Errors, and Reporting Conventions867

E.3.1 Element-Level Inference and Reporting868

Inference & reporting. We report estimates under two exposure offsets, logK and logK+log nitems.869

Our main specification uses logK+log nitems. In this balanced design, nitems is constant within the anal-870

ysis unit, so both offsets yield numerically identical estimates; we show both for transparency. Inference871

uses Wald χ2(1) tests on log–rate contrasts with robust covariance, and 95% CIs are exp(θ̂ ± 1.96 SE).872

Tables indicate the offset used and the number of run clusters. We report pairwise differences only when873

BH–FDR q < .05 and |∆%| ≥ 10.874

E.3.2 Category-Level Inference and Reporting875

Inference & reporting. We report estimates under two exposure offsets, logKelem and logKelem +876

log nitems. Our main specification uses logKelem+lognitems. In this balanced design, nitems is constant877

within each element, so both offsets yield numerically identical estimates; we show both for transparency.878

Inference uses Wald χ2(1) tests on log–rate contrasts with robust covariance, and 95% CIs are exp(θ̂ ±879

1.96 SE). Tables indicate the offset used and the number of run clusters. We report pairwise differences880

only when BH–FDR q < .05 and |∆%| ≥ 10. In the main text, Table 5 summarizes large category shifts881

vs. within-element baselines and reports only categories with p < .05 and |∆| ≥ 50%.882

E.4 Model Adequacy and Robustness Checks883

Model adequacy. Across all Poisson GEE fits, dispersion diagnostics were below unity (elements:884

Pearson χ2/df = 0.567, deviance/df = 0.611; categories: χ2/df = 0.402–0.664, deviance/df885

= 0.454–0.740), with many run clusters (elements: n = 2,880; categories: n = 2,793–2,880; runs886

with Kelem = 0 excluded from the corresponding element-specific category models) and numerically887

identical results when adding the supply offset logn; we therefore report run-clustered robust (sand-888

wich) SEs and use an exchangeable working correlation (independence for Style), with no Generalized889

Linear Model (GLM) fallback.890

E.5 Axis-Level Permutation Test and Axis Aggregation891

Model & test. Within Experiment 2–2, we assess constraint-level over- or under-selection via a Monte892

Carlo permutation test stratified by model × instruction type × element × category. The null assumes893

exchangeability across constraints conditional on each run’s selection budget Ku and pool composition.894

For each constraint c, we compute the observed total Yc =
∑

u yuc and the supply-adjusted expectation895

E[Yc] =
∑

uKu (nc,u/Nu). We report shareobs = Yc/
∑

uKu, shareexp = E[Yc]/
∑

uKu, RDshare =896

shareobs − shareexp, and a smoothed observed-to-expected ratio Obs/Exp = (Yc +0.5)/(E[Yc] + 0.5);897

direction is defined by shareobs vs. shareexp.898

Inference & reporting. Two-sided p-values (and one-sided pover, punder) come from B=2000 permu-899

tations with a +1 correction; multiplicity is controlled within stratum by BH–FDR on ptwo (significance900

at q ≤ .10; fallback ptwo ≤ .05 in degenerate strata). Axis-level summaries map constraint signals to axis901

annotations and aggregate them on a shared observed/expected scale. For the global axis baseline, we902

pool (Yc,E[Yc]) across all strata and then aggregate to axes, reporting observed and expected axis shares903

and their ratio. For instruction-type contrasts, we restrict to significant constraints within each stratum,904

propagate their over/under direction to axes, and compute within-direction axis shares along with en-905

richment ratios defined as Share/Global, where Global denotes the pooled baseline share within the906
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same direction (pooled across instruction types and models). Summary tables apply minimum-support 907

thresholds (MIN_SUPPORT) and Top-K/union rules for visualization. We set MIN_SUPPORT = 3, 908

reporting an axis-direction only when it is supported by at least three distinct significant constraints, to 909

reduce single-constraint artifacts and stabilize the descriptive summaries. 910

F Element-Level Selection Rate Ratios Relative to Event 911

Offset=logK Offset=logK + lognitems

Element RR [95% CI] p RR [95% CI] p

Style 1.67 [1.57, 1.79] < .001 1.67 [1.57, 1.79] < .001
Character 1.10 [1.02, 1.17] .010 1.10 [1.02, 1.17] .010
Setting 1.05 [0.98, 1.13] .147 1.05 [0.98, 1.13] .147

Element-level selection rate ratios relative to Event (pooled across models and prompts), shown side-by- 912

side for two offsets (logK and logK + log nitems), where nitems is the number of available constraints 913

per element per run (a specification robustness check). N runs = 2, 880 for all elements. 914

G Category-Level Selection Rate Ratios vs. Within-Element Baseline Category 915

Offset=log(Kelem) Offset=log(Kelem) + log(nitems)

Element Category RR [95% CI] p RR [95% CI] p N runs

Event

Diffusion (baseline) 1.00 [1.00, 1.00] - 1.00 [1.00, 1.00] - 2880
Disruption 0.71 [0.61, 0.84] < .001 0.71 [0.61, 0.84] < .001 2880
Epistemological Transformation 1.65 [1.45, 1.88] < .001 1.65 [1.45, 1.88] < .001 2880
Relational Realignment 1.13 [0.97, 1.33] .126 1.13 [0.97, 1.33] .126 2880
Reorientation 1.22 [1.06, 1.40] .007 1.22 [1.06, 1.40] .007 2880

Style

Narrative perspective (baseline) 1.00 [1.00, 1.00] - 1.00 [1.00, 1.00] - 2880
Syntax & Sentence Structure 0.71 [0.65, 0.77] < .001 0.71 [0.65, 0.77] < .001 2880
Temporal Structure 0.75 [0.70, 0.80] < .001 0.75 [0.70, 0.80] < .001 2880
Tone & Mood 1.88 [1.77, 1.99] < .001 1.88 [1.77, 1.99] < .001 2880
Write like X 0.32 [0.27, 0.38] < .001 0.32 [0.27, 0.38] < .001 2880

Character

Cultural Identity (baseline) 1.00 [1.00, 1.00] - 1.00 [1.00, 1.00] - 2880
Embodied Difference 0.66 [0.56, 0.79] < .001 0.66 [0.56, 0.79] < .001 2880
Motive 2.87 [2.56, 3.21] < .001 2.87 [2.56, 3.21] < .001 2880
Relational Identity 1.58 [1.39, 1.81] < .001 1.58 [1.39, 1.81] < .001 2880
Social Status 0.99 [0.85, 1.15] .879 0.99 [0.85, 1.15] .879 2880

Setting

Cultural context (baseline) 1.00 [1.00, 1.00] - 1.00 [1.00, 1.00] - 2880
Macro spatial setting 2.21 [1.95, 2.50] < .001 2.21 [1.95, 2.50] < .001 2880
Micro spatial setting 1.16 [1.01, 1.33] .031 1.16 [1.01, 1.33] .031 2880
Socio-political order 0.96 [0.81, 1.14] .643 0.96 [0.81, 1.14] .643 2880
Temporal setting 1.79 [1.58, 2.02] < .001 1.79 [1.58, 2.02] < .001 2880

Category-level selection rate ratios vs. the within-element baseline category (pooled across mod-
els/prompts), shown side-by-side for two offsets (Offset=logKelem and Offset=logKelem + lognitems).
Runs with Kelem = 0 are excluded from the corresponding element-specific category models; run clus-
ters therefore vary by element (2,793–2,880).
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H Top-15 Globally Over- or Under-selected Axes916

Category Axis Obs Obs/Exp (×) Obs (%) Exp (%)

Global — Over-selected
Reorientation Connected (E4) 324 3.89 0.56 0.14
Macro spatial setting Urban Built Environments 508 3.66 0.88 0.24
Temporal setting The Fully Connected Now 523 2.74 0.91 0.33
Micro spatial setting Dreamlike or Surreal Chambers 357 2.52 0.62 0.25
Cultural context Theatrical Order 611 2.36 1.06 0.45
Reorientation Connected (E1) 189 2.27 0.33 0.14
Syntax & Sentence Structure Balanced 488 2.07 0.85 0.41
Reorientation Positive 684 2.06 1.19 0.58
Tone & Mood Authorial (Virginia Woolf) 578 1.99 1.00 0.50
Tone & Mood Authorial (James Baldwin) 834 1.92 1.45 0.75
Temporal setting The Broken Sequence 352 1.85 0.61 0.33
Micro spatial setting Domestic Interior Spaces 250 1.76 0.43 0.25
Embodied Difference Race-Marked 206 1.69 0.36 0.21
Temporal setting Worlds in Acceleration 322 1.69 0.56 0.33
Disruption Technological 235 1.59 0.41 0.26

Global — Under-selected
Temporal setting Age of Origins 32 0.17 0.06 0.33
Cultural context Theistic 45 0.18 0.08 0.45
Temporal Structure Future 47 0.19 0.08 0.43
Reorientation Connected (E8) 17 0.21 0.03 0.14
Temporal setting Worlds of Faith and Rule 41 0.22 0.07 0.33
Reorientation Neutral 40 0.24 0.07 0.29
Macro spatial setting Mountainous Regions 34 0.25 0.06 0.24
Cultural Identity Legible 69 0.25 0.12 0.48
Cultural context Unquestioned Precedent 67 0.26 0.12 0.45
Macro spatial setting Polar and Glacial Frontiers 36 0.26 0.06 0.24
Macro spatial setting Deserts and Arid Zones 40 0.29 0.07 0.24
Temporal setting The Shattered Century 60 0.31 0.10 0.33
Reorientation Negative 105 0.32 0.18 0.58
Relational Identity Competitive 146 0.33 0.25 0.77
Micro spatial setting Mythic or Enchanted Structures 47 0.33 0.08 0.25

Top-15 globally over- or under-selected axes across all runs (descriptive; no significance filtering). Obs917

and Exp are aggregated observed and supply-adjusted expected counts; Obs/Exp = (Obs+0.5)/(Exp+918

0.5). Obs (%) and Exp (%) report observed and expected axis shares. Values rounded.919
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I Top-5 Over- or Under-selected Axes by Instruction Type 920

Category Axis Support Enrich (×) Share (%) Global (%)

Basic — Over-selected
Embodied Difference Disability-Marked 3 3.23 2.52 0.78
Micro spatial setting Domestic Interior Spaces 4 3.20 2.50 0.78
Tone & Mood Authorial (James Baldwin) 5 3.15 2.46 0.78
Tone & Mood Authorial (Virginia Woolf) 5 3.15 2.46 0.78
Temporal setting Realistic 12 3.12 4.88 1.56

Basic — Under-selected
Write like X East Asian 3 3.42 3.80 1.11
Write like X Male 4 3.04 5.06 1.67
Tone & Mood Authorial (Chimamanda Adichie) 4 2.66 1.48 0.56
Temporal setting The Dreamtime 5 2.28 1.27 0.56
Tone & Mood Authorial (Haruki Murakami) 5 2.28 1.27 0.56

Quality — Over-selected
Reorientation Not Connected 3 3.69 2.88 0.78
Tone & Mood Authorial (James Baldwin) 5 3.37 2.63 0.78
Tone & Mood Authorial (Virginia Woolf) 5 3.37 2.63 0.78
Macro spatial setting Aquatic and Coastal Environments 4 3.32 2.60 0.78
Micro spatial setting Domestic Interior Spaces 4 3.28 2.56 0.78

Quality — Under-selected
Write like X East Asian 4 4.50 5.00 1.11
Write like X Modernist-Postmodernist 3 3.38 3.75 1.11
Write like X Male 4 3.00 5.00 1.67
Tone & Mood Authorial (Chimamanda Adichie) 4 2.51 1.39 0.56
Write like X Euro-American 3 2.25 3.75 1.67

Creativity — Over-selected
Macro spatial setting Extraterrestrial Terrain 4 3.22 2.52 0.78
Macro spatial setting Otherworldly or Mythic Realms 4 3.22 2.52 0.78
Cultural context Volatile Norms 5 3.11 2.43 0.78
Reorientation Connected (E9) 5 3.11 2.43 0.78
Temporal setting The Dreamtime 5 3.11 2.43 0.78

Creativity — Under-selected
Write like X Global South 3 3.10 1.72 0.56
Write like X Realist 11 2.84 6.32 2.22
Write like X Queer 3 2.84 3.16 1.11
Write like X Male 8 2.76 4.60 1.67
Cultural context Collectivist 5 2.41 1.34 0.56

Top-5 Over- or Under-selected axes by instruction type. Support = pooled count of significant con- 921

straints mapped to the axis (summed across models). Enrich = Share / Global, where Share = axis share 922

within direction and Global = pooled baseline share within the same direction (computed over significant 923

constraints, pooled across instruction types and models). Values rounded. 924
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J Model-Stratified Axis Summaries925

J.1 Axes Shared Across Models926

Category Axis claude gemini gpt4.1 gpt5 o4mini qwen

Motive Conscious ↑ ↑ ↑ ↓ ↑ ↑ ↑ ↓
Motive Constructive ↑ ↑ ↑ ↑ ↑ ↓ ↑ ↓
Temporal setting Realistic ↑ ↑ ↑ ↓ ↑ ↑ ↑

Axes common to all models (Top-20 per model via over/under union; axes with a uniform direction927

across models excluded). Cells mark per-model direction: ↑=over-selected, ↓=under-selected. A paired928

mark (↑ ↓) indicates that the direction flips across instruction types (instruction-contingent).929

J.2 Top-5 Over- or Under-selected Axes by Model (claude, gemini, gpt4.1)930

Category Axis Support Enrich (×) Share (%) Global (%)

claude — Over-selected
Temporal setting Realistic 4 3.61 5.63 1.56
Reorientation Connected (E4) 3 3.37 2.63 0.78
Tone & Mood Authorial (James Baldwin) 3 3.37 2.63 0.78
Tone & Mood Authorial (Virginia Woolf) 3 3.37 2.63 0.78
Narrative perspective Unreliable 4 2.98 9.30 3.12

claude — Under-selected
Reorientation Neutral 6 2.02 2.25 1.11
Macro spatial setting Deserts and Arid Zones 3 2.02 1.12 0.56
Macro spatial setting Mountainous Regions 3 2.02 1.12 0.56
Macro spatial setting Polar and Glacial Frontiers 3 2.02 1.12 0.56
Micro spatial setting Sacred Grounds 3 2.02 1.12 0.56

gemini — Over-selected
Embodied Difference Stigmatized 4 2.84 4.44 1.56
Temporal setting Realistic 4 2.84 4.44 1.56
Cultural context Theatrical Order 3 2.80 2.19 0.78
Micro spatial setting Dreamlike or Surreal Chambers 3 2.80 2.19 0.78
Relational Identity Defensive 3 2.80 2.19 0.78

gemini — Under-selected
Cultural Identity Legible 12 1.77 3.93 2.22
Relational Identity Competitive 12 1.77 3.93 2.22
Reorientation Neutral 6 1.77 1.97 1.11
Cultural context Atheistic 3 1.77 0.98 0.56
Cultural context Collectivist 3 1.77 0.98 0.56

gpt4.1 — Over-selected
Temporal setting Realistic 4 3.82 5.97 1.56
Reorientation Connected (E1) 3 3.66 2.86 0.78
Reorientation Connected (E4) 3 3.66 2.86 0.78
Tone & Mood Authorial (James Baldwin) 3 3.66 2.86 0.78
Tone & Mood Authorial (Virginia Woolf) 3 3.66 2.86 0.78

gpt4.1 — Under-selected
Temporal Structure Future 6 3.94 4.38 1.11
Reorientation Connected (E6) 3 3.94 2.19 0.56
Temporal setting The Cosmic Scale 3 3.94 2.19 0.56
Tone & Mood Authorial (Chimamanda Adichie) 3 3.94 2.19 0.56
Tone & Mood External 11 3.61 8.03 2.22

Top-5 Over- or Under-selected axes by model (claude, gemini, gpt4.1). Support = pooled count of931

significant constraints mapped to the axis (summed across instruction types). Enrich = Share / Global,932

where Share = axis share within direction and Global = pooled baseline share within the same direction933

(computed over significant constraints, pooled across instruction types and models). Values rounded.934
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J.3 Top-5 Over- or Under-selected Axes by Model (gpt5, o4mini, qwen) 935

Category Axis Support Enrich (×) Share (%) Global (%)

gpt5 — Over-selected
Macro spatial setting Urban Built Environments 3 2.82 2.21 0.78
Micro spatial setting Transit Hubs 3 2.82 2.21 0.78
Relational Identity Defensive 3 2.82 2.21 0.78
Reorientation Connected (E1) 3 2.82 2.21 0.78
Reorientation Connected (E4) 3 2.82 2.21 0.78

gpt5 — Under-selected
Embodied Difference Accepted 4 1.70 3.77 2.22
Disruption Natural 9 1.58 2.63 1.67
Motive Constructive 9 1.58 2.63 1.67
Motive Focused 9 1.58 2.63 1.67
Cultural Identity Legible 12 1.58 3.51 2.22

o4mini — Over-selected
Disruption Human 4 2.88 4.49 1.56
Socio-political order Centralized 9 2.82 6.62 2.34
Embodied Difference Race-Marked 6 2.82 4.41 1.56
Temporal setting Realistic 6 2.82 4.41 1.56
Macro spatial setting Urban Built Environments 3 2.82 2.21 0.78

o4mini — Under-selected
Motive Constructive 9 1.83 3.05 1.67
Motive Focused 9 1.83 3.05 1.67
Cultural Identity Legible 12 1.83 4.07 2.22
Epistemological Transformation Gradual 12 1.83 4.07 2.22
Epistemological Transformation Internal 12 1.83 4.07 2.22

qwen — Over-selected
Motive Constructive 9 3.59 8.41 2.34
Write like X Male 6 3.59 5.61 1.56
Write like X Speculative 6 3.59 5.61 1.56
Embodied Difference Disability-Marked 3 3.59 2.80 0.78
Reorientation Connected (E4) 3 3.59 2.80 0.78

qwen — Under-selected
Temporal Structure Future 6 4.62 5.13 1.11
Reorientation Connected (E8) 3 4.62 2.56 0.56
Temporal setting Age of Origins 3 4.62 2.56 0.56
Tone & Mood Authorial (Chimamanda Adichie) 3 4.62 2.56 0.56
Write like X East Asian 5 3.85 4.27 1.11

Top-5 Over- or Under-selected axes by model (gpt5, o4mini, qwen). Support = pooled count of sig- 936

nificant constraints mapped to the axis (summed across instruction types). Enrich = Share / Global, 937

where Share = axis share within direction and Global = pooled baseline share within the same direction 938

(computed over significant constraints, pooled across instruction types and models). Values rounded. 939
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