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Abstract001

Personalizing story generation to individual002
users remains a core challenge in natural lan-003
guage generation. Existing approaches typ-004
ically require explicit user feedback or fine-005
tuning, which pose practical concerns in terms006
of usability, scalability, and privacy. In this007
work, we introduce PREFINE (Persona-and-008
Rubric Guided Critique-and-Refine), a novel009
Critique-and-Refine framework that enables010
personalized story generation without user feed-011
back or parameter updates. PREFINE con-012
structs a pseudo-user agent from a user’s in-013
teraction history and generates user-specific014
rubrics (evaluation criteria). These compo-015
nents are used to critique and iteratively refine016
story drafts toward the user’s preferences. We017
evaluate PREFINE on two benchmark datasets,018
PerDOC and PerMPST, and compare it with019
existing approaches. Both automatic and hu-020
man evaluations show that PREFINE achieves021
significantly better personalization while pre-022
serving general story quality. Notably, PRE-023
FINE outperforms existing in-context person-024
alization and critique-based generation meth-025
ods, and can even enhance already personal-026
ized outputs through post-hoc refinement. Our027
analysis reveals that user-specific rubrics are028
critical in driving personalization. The results029
demonstrate the effectiveness and practicality030
of inference-only, rubric-guided personaliza-031
tion, with potential applications beyond story-032
telling, including dialogue, recommendation,033
and education.034

1 Introduction035

Recent advances in Large Language Models036

(LLMs) have significantly improved performance037

on creative text generation tasks, such as story-038

telling and plot synthesis (Zhu et al., 2023a; Yang039

et al., 2022). However, most LLMs are primarily040

optimized for general-purpose output quality, and041

challenges remain in generating personalized sto-042

ries that reflect individual user preferences (Wang043

Figure 1: Overview of PREFINE. PREFINE extends
the Critique-and-Refine framework by introducing a
pseudo-user agent and a user-specific rubric. This en-
ables the generation of personalized stories for the tar-
get user without relying on user feedback or additional
model fine-tuning.

et al., 2024). User preferences, including favored 044

character types and narrative tones, are highly di- 045

verse and idiosyncratic, requiring story generation 046

systems to dynamically adapt to each user. 047

Traditional personalization methods rely on ex- 048

plicit user feedback or fine-tuning (Tan et al., 2024), 049

but they incur user effort, high training cost, scarce 050

data, and privacy risks. 051

Recently, Critique-and-Refine (C&R) frame- 052

works, including Self-Refine (Madaan et al., 2023a) 053

and CRITIC (Gou et al., 2024), have garnered atten- 054

tion for improving output quality without relying 055

on human feedback or model retraining. In these 056

approaches, LLMs critique and refine their outputs 057

based on predefined evaluation criteria (rubrics), 058

thereby enhancing quality. Although existing C&R 059

frameworks have proven effective for general qual- 060

ity improvement, they lack mechanisms to incor- 061

porate user preferences into the generation process 062

and thus fall short of enabling personalized genera- 063

tion (Pan et al., 2024). 064

We propose PREFINE (Persona-and-Rubric 065

Guided Critique-and-Refine), a novel C&R-based 066
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framework extended for personalization. PREFINE067

enables personalized generation without parameter068

updates or continuous user feedback. PREFINE069

consists of two key components:070

First, we introduce a pseudo-user agent. Prior re-071

search has shown that LLMs can effectively mimic072

user preferences and styles (Chen et al., 2024; Jiang073

et al., 2024; Park et al., 2024). Building on this,074

PREFINE constructs a pseudo-user agent that acts075

on behalf of the user, enabling the C&R process to076

adapt to individual preferences without requiring077

model retraining or iterative user feedback.078

Second, we introduce user-specific rubric gen-079

eration: unlike fixed, designer-defined rubrics in080

conventional C&R, PREFINE derives rubrics from081

each user’s interaction history to enable more accu-082

rate critique and refinement.083

We evaluate PREFINE on two story generation084

datasets, PerDOC (Zhu et al., 2023b) and PerMPST085

(Kar et al., 2018), which include user interaction086

histories. We compare against representative non-087

personalized, prompt-based personalization, and a088

C&R for general story-quality improvement, and089

conduct ablations on the pseudo-user and rubric090

mechanisms. Both automatic and human evalua-091

tions were conducted. For automatic evaluation, we092

adopt an LLM-as-a-judge framework, with judging093

quality verified in preliminary experiments.094

PREFINE outperforms all baselines and variants095

in most cases, achieving significantly higher win096

rates in PerDOC and scores in PerMPST. The ab-097

lation analysis confirms the benefit of both the ad-098

vanced persona modeling and personalized rubrics.099

Our contributions: (i) we propose PREFINE,100

which extends Critique-and-Refine to personalized101

story generation by constructing a pseudo-user102

agent from user history and leveraging user-specific103

rubrics; (ii) PREFINE delivers improved personal-104

ization with story quality on par with specialized105

enhancement methods.106

2 Related Work107

2.1 Personalized Text Generation108

Recent advances in LLMs have shifted the focus109

from generating high-quality, generic outputs to110

producing texts that align more closely with in-111

dividual user preferences (Xu et al., 2025; Mok112

et al., 2025; Takayanagi et al., 2025). Traditional113

approaches to personalization, such as model fine-114

tuning (Tan et al., 2024) or reinforcement learning115

(Balepur et al., 2025), can be effective, but they116

come with substantial costs. These include the 117

burden of collecting user-specific preference data, 118

the computational overhead of retraining models, 119

and increased risks related to user privacy during 120

deployment. To overcome these challenges, re- 121

cent work has explored in-context learning as a 122

lightweight and privacy-preserving alternative for 123

effective personalization. By conditioning model 124

behavior directly through prompts that embed user 125

preference information, in-context personalization 126

eliminates the need for model updates while adapt- 127

ing to individual users (Deshpande et al., 2023). 128

2.2 Story Generation 129

One domain where personalization is particularly 130

valuable is story generation (Peng et al., 2018). In 131

this task, user preferences such as character traits, 132

genre, and narrative development play a central 133

role. However, most prior research has focused 134

on improving general narrative quality rather than 135

adapting to individual tastes (Wang et al., 2024). 136

For instance, existing methods often rely on struc- 137

tured plot schemas (Zhu et al., 2023a) or rewriting 138

modules to enhance coherence and resolve contra- 139

dictions (Yang et al., 2022). Yunusov et al. (2024) 140

demonstrate that prompting LLMs with readers’ 141

identity attributes (e.g., name and age) enables per- 142

sonalized story generation and leads to increased 143

reader engagement. 144

More recently, Critique-and-Refine frameworks 145

have gained attention as a lightweight approach 146

for improving story generation without relying on 147

fine-tuning (Bae and Kim, 2024; Madaan et al., 148

2023a; Gou et al., 2024; Pan et al., 2024; Lin et al., 149

2024). In a typical C&R workflow, a language 150

model provides feedback on an initial output and 151

iteratively refines it based on that feedback. Despite 152

their success in general text improvement, existing 153

C&R methods largely overlook the challenge of 154

personalization (Pan et al., 2024). 155

2.3 LLM-based User Modeling 156

Recent work has shown that LLMs are capable of 157

simulating user preferences and linguistic styles 158

through prompting (Chen et al., 2024). For ex- 159

ample, LLMs can partially reproduce Big Five 160

personality traits when appropriately prompted 161

(Jiang et al., 2024), and reflect opinion distribu- 162

tions of specific demographic groups when given 163

relevant demographic cues (Santurkar et al., 2023). 164

Park et al. (Park et al., 2024) further demonstrated 165

that LLMs equipped with expert personas (e.g., 166
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psychologists, sociologists) can serve as effective167

agents for interpreting human behavior and gener-168

ating high-level insights. In the context of per-169

sonalized story generation, PerSE (Wang et al.,170

2024) introduces a benchmark and a preference-171

aware LLM evaluator that measures alignment with172

user preferences, showing that LLMs prompted173

with user personas can reliably serve as automatic174

judges. Building on these findings, this paper inves-175

tigates whether pseudo-user agents, constructed us-176

ing LLMs’ user-simulation capabilities, can serve177

as critique agents in the C&R framework to im-178

prove personalized story generation.179

3 Method180

Problem Formulation Formally, personalized181

story generation for a user u is defined as the task182

of generating a story s from a given premise c (such183

as “Architect Mark Jacobs returns to Metro City to184

dedicate the Onyx Skyscraper, which he designed”)185

such that s aligns as closely as possible with the186

user’s preference Pu. Since Pu is not directly ob-187

servable, we predict an estimate P̂u from the user’s188

historical interaction data Hu. The format of Hu189

varies depending on the dataset, consisting of ei-190

ther story-level ratings and comments or pairwise191

preference annotations between story variants (see192

Section 4.1 for details). In all cases, we use P̂u to193

guide the generation process.194

3.1 PREFINE195

We propose PREFINE (Persona-and-Rubric196

guided Critique-and-Refine), a framework for per-197

sonalized story generation without parameter up-198

dates or explicit user feedback. As illustrated in199

Figure 1, PREFINE consists of three core compo-200

nents: (1) a pseudo-user critique agent that imitates201

user preferences, (2) user-specific rubric genera-202

tion tailored to individual users, and (3) a Critique-203

and-Refine loop that improves story outputs ac-204

cordingly. Details of the prompt configurations205

are provided in Appendix A. Each component of206

PREFINE is described in the following.207

3.2 Initial Story Generation208

Given a premise c, we generate an initial story s(0)209

using a large language model M. The generation is210

based on an initial prompt (promptinit) as follows:211

s(0) = M(promptinit, c) (1)212

In our framework, PREFINE begins with this213

initial output s(0) and iteratively improves its align- 214

ment with the target user’s preferences. The ini- 215

tial story is generated without conditioning on 216

user preferences, in order to establish a user- 217

independent baseline and to enable quantitative 218

evaluation of the personalization effects introduced 219

by PREFINE. 220

221

3.3 Pseudo-User Agent 222

The pseudo-user agent 1 Mu is designed to sim- 223

ulate user u based on their predicted preference 224

P̂u. To construct a faithful pseudo-user agent, we 225

prompt an expert agent Mexpert to estimate P̂u from 226

the user’s interaction history Hu, inspired by prior 227

work simulating domain experts via prompt-based 228

LLMs (Park et al., 2024) (see Appendix A.3 for de- 229

tails). The result is expressed as a natural language 230

Explicit Persona (EP), which serves as a surrogate 231

representation of Pu in downstream components. 232

Acting as a stand-in for the actual user, Mu 233

is responsible for generating user-specific rubrics 234

and providing critiques and feedback in accordance 235

with the predicted preferences. 236

3.4 User-Specific Rubric Generation 237

In this step, the pseudo-user agent Mu transforms 238

the user’s preference into a structured rubric that 239

serves as a consistent evaluation standard through- 240

out the refinement cycle. Unlike generic rubrics 241

that focus on surface-level quality metrics such as 242

grammar or coherence, the rubrics generated here 243

are tailored to the preferences of individual users. 244

Formally, the user-specific rubric Ru is gener- 245

ated as follows: 246

Ru = Mu(promptrubric) (2) 247

Here, Mu denotes the base LLM conditioned on 248

EP via prompt design. The promptrubric specifies 249

an instruction to generate 3–5 evaluation criteria 250

reflecting the user’s preference. 251

The resulting rubric guides both evaluation and 252

refinement within the Critique-and-Refine cycle. It 253

provides consistent, user-aligned feedback at each 254

step, and ensures that improvements remain fo- 255

cused on the target user’s preferences and enabling 256

stable and effective personalization. 257

1For notational convenience, we denote by Mu the model
used to simulate user preferences. In practice, Mu is not a
separately trained model, but the base LLM conditioned by a
prompt that incorporates the persona description.
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3.5 Critique-and-Refine Cycle258

PREFINE employs an iterative Critique-and-Refine259

cycle to progressively adapt a story to user-specific260

preferences. In this cycle, a pseudo-user agent261

provides feedback on the current story, followed by262

a refinement step that updates the story accordingly.263

Critique and Feedback Generation At iteration264

step t, the pseudo-user agent Mu generates feed-265

back F (t) for the current story s(t) based on the266

user-specific rubric Ru:267

F (t) = Mu(promptfeedback, Ru, s
(t)) (3)268

where promptfeedback instructs the model to provide269

scores, justifications, and concrete revision sugges-270

tions aligned with the criteria in Ru. This enables271

the generation of structured feedback tailored to272

the user’s preferences.273

Story Refinement Given the feedback F (t), the274

story refinement agent Mrefine generates the re-275

vised story s(t+1):276

s(t+1) = Mrefine(promptrefine, s
(t), F (t)) (4)277

where promptrefine guides the model to revise the278

story based on the provided feedback. The refine-279

ment agent is expected to incorporate the sugges-280

tions while preserving the narrative coherence and281

stylistic consistency of the story.282

Iteration and Convergence The Critique-and-283

Refine cycle is repeated up to T times (with T ≤ 7284

in our experiments), and the final output s(T ) is285

considered the personalized result.286

4 Experimental Settings287

4.1 Datasets288

We conduct experiments on two story genera-289

tion datasets with user interaction histories: Per-290

DOC (Zhu et al., 2023b) and PerMPST (Kar et al.,291

2018). Our generation and evaluation settings292

largely follow the prior work (Wang et al., 2024).293

PerDOC PerDOC is a story generation dataset294

in the OpenPlot format that contains pairwise user295

preference data annotated with explicit evaluation296

criteria (e.g., Interestingness, Surprise, Adaptabil-297

ity, Character Quality, Ending Satisfaction) (Zhu298

et al., 2023b). Each user u is associated with a pref-299

erence history Hu = (PlotAi,PlotBi, choicei)Nu
i=1,300

where each choice reflects the user’s preference301

between two story variants with respect to a given302

criterion. Due to the same context length limita- 303

tions as in prior work, we set Nu = 1. 304

In our experiments, we personalize story genera- 305

tion along the specified criterion (e.g., interesting- 306

ness) to generate stories that are rated more highly 307

along that dimension. 308

PerMPST PerMPST is a dataset constructed 309

from IMDb2 movie reviews. For each user u, we 310

construct an interaction history Hu consisting of 311

K interactions: 312

Hu = {ci}Ki=1, ci = (synopsisi, reviewi, scorei),
(5) 313

where each ci contains a movie synopsis, the user’s 314

review, and a 1–10 rating (10 = highest preference). 315

In our experiments, we set K = 4, i.e., each 316

user interaction history includes four interactions, 317

following the observation in the prior work (Wang 318

et al., 2024) that this setting yields stable personal- 319

ization performance. 320

The main differences between PerDOC and 321

PerMPST lie in plot length and evaluation format. 322

PerMPST contains relatively short plots accompa- 323

nied by scalar ratings, whereas PerDOC includes 324

longer plots with pairwise preference annotations 325

(see the Appendix D for details). Note also that in 326

both datasets, the premise used for story generation 327

is not part of the user’s interaction history Hu but 328

is independently extracted. In total, we collected 329

955 premise–Hu pairs for PerDOC and 900 pairs 330

for PerMPST. 331

4.2 Evaluation Method 332

To assess how well the generated stories align with 333

user preferences, we adopt a multifaceted evalua- 334

tion approach combining automatic evaluation us- 335

ing LLMs and human evaluation. 336

Automatic Evaluation Prior work on this dataset 337

has reported that LLM-based story preference judg- 338

ments show a moderate correlation with human 339

preference annotations (Wang et al., 2024). Prelim- 340

inary validation (Appendix B.1) showed reasonable 341

agreement between human labels and LLM-based 342

evaluations, leading us to select the most aligned 343

evaluators: PerSE–LLaMA3–8B (Wang et al., 2024) 344

for PerDOC and GPT-4o3 for PerMPST. 345

Since PerSE–LLaMA3–8B belongs to the same 346

model family as the story generation model used 347

in this study, we examined this configuration to 348

2https://www.imdb.com/
3gpt-4o-2024-08-06
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address possible concerns of family-specific bias349

(Panickssery et al., 2024) by comparing it with350

PerSE–Gemma3. The results indicated that such351

family bias had only a limited effect on the evalua-352

tion outcomes (see Appendix B.1). For PerDOC, to353

control for position bias, we judge each pair twice354

with reversed order, retaining only consistently se-355

lected plots as valid votes when computing win356

rates (Gu et al., 2025). For PerMPST, the evaluator357

assigns an integer score between 1 and 10 to each358

generated story.359

Human Evaluation To further verify the align-360

ment of generated stories with user preferences, we361

also conducted a human evaluation. The annotators362

consisted of 14 graduate students (master’s or PhD)363

recruited specifically for this study.364

Each annotator first submitted their preference365

score for stories in 10-point Likert scale and gave a366

brief comment explaining the reason. Then, given367

the same premise, they were shown stories gener-368

ated by different methods and asked to rate how369

well each story matched their preferences on a 10-370

point Likert scale. To break ties, they also ranked371

the stories in each set from most to least preferred.372

Additionally, annotators rated the suitability of the373

generated user-specific rubrics using a 5-point Lik-374

ert scale. The evaluation was conducted end to end375

via a dedicated web interface.376

Each annotator evaluated four sets; each set377

contained three stories generated from the same378

premise by three different methods (four distinct379

premises in total). Further details on the human380

evaluation design and interface are provided in Ap-381

pendix B.2.382

Evaluation Details To evaluate the effectiveness383

of our proposed method, PREFINE, we compare384

it against three representative baselines and three385

variants that isolate specific components of the full386

system. We compare PREFINE against the follow-387

ing representative baselines.388

Zero-Persona (ZP) This method generates stories389

based solely on the given premise, without any390

user-specific information. It aims to produce391

generally high-quality outputs regardless of392

individual preferences.393

Prompt–Persona (PP) (Kumar et al., 2025) The394

user history Hu is directly appended to the395

prompt in order to implicitly guide the LLM396

toward the user’s preferences. No explicit397

persona representation or structuring is used.398

A
B ZP PP SR IPIR EPIR IPER EPER

ZP – 0.20 0.04 0.05 0.03 0.01 0.02
PP 0.80 – 0.59 0.59 0.45 0.34 0.33
SR 0.96 0.41 – 0.52 0.31 0.18 0.17

IPIR 0.95 0.41 0.48 – 0.33 0.14 0.19
EPIR 0.97 0.55 0.69 0.67 – 0.35 0.31
IPER 0.99 0.66 0.82 0.86 0.65 – 0.49

EPER 0.98 0.67 0.83 0.81 0.69 0.51 –

Table 1: Win rate of A side model vs. B side model,
averaged over five perspectives. Red/blue indicates the
row/column method is preferred. See Appendix E.2 for
per-perspective results. SR: Self-Refine (Madaan et al.,
2023a).

Self–Refine (SR) (Madaan et al., 2023b) A rep- 399

resentative Critique-and-Refine method using 400

a static rubric. We use the same number of 401

refinement steps as in our method, and adopt 402

a fixed rubric based on narrative quality cri- 403

teria proposed in (Chhun et al., 2022), which 404

include Relevance, Coherence, Empathy, Sur- 405

prise, Engagement, and Complexity. 406

We define three variants of the full PREFINE 407

configuration (denoted as EPER), to investigate the 408

contributions of two key components: (i) the use 409

of an Explicit Persona (EP), and (ii) the generation 410

and use of a user-specific Explicit Rubric (ER). 411

IPIR Implicit Persona, Implicit Rubric. The ex- 412

plicit persona is removed. Instead, the user 413

history Hu is directly fed into the pseudo-user 414

agent. No user-specific rubric is generated or 415

applied. 416

IPER Implicit Persona, Explicit Rubric. The user 417

history Hu is provided instead of an explicit 418

persona, but a user-specific rubric is still gen- 419

erated and applied. 420

EPIR Explicit Persona, Implicit Rubric. An ex- 421

plicit persona (EP) is used to simulate the user, 422

but no user-specific rubric is generated or ap- 423

plied. 424

For model configuration, we use LLaMA-3-70B4 425

as the backbone model for all agent roles (gener- 426

ation, expert, pseudo-user, and refinement), with 427

role-specific prompt designs. To examine generaliz- 428

ability, we additionally conduct experiments using 429

4meta-llama/Llama-3.3-70B-Instruct
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Method Score ∆ 95% CI P (∆ > 0)

ZP 7.25 ± 1.41 0.26 [0.11, 0.41] 1.00
PP 7.23 ± 1.47 0.27 [0.12, 0.43] 1.00
SR 7.34 ± 1.37 0.18 [0.03, 0.34] 0.98

IPIR 7.53 ± 1.31 -0.04 [-0.19, 0.12] 0.30
EPIR 7.49 ± 1.34 0.0 [-0.16, 0.15] 0.49
IPER 7.36 ± 1.37 0.11 [-0.04, 0.23] 0.92

EPER 7.49 ± 1.35 – – –

Table 2: Automatic evaluation results on the PerMPST
dataset. “Score” denotes the mean ± standard deviation
of 10-point Likert ratings assigned by the LLM eval-
uator. The table also reports results from a Bayesian
ordinal regression model that treats Likert ratings as
ordinal data. We report the posterior mean, 95% credi-
ble interval, and posterior probability of the latent score
difference ∆ = αEPER − αmethod

Mistral-7B5 as an alternative backbone. Imple-430

mentation details are provided in Appendix F.431

5 Results432

5.1 Personalization Results on PerDOC433

Table 1 presents the pairwise comparison results on434

the PerDOC dataset. For PerDOC, although com-435

parisons with inconsistent judgments are discarded436

to mitigate position bias, the reported win rates are437

still based on several hundred consistent votes per438

comparison on average.6439

Our full configuration, EPER, outperforms all440

baseline models in win rates. Among the baselines,441

PP is a strong in-context personalization method442

that directly incorporates past user preference his-443

tory Hu into the prompt.444

The ZP baseline, which does not use any user445

preference information, achieves only a 20% win446

rate against PP. However, when using the same ZP447

outputs as initial plot for EPER refinement, the win448

rate increases to 67%, representing a 47-point im-449

provement. This demonstrates that even unperson-450

alized story drafts can be effectively personalized451

through our PREFINE architecture, highlighting its452

strength as a post-hoc personalization framework.453

We also compare against Self-Refine454

(SR) (Madaan et al., 2023a), which uses a455

static rubric designed to improve general story456

quality. EPER achieves an 83% win rate over457

SR, indicating that personalization-oriented458

5mistralai/Mistral-7B-Instruct-v0.3
6Across all 955 PerDOC pairs, an average of 499±101

comparisons were discarded due to disagreement, leaving
approximately 455 consistent judgments per comparison (at
least about 300 and up to about 670 valid votes).

Method Score ∆ 95% CI P (∆ > 0)

PP 5.39 ± 1.98 2.54 [1.83, 3.22] 1.00
SR 6.70 ± 1.65 1.21 [0.55, 1.87] 1.00

EPER 7.82 ± 1.40 – – –

Table 3: Human evaluation results on the PerMPST
dataset. “Score” indicates the mean ± standard deviation
of 10-point Likert scores collected from 14 annotators
across 4 story sets each (n = 56). The table also reports
latent score differences ∆ estimated using a Bayesian
ordinal regression model, along with 95% credible in-
tervals and posterior probabilities relative to EPER.

refinement leads to significantly better alignment 459

with individual user preferences. 460

Finally, comparisons with model variants 461

(IPIR, EPIR, IPER) highlight the importance 462

of both expert-guided persona descriptions and 463

user-specific rubric generation, with user-specific 464

rubrics contributing the largest gains. 465

5.2 Personalization Results on PerMPST 466

Table 2 compares the proposed method with base- 467

lines and model variants. To account for the ordinal 468

nature of the 10-point Likert ratings, we analyze the 469

results using a Bayesian model that estimates the 470

posterior distribution of the latent score differences 471

between methods, denoted as ∆. 472

The results show that PREFINE (EPER) con- 473

sistently achieves positive latent score differences 474

(∆ > 0) over all baseline methods, confirming 475

improved personalization performance. 476

Although the analysis demonstrates the effective- 477

ness of PREFINE, the absolute magnitude of the 478

observed score differences appears modest. This 479

can be attributed to two factors: (i) the stories in 480

this dataset are relatively short (Appendix D), leav- 481

ing limited room for refinement; and (ii) LLM- 482

based score evaluation tends to assign similar rat- 483

ings across different systems, which can obscure 484

performance differences (Sahoo et al., 2025). 485

486

5.3 Generalization to Another LLM 487

To examine whether PREFINE depends on the 488

backbone model, we conducted additional experi- 489

ments using Mistral-7B. Using the same prompts 490

and evaluation protocols as in the main exper- 491

iments, PREFINE consistently outperforms the 492

baselines on both PerDOC and PerMPST under 493

automatic evaluation. The observed improvements 494

are comparable to, and in some cases slightly 495
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Figure 2: Relationship between users’ rubric suitabil-
ity ratings and their preference scores for PREFINE-
generated stories.

stronger than, those obtained with LLaMA-3-70B,496

indicating that PREFINE generalizes beyond a spe-497

cific LLM architecture. Detailed results are re-498

ported in Appendix C.499

5.4 Generated Story Quality500

In this section, we examine whether the personal-501

ization achieved by PREFINE affects the overall502

quality of the stories for general readers.503

To manage evaluation cost, we created a sub-504

set of 200 story sets randomly sampled from505

each of the outputs generated on the PerDOC and506

PerMPST datasets. Each story was based on the507

same premise and was evaluated by GPT-4o using508

the six criteria defined in the (Chhun et al., 2022).509

Scores were assigned on a scale from 1 to 10.510

Notably, when averaged across all criteria, EPER511

achieves higher story quality than the Prompt-512

Persona (PP) baseline (∆ = 0.82, 95% CI [0.28,513

1.34]) and comparable quality to Self-Refine (SR)514

(∆ = −0.30, 95% CI [-0.93, 0.32]).515

These results show that EPER maintains overall516

story quality comparable to SR while achieving517

effective user-specific personalization. This sug-518

gests that the personalization gains are not merely519

a byproduct of improved general story quality,520

but that PREFINE improves stories along two dis-521

tinct axes: general quality and user preference. A522

breakdown by evaluation aspect is provided in Ap-523

pendix E.7.524

5.5 Human Evaluation and Analysis525

Human Preference Ratings We conducted a526

user study to evaluate PREFINE with actual users.527

The evaluation followed a similar design protocol528

(Section 4.2) as used in PerMPST.529

This design was primarily motivated by the fact530
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Figure 3: Win rate progression against Prompt-Persona
(PP) across refinement iterations.

that the generated stories in PerMPST are shorter 531

than those in PerDOC, which helps reduce cogni- 532

tive load and allows annotators to maintain consis- 533

tent evaluation quality. 534

Table 3 presents the results of the human evalua- 535

tion. The findings demonstrate that our approach 536

generates stories that better align with users’ ac- 537

tual preferences compared to both PP and SR. 538

PREFINE achieved the highest average preference 539

scores and the best average rank (lower is better; 540

Avg. Rank — PREFINE 1.35, SR 1.98, PP 2.67). 541

PREFINE consistently outperformed both PP and 542

SR, with posterior credible intervals for the latent 543

score difference ∆ lying entirely above zero, indi- 544

cating a strong preference for our method.7 Further- 545

more, PREFINE was effective across all premise 546

sets used in our experiments. Detailed results, as 547

well as supplementary analyses on inter-annotator 548

agreement, are reported in Appendix B.3, B.4. 549

These results are also consistent with the trends 550

observed in automatic evaluation, reinforcing the 551

effectiveness of our approach. Our findings high- 552

light the value of user-specific rubrics for personal- 553

ization. As future work, we plan to explore lighter 554

human-in-the-loop methods that let users choose 555

or adjust rubrics instead of engaging in the full 556

critique–refine loop. 557

User-Specific Rubric Quality PREFINE incor- 558

porates a key component that generates and utilizes 559

user-specific rubrics. In this section, we evaluate 560

the quality of these rubrics based on real user feed- 561

back collected using a 5-point Likert scale. We 562

also examine how perceived rubric quality relates 563

to the effectiveness of personalization. As shown 564

in Fig. 2, participants who perceived the rubrics as 565

7The model incorporates random effects for participants
and story premises to account for rater variability and premise-
level differences.
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A
B PP PEP EPER

PP – 0.27 0.04
PEP 0.73 – 0.04
EPER (Init: PEP) 0.96 0.96 –

Table 4: Pairwise win rates between PP, PEP, and EPER
(starting from PEP outputs) on the PerDOC dataset.
EPER achieves further personalization even when ini-
tialized with already personalized PEP stories. See Ap-
pendix E.4 for per-perspective results.

well aligned with their preferences tended to give566

higher preference scores8 to stories generated by567

PREFINE.568

6 Analysis569

6.1 Feedback Loop for Personalization570

Figure 3 illustrates the change in win rates against571

PP across refinement iterations, comparing SR572

with PREFINE variants. Methods without user-573

specific rubrics, such as SR and IPIR, show limited574

improvement, whereas those with rubrics (EPER,575

IPER) exhibit consistent gains through iterations.576

These results indicate that user-specific rubrics play577

a key role in achieving effective personalization578

within the Critique-and-Refine framework.579

6.2 Effect on Personalized Outputs580

This section examines whether PREFINE can fur-581

ther improve outputs that are already personalized.582

Based on the PerDOC results (Sec. 5.1), we in-583

troduce Prompt-Expert-Persona (PEP), which uses584

persona descriptions extracted by expert agents and585

outperforms Prompt-Persona (PP).586

On PerDOC, PEP achieves a 73% win rate over587

PP (Table 4), indicating stronger personalization.588

Next, we use the output generated by PEP as the ini-589

tial draft and apply PREFINE. The results confirm590

that PREFINE can further enhance personalization,591

even when starting from highly personalized drafts.592

We also conducted the same experiment on the593

PerMPST dataset, but no additional performance594

gains were observed. This outcome is consistent595

with the limitations discussed in Sec. 5.2, including596

short text lengths and evaluation bias. See Ap-597

pendix E.5 for details.598

8Note that this result may contain a slight evaluation bias,
as some participants who rated the rubric highly may have
consistently given higher scores to all methods. We briefly
discuss the potential impact of such bias in Appendix E.6.
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Figure 4: Correlation between token length and evalua-
tion scores for EPER outputs.

6.3 Length Bias in Automatic Evaluation 599

Prior work reports that large language models 600

(LLMs) tend to favor longer, more detailed outputs 601

(Gu et al., 2025; Zheng et al., 2023). We examine 602

whether our LLM-based evaluator exhibits such 603

length-dependent bias. 604

As shown in Fig. 4, there is no significant corre- 605

lation between token length and evaluation score 606

for EPER outputs on the PerMPST dataset (Pear- 607

son r = −0.014, p = 0.689). Likewise, on the 608

PerDOC dataset, the influence of token length on 609

win rate was also limited (See Appendix E.1). 610

7 Conclusion 611

In this study, we proposed a novel personalized 612

story generation method called PREFINE, which 613

enables the creation of user-tailored stories without 614

requiring explicit user feedback or additional train- 615

ing. PREFINE leverages a pseudo-user agent that 616

mimics user preferences to generate user-specific 617

rubrics. Based on the rubrics, the agent critiques 618

and refines the story in multiple steps, gradually 619

aligning with the user’s preferences. 620

Both automatic and human evaluations demon- 621

strated that PREFINE achieves more effective per- 622

sonalization compared to the baselines. Further- 623

more, it was confirmed that PREFINE not only 624

achieves successful personalization but also im- 625

proves the general story quality to a level compa- 626

rable to that of Self-Refine. The human evaluation 627

results also suggest that the ability to construct 628

rubrics that closely reflect user preferences plays 629

a key role in the success of personalization within 630

this framework. 631

The insights gained from PREFINE are not lim- 632

ited to story generation; we believe they can also 633

serve as a foundation for personalized generation 634

across other domains. 635
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Limitations636

In this study, we evaluated PREFINE using two637

backbone models, LLaMA-3-70B and Mistral-7B,638

with a shared backbone across all agent roles within639

each experiment. These results indicate that PRE-640

FINE is not tied to a single LLM architecture. Ex-641

ploring a broader design space, such as system-642

atically varying model sizes or mixing different643

models across components, is beyond the scope of644

this work and left for future investigation.645

While PREFINE enables training-free personal-646

ization, it incurs additional inference-time cost due647

to its iterative critique-and-refine process. For ex-648

ample, on the PerDOC dataset, a single refinement649

loop increases the prompt by approximately 3,000650

input tokens and produces about 1,000 additional651

output tokens per instance. In principle, inference652

cost and latency could be further reduced by early653

stopping the feedback loop based on the feedback654

agent’s scores. However, in this work we inten-655

tionally disabled early stopping in order to analyze656

how the number of feedback steps affects person-657

alization accuracy. This design choice allows us658

to study the relationship between refinement depth659

and performance in a controlled manner. Exploring660

adaptive stopping criteria is an important direction661

for future work.662

This inference-time overhead reflects a trade-663

off between computation at inference time and the664

elimination of training-time costs, data collection665

requirements, and potential privacy concerns as-666

sociated with fine-tuning. In many realistic de-667

ployment scenarios, these training-time constraints668

are more restrictive, making PREFINE a practical669

choice despite its iterative nature.670

Finally, the current implementation adopts a671

stateless design, reprocessing user histories and672

personas at each refinement step. In practical sys-673

tems, inference cost could be substantially reduced674

through stateful optimizations such as caching user675

personas and user-specific rubrics across interac-676

tions.677
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A Prompt Settings862

This section details the prompt templates used for863

each component in the PREFINE framework.864

A.1 Prompt for Initial Story Generation865

In the PerDOC setting, the initial story is gener-866

ated following the same generation flow as in DOC867

(Zhu et al., 2023b), which corresponds to the Zero-868

Persona (ZP) setting in this paper.869

The setting for PerMPST is shown in Table 5.870

Prompt Template for Initial Story Generation on PerMPST (promptInit)

You are a professional movie writer, skilled in crafting compelling and
logically coherent synopsis.
Generate the continuation of the following movie synopsis.
The synopsis should be between 10 and 13 sentences long and should not
use bullet points.
Maintain a formal style consistent with official movie descriptions while
ensuring logical coherence.
Preserve the given synopsis exactly as written. Begin your continuation
immediately after the end of the premise, maintaining consistency in tone
and content.
Do not modify, omit, or summarize the given synopsis.
Only output the completed synopsis without any additional commentary.
{premise}

Table 5: Prompt Template for Initial Story Generation
on PerMPST (promptInit)

A.2 Prompt Template for Feedback from a871

Pseudo-User Agent872

For PerDOC We present the feedback prompt873

templates (promptfeedback) used for story critique874

and refinement in the PerDOC setting. These in-875

clude the template for PREFINE’s full configura-876

tion, EPER (Table 6), as well as those used in its877

variant models (IPIR(Table 7), EPIR(Table 8), and878

IPER(Table 9)).879

For PerMPST We present the feedback prompt880

templates (promptfeedback) used for story critique881

and refinement in the PerMPST setting. These882

include the template for PREFINE’s full configura-883

tion, EPER (Table 10), as well as those used in its884

variant models (IPIR(Table 11), EPIR(Table 12),885

and IPER(Table 13)).886

A.3 Generating Explicit Personas (EP ) via887

Expert LLM Agents888

Here, we present the prompt used to extract a user’s889

explicit persona (EP ) using an expert agent con-890

Prompt Template Used by the Pseudo-User Agent in PREFINE (EPER):
promptfeedback

You are a simulated literary critic who is thoroughly familiar with a specific
user’s narrative preferences.

[User Persona]
The following is a natural language summary of this user’s storytelling
preferences, derived from their past story evaluations.

{persona_description}

Your task is to act from this user’s perspective and provide feedback on a
new story.
Your goal is to help improve the story so that it better satisfies the user’s
preferences under the aspect "{aspect}".

The following rubric has been generated to represent what this user considers
important when evaluating stories in terms of "{aspect}".
Use this rubric to evaluate how well the story satisfies each criterion, and to
suggest specific ways it can be improved.
Do not introduce new criteria or refer to the evaluation process.

[Rubric]
{rubric_list}

Each suggestion should aim to increase the score for that criterion.
Do not make any changes to the Premise. It is fixed and must remain
unchanged in all your feedback.
Do not summarize the plot.
In this scale, 5 represents a typical or average fulfillment of the criterion.
Scores of 9 or 10 should be reserved for truly exceptional cases.
Keep your overall response under 200 tokens.

[Feedback Format]
For each criterion:
Criterion: {{criterion_text}}
Score: X (1 = completely unsatisfactory, 10 = fully satisfies the criterion)
Explanation: ...
Suggestion: ...

[Story to Evaluate]
{story_plot}

Table 6: Prompt Template Used by the Pseudo-User
Agent in PREFINE (EPER) on the PerDOC Dataset:
promptfeedback

11



Prompt Template Used by the Pseudo-User Agent in PREFINE (IPIR):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past story evaluations.

You are now asked to act from this user’s perspective and provide feedback
on a new story, reflecting what they would likely value or find lacking.
Your goal is to help improve the story so that it better aligns with what the
user would likely prefer.

[Past Plot History]
Below are two previously evaluated story plots (A and B), along with the
user’s selection and the evaluation aspect used at the time:

{user_history}

[Selection Result]
Aspect: {aspect}
Choice: {choice}

The evaluation aspect is "aspect", and you are free to decide which elements
matter most to this user within that aspect.
Do not output a list of evaluation criteria or refer to the evaluation process.

Your response must include the following three parts, written in full sen-
tences.
Do not make any changes to the Premise. It is fixed and must remain
unchanged in all your feedback.
Do not summarize the plot, and do not explain the evaluation process.

Your feedback should be concise and focused, with no more than 8 sentences
total ( 200 tokens).

1. Positive Aspects
2. Areas for Improvement
3. Suggestions for Improvement

[Story to Evaluate]
{story_plot}

Table 7: Prompt Template Used by the Pseudo-User
Agent in PREFINE (IPIR) on the PerDOC Dataset:
promptfeedback

Prompt Template Used by the Pseudo-User Agent in PREFINE (EPIR):
promptfeedback

You are a simulated literary critic who is thoroughly familiar with a specific
user’s narrative preferences.

[User Persona]
The following is a natural language summary of this user’s storytelling
preferences, derived from their past story evaluations.

{persona_description}

You are now asked to act from this user’s perspective and provide feedback
on a new story, reflecting what they would likely value or find lacking.
Your goal is to help improve the story so that it better aligns with what the
user would likely prefer.

The evaluation aspect is "{aspect}", and you are free to decide which
elements matter most to this user within that aspect.
Do not output a list of evaluation criteria or refer to the evaluation process.

Your response must include the following three parts, written in full sen-
tences.
Do not make any changes to the Premise. It is fixed and must remain
unchanged in all your feedback.
Do not summarize the plot, and do not explain the evaluation process.

Your feedback should be concise and focused, with no more than 8 sentences
total ( 200 tokens).

1. Positive Aspects
2. Areas for Improvement
3. Suggestions for Improvement

[Story to Evaluate]
{story_plot}

Table 8: Prompt Template Used by the Pseudo-User
Agent in PREFINE (EPIR) on the PerDOC Dataset:
promptfeedback

structed like (Park et al., 2024), serving as a simu- 891

lated pseudo-user agent. The prompt used for the 892

PerDOC setting is shown in Table 14, while the 893

one for PerMPST is shown in Table 15. 894

A.4 Constructing User-Specific Rubrics from 895

Interaction History 896

We present the prompt templates used to construct 897

the User-Specific Rubric for Explicit Rubric (ER). 898

Different prompts are used depending on whether 899

the pseudo-user agent is based on the Explicit Per- 900

sona (EP) or the Implicit Persona (IP). For the Per- 901

DOC dataset, the prompt for the EP-based agent 902

is shown in Table 16, and the one for the IP-based 903

agent is shown in Table 17. Similarly, for the 904

PerMPST dataset, the EP-based prompt is pre- 905

sented in Table 18, and the IP-based prompt in 906

Table 19. 907

A.5 Prompt Template: Refinement Agent 908

Here, we present the refinement 909

prompt(promptrefine) used by the refinement 910

agent Mrefine for personalization. The prompt 911

template for the PerDOC dataset is shown in 912

Table20, and the one for the PerMPST dataset is 913
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Prompt Template Used by the Pseudo-User Agent in PREFINE (IPER):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past story evaluations.

You are now asked to act from this user’s perspective and provide feedback
on a new story.
Your goal is to help improve the story so that it better satisfies the user’s
preferences under the aspect "aspect".

[Past Plot History]
Below are two previously evaluated story plots (A and B), along with the
user’s selection and the evaluation aspect used at the time:

{user_history}

[Selection Result]
Aspect: {aspect}
Choice: {choice}

The following rubric has been generated to represent what this user considers
important when evaluating stories in terms of "aspect".
Use this rubric to evaluate how well the story satisfies each criterion, and to
suggest specific ways it can be improved.
Do not introduce new criteria or refer to the evaluation process.

[Rubric]
{rubric_list}

Each suggestion should aim to increase the score for that criterion.
Do not make any changes to the Premise. It is fixed and must remain
unchanged in all your feedback.
Do not summarize the plot.
In this scale, 5 represents a typical or average fulfillment of the criterion.
Scores of 9 or 10 should be reserved for truly exceptional cases.
Keep your overall response under 200 tokens.

[Feedback Format]
For each criterion:
Criterion: {{criterion_text}}
Score: X (1 = completely unsatisfactory, 10 = fully satisfies the criterion)
Explanation: ...
Suggestion: ...

[Story to Evaluate]
{story_plot}

Table 9: Prompt Template Used by the Pseudo-User
Agent in PREFINE (IPER) on the PerDOC Dataset:
promptfeedback

Prompt Template Used by the Pseudo-User Agent in PREFINE (EPER):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past movie synopsis evaluations.

[User Persona]
The following is a natural language summary of this user’s storytelling
preferences, derived from their prior evaluations of multiple movie synopses,
each with an associated review and score.

{persona_description}

You are now asked to act from this user’s perspective and provide feedback
on a new movie synopsis, reflecting what they would likely value or find
lacking.
Your goal is to help improve the synopsis so that it better aligns with what
the user would likely prefer.

The following rubric has been generated to represent what this user considers
important when evaluating movie synopses.
Use this rubric to evaluate how well the given synopsis satisfies each crite-
rion, and to suggest specific ways it can be improved.
Do not introduce new criteria or refer to the evaluation process.

[Rubric]
{rubric_list}

Each suggestion should aim to increase the score for that criterion.
Do not make any changes to the given premise. It is fixed and must remain
unchanged in all your feedback.
Premise: {premise}

Do not summarize the movie synopsis.
In this scale, 5 represents a typical or average fulfillment of the criterion.
Scores of 9 or 10 should be reserved for truly exceptional cases.
Keep your overall response under 200 tokens.

[Feedback Format]
For each criterion:
Criterion: {{criterion_text}}
Score: X (1 = completely unsatisfactory, 10 = fully satisfies the criterion)
Explanation: ...
Suggestion: ...

[Movie Synopsis to Evaluate]
{movie_synopsis}

Table 10: Prompt Template Used by the Pseudo-User
Agent in PREFINE (EPER) on the PerMPST Dataset:
promptfeedback
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Prompt Template Used by the Pseudo-User Agent in PREFINE (IPIR):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past movie synopsis evaluations.

You are now asked to act from this user’s perspective and provide feedback
on a new movie synopsis, reflecting what they would likely value or find
lacking.
Your goal is to help improve the synopsis so that it better aligns with what
the user would likely prefer.

[Past Synopsis History]
Below is a list of movie synopses you have previously reviewed, each with
your review comments and a score from 1 (lowest) to 10 (highest).

{user_history}

Use this information to infer what this user values in storytelling.
You may decide which elements to focus on based on your interpretation of
their past evaluations.
Do not output a list of evaluation criteria or refer to the evaluation process.

Your response must include the following three parts, written in full sen-
tences.
Do not make any changes to the given premise. It is fixed and must remain
unchanged in all your feedback.
premise: {premise}

Do not summarize the synopsis, and do not explain the evaluation process.

Your feedback should be concise and focused, with no more than 8 sentences
total ( 200 tokens).

1. Positive Aspects
2. Areas for Improvement
3. Suggestions for Improvement

[Movie Synopsis to Evaluate]
{movie_synopsis}

Table 11: Prompt Template Used by the Pseudo-User
Agent in PREFINE (IPIR) on the PerMPST Dataset:
promptfeedback

Prompt Template Used by the Pseudo-User Agent in PREFINE (EPIR):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past movie synopsis evaluations.

[User Persona]
The following is a natural language summary of this user’s storytelling
preferences, derived from their prior evaluations of multiple movie synopses,
each with an associated review and score.

{persona_description}

You are now asked to act from this user’s perspective and provide feedback
on a new movie synopsis, reflecting what they would likely value or find
lacking.
Your goal is to help improve the synopsis so that it better aligns with what
the user would likely prefer.

Do not output a list of evaluation criteria or refer to the evaluation process.

Your response must include the following three parts, written in full sen-
tences.
Do not make any changes to the given premise. It is fixed and must remain
unchanged in all your feedback.
Premise: {premise}

Do not summarize the synopsis, and do not explain the evaluation process.

Your feedback should be concise and focused, with no more than 8 sentences
total ( 200 tokens).

1. Positive Aspects
2. Areas for Improvement
3. Suggestions for Improvement

[Movie Synopsis to Evaluate]
{movie_synopsis}

Table 12: Prompt Template Used by the Pseudo-User
Agent in PREFINE (EPIR) on the PerMPST Dataset:
promptfeedback
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Prompt Template Used by the Pseudo-User Agent in PREFINE (IPER):
promptfeedback

You are a simulated literary critic who has internalized a specific user’s
narrative preferences based on their past movie synopsis evaluations.

You are now asked to act from this user’s perspective and provide feedback
on a new movie synopsis, reflecting what they would likely value or find
lacking.
Your goal is to help improve the synopsis so that it better aligns with what
the user would likely prefer.

[Past Synopsis History]
Below is a list of movie synopses you have previously reviewed, each with
your review comments and a score from 1 (lowest) to 10 (highest).

{user_history}

The following rubric has been generated to represent what this user considers
important when evaluating movie synopses.
Use this rubric to evaluate how well the given synopsis satisfies each crite-
rion, and to suggest specific ways it can be improved.
Do not introduce new criteria or refer to the evaluation process.

[Rubric]
{rubric_list}

Each suggestion should aim to increase the score for that criterion.
Do not make any changes to the Premise. It is fixed and must remain
unchanged in all your feedback.
premise: {premise}

Do not summarize the movie synopsis.
In this scale, 5 represents a typical or average fulfillment of the criterion.
Scores of 9 or 10 should be reserved for truly exceptional cases.
Keep your overall response under 200 tokens.

[Feedback Format]
For each criterion:
Criterion: {{criterion_text}}
Score: X (1 = completely unsatisfactory, 10 = fully satisfies the criterion)
Explanation: ...
Suggestion: ...

[Movie Synopsis to Evaluate]
{movie_synopsis}

Table 13: Prompt Template Used by the Pseudo-User
Agent in PREFINE (IPER) on the PerMPST Dataset:
promptfeedback

Prompt template for deriving explicit user personas (EP ) using an
expert LLM agent on the PerDOC dataset.

Imagine you are an expert psychologist (with a PhD) taking notes while
analyzing an individual’s story preferences. You have been given two story
plots, a question based on a specific evaluation criterion (Aspect) regarding
them, and an individual’s binary choice as a response to the question. Write
observationsreflections about the individual’s personality traits, cognitive
style, emotional tendencies, and psychological motivations based on their
preference. (You should make more than 5 observations and fewer than 10.
Choose the number that makes sense given the depth of the story plots and
the individual’s choice.)

{user_preference}
[Aspect]
{aspect}
[Preference]
{user_preference_answer}

Follow the instructions and write only observations and reflections. Do not
include anything else. Do not use ’plot A,’ ’plot B,’ or the word ’plot’.

Table 14: Prompt template for deriving explicit user per-
sonas (EP ) using an expert LLM agent on the PerDOC
dataset.

Prompt template for deriving explicit user personas (EP ) using an
expert LLM agent on the PerMPST dataset.

Imagine you are an expert psychologist (with a PhD) taking notes while an-
alyzing an individual’s story preferences. You have been given information
about a reviewer’s preferences, including multiple movie plots, as well as
their review and score for each movie plot, ranging from 1 (lowest) to 10
(highest). Write observationsreflections about the individual’s personality
traits, cognitive style, emotional tendencies, and psychological motivations
based on their preferences. (You should make more than 5 observations and
fewer than 10. Choose a number that makes sense given the depth of the
story plots and the individual’s choices.)

{user_preference}

Follow the instructions and write only observations and reflections. Do not
include anything else. Do not use ’plot 0,’ ’plot 1,’ ’plot 2,’ ’plot 3,’ or the
word ’plot’.

Table 15: Prompt template for deriving explicit user per-
sonas (EP ) using an expert LLM agent on the PerMPST
dataset.

Prompt template for generating user-specific rubrics from interaction
history in the PerDOC (EP version).

You are a simulated literary critic aligned with a specific user’s narrative
preferences, derived from their past story evaluations.

[User Persona]
{user_history}

Based on this persona, construct a personalized rubric for how the user
likely interprets the narrative aspect "{aspect}".

List 3 to 5 specific criteria that this user would likely consider important
when evaluating this aspect.
Each criterion should be phrased as a short, standalone natural language
statement.
These criteria will later guide your feedback on the story.
Do not explain or elaborate—only list the criteria clearly.

[Your Rubric]

Table 16: Prompt template for generating user-specific
rubrics from interaction history in the PerDOC (Explicit
Persona (EP) version).

Prompt template for generating user-specific rubrics from interaction
history in the PerDOC (IP version).

You are a simulated literary critic who has internalized a specific user’s
narrative preferences through prior story evaluations.

[Past Plot History]
Two previously evaluated story plots (A and B) are shown, along with the
user’s chosen story and the evaluation aspect at the time:

{user_history}

[Selection Result]
Aspect: {aspect}
Choice: {choice}

Based on this information, construct a personalized rubric for how the user
likely interprets the narrative aspect "{aspect}".

List 3 to 5 specific criteria that this user would likely consider important
when evaluating this aspect.
Each criterion should be phrased as a short, standalone natural language
statement.
These criteria will later guide your feedback on the story.
Do not explain or elaborate—only list the criteria clearly.

[Your Rubric]

Table 17: Prompt template for generating user-specific
rubrics from interaction history in the PerDOC (Implicit
Persona (IP) version).
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Prompt template for generating user-specific rubrics from interaction
history in the PerMPST (EP version).

You are a simulated literary critic aligned with a specific user’s narrative
preferences, derived from their past movie synopsis evaluations.

[User Persona]
{user_history}

Based on this Persona, construct a personalized rubric that reflects the
characteristics of synopses this user tends to prefer.

List 3 to 5 specific criteria that this user would likely consider important
when evaluating synopses.
Each criterion should be phrased as a short, standalone natural language
statement.
These criteria will later guide your feedback on the story.
Do not explain or elaborate—only list the criteria clearly.

[Your Rubric]

Table 18: Prompt template for generating user-specific
rubrics from interaction history in the PerMPST (Ex-
plicit Persona (EP) version).

Prompt template for generating user-specific rubrics from interaction
history in the PerMPST (IP version).

You are a simulated literary critic who has internalized a specific user’s
narrative preferences through prior movie synopsis evaluations.

[Past Plot History]
You are given a reviewer’s preferences based on several previously rated
movie plots.
Each preference includes a plot synopsis, a short review, and a numeric
score from 1 (lowest) to 10 (highest), indicating how much the reviewer
liked the movie synopsis.

{user_history}

Based on this information, construct a personalized rubric that reflects the
characteristics of synopses this user tends to prefer.

List 3 to 5 specific criteria that this user would likely consider important
when evaluating synopses.
Each criterion should be phrased as a short, standalone natural language
statement.
These criteria will later guide your feedback on the story.
Do not explain or elaborate—only list the criteria clearly.

[Your Rubric]

Table 19: Prompt template for generating user-specific
rubrics from interaction history in the PerMPST (Im-
plicit Persona (IP) version).

shown in Table21 914

Refinement prompt template promptrefine used by the refinement agent
in the PerDOC setting.

You are a professional fiction editor. Your task is to refine a story plot based
on the given feedback while strictly preserving the structural format.
You may rewrite, add, modify, or delete parts of the text as needed to
improve the story based on the feedback.

[Feedback Start]
{feedback}
[Feedback End]

[Structural Template Start]

Premise:
The fundamental premise of the story.
**Do not change the Premise under any circumstances.**

Setting:
Information about the story’s setting.
Include only the setting description that begins with ’The story is set in’.

Characters:
A list of main characters, including their names and portraits.

Outline:
A structured summary of the story.
You must write exactly **FOUR top-level items**, numbered 1 to 4.
Each item must contain at least one sub-point, and may include up to four
(a-d).
Using fewer than four is acceptable if appropriate.

[Structural Template End]

Output Requirements:
1. **The refined plot must be between 500-550 tokens in length.**
2. The final text must be complete, coherent, and self-contained.
3. Return only the refined plot using the exact structure. Additional expla-
nations or comments are not allowed.
4. **The Outline section must contain EXACTLY four top-level items (1
to 4), and each must include AT LEAST one sub-point (a–d).** You may
include up to four sub-points per item if appropriate.

Table 20: Refinement prompt template promptrefine used
by the refinement agent in the PerDOC setting.

B Details of the Evaluation 915

B.1 LLM Evaluator Selection and Validation 916

It has been reported that LLM-based judges, when 917

provided with a user’s interaction history Hu, can 918

partially predict the user’s preference judgments 919

for stories (e.g., binary preference choices or rating- 920

based evaluations) (Wang et al., 2024). PerSE 921

(Wang et al., 2024) is an LLM designed to align 922

closely with user preferences, and is fine-tuned on 923

llama-based models using either the PerDOC or 924

PerMPST datasets. 925

Following the procedure in PerSE (Wang et al., 926

2024), we fine-tuned a model based on LLaMA39 927

to construct PerSE-Llama3-8B and gemma310 to 928

construct PerSE-gemma3-12B 929

We then evaluated its alignment with human 930

judgments using the evaluation set provided by 931

9meta-llama/Llama-3.1-8B-Instruct
10google/gemma-3-12b-it
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Refinement prompt template promptrefine used by the refinement agent
in the PerMPST setting.

This task requires refining a plot based on the provided feedback.
The refined plot must incorporate the provided feedback.

[Feedback Start]
{feedback}
[Feedback End]

—

[Instructions for Refinement]
- Accurately apply the feedback while maintaining the essence of the origi-
nal plot.

[Output Requirements]
- Strictly follow the structural template.
- Modifications to the Premise are not permitted. premise - {premise}
- Apply the necessary modifications while ensuring consistency and logical
coherence.
- Please keep the number of words similar to the original plot.
- Include only the refined plot. Additional explanations or comments are
not required.

Table 21: Refinement prompt template promptrefine used
by the refinement agent in the PerMPST setting.

(Wang et al., 2024), comparing our model’s per-932

formance against other existing LLMs, such as933

GPT-4o. While (Wang et al., 2024) used Llama211934

as the backbone, we adopted Llama3 to improve935

overall performance.936

The results are shown in Table 22,23. On the Per-937

DOC dataset, our fine-tuned model (PerSE-Llama3-938

8B) achieved the highest accuracy (0.633), outper-939

forming other models. On the other hand, in the940

PerMPST dataset, GPT-4o showed the highest cor-941

relation with human preferences, as measured by942

Pearson, Spearman, and Kendall correlation coeffi-943

cients.944

Judge-model sensitivity PerSE-Llama3-8B is a945

strong judge that aligns well with the human prefer-946

ence labels, but it shares a family with the genera-947

tor, raising concerns about the same family stylistic948

bias (Panickssery et al., 2024).949

Accordingly, we compare the judgments made950

by PerSE–Gemma3-12B, which showed the951

second-highest agreement with human annotations,952

to examine potential concerns about style bias.953

For validation, we use the pairwise comparison954

results between EPER and Prompt-Persona (PP),955

as PP serves as a strong competing baseline against956

EPER.957

In the same query comparison (ties excluded),958

the between-judge win-rate difference was +5.59959

percentage points, with a 90% confidence interval960

(CI) of [2.28, 8.90] percentage points. Under a961

11meta-llama/Llama-2-7b-chat-hf,
meta-llama/Llama-2-13b-chat-hf

pre-specified equivalence margin of δ = 10 percent- 962

age points (pp), the two one-sided tests (TOST) 963

procedure supported equivalence. As a result, the 964

potential influence of stylistic bias arising from us- 965

ing models within the same family appears to be 966

limited. 967

Accordingly, we adopt PerSE-Llama3-8B as the 968

LLM judge for story evaluation in the PerDOC 969

setting, and GPT-4o12 as the LLM judge for the 970

PerMPST setting. 971

B.2 Human Evaluation Protocol 972

We conducted a user study to evaluate the proposed 973

method with real participants. The entire evaluation 974

was performed end-to-end through a custom-built 975

web application, which handled user preference 976

collection, story generation, and user evaluation. A 977

screenshot of the application interface is shown in 978

Figure 5. 979

Preference Collection. At the beginning of the 980

study, each participant was shown four movie 981

synopses, manually selected from the PerMPST 982

dataset to ensure genre diversity. These four syn- 983

opses were identical across all participants. For 984

each summary, participants were asked to rate their 985

preference on a 10-point Likert scale (1 = dislike, 986

10 = like) and provide review comments. The 987

resulting set of four (synopsis, score, comment) 988

tuples was used as the user’s interaction history 989

Hu. 990

Story Generation. For each participant, we used 991

four predefined premises c1, . . . , c4, which were 992

identical across all participants. Given the par- 993

ticipant’s interaction history Hu, one story was 994

generated for each premise using three different 995

methods—Prompt–Persona (PP), Self–Refine (SR), 996

and our proposed method EPER—resulting in 997

3 × 4 = 12 stories per participant. Before pre- 998

sentation, the three stories associated with each 999

premise were randomly shuffled. 1000

Story Evaluation. Participants rated each story 1001

on a 10-point scale (1 = dislike, 10 = like). In cases 1002

where multiple stories received the same score, par- 1003

ticipants were asked to assign a ranking (1 to 3) 1004

to indicate relative preference. This process was 1005

repeated for all four premises. 1006

Rubric Evaluation. After the story evaluation, 1007

participants were shown the rubric generated by 1008

12gpt-4o-2024-08-06
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Interestingness Adaptability Surprise Character Ending Average

GPT-4(from (Wang et al., 2024)) 0.502 0.496 0.596 0.506 0.543 0.529
GPT-4o 0.462 0.473 0.491 0.463 0.497 0.476
PerSE-Llama2 (7B, from (Wang et al., 2024)) 0.572 0.565 0.619 0.565 0.560 0.576
PerSE-Llama2 (13B, from (Wang et al., 2024)) 0.621 0.570 0.616 0.607 0.597 0.602
PerSE-gemma3 (12B) 0.590 0.625 0.553 0.586 0.590 0.589
PerSE-Llama3 (8B) 0.594 0.643 0.683 0.617 0.642 0.633

Table 22: Evaluation accuracy across five aspects on the PerDOC dataset. Each model predicts user preferences
based on the interaction history Hu, with the number of interactions fixed at K = 1, consistent with the setting in
(Wang et al., 2024). Bold values indicate the highest score in each aspect. Results for GPT-4 and PerSE-Llama2
models are reproduced from (Wang et al., 2024); all others are newly evaluated.

Pearson Spearman Kendall

GPT-4 (from (Wang et al., 2024)) 0.315 0.312 0.253
GPT-4o 0.3831 0.4065 0.3239
PerSE-Llama2 (7B, from (Wang et al., 2024)) 0.307 0.329 0.263
PerSE-Llama2 (13B, from (Wang et al., 2024)) 0.345 0.368 0.293
PerSE-gemma3 (12B) 0.2789 0.3066 0.2460
PerSE-Llama3 (8B) 0.3647 0.3817 0.3074

Table 23: Correlation coefficients (Pearson, Spearman, Kendall) between predicted and human-annotated ground-
truth scores in the PerMPST dataset. The results for GPT-4 and PerSE (based on LLaMA2) are taken directly from
the original study (Wang et al., 2024). Note that these values correspond to the condition where the number of
interaction histories K = 3 is provided as input. In contrast, the results for GPT-4o and our Llama3-based PerSE
were computed under the K = 4 condition. However, according to Figure 3 in (Wang et al., 2024), the performance
of Llama2-based PerSE remains largely unchanged between K = 3 and K = 4, and GPT-4o consistently shows
the highest correlation with human judgments. Bold values indicate the highest correlation score. Based on these
findings, we adopt GPT-4o as the LLM judge for the PerMPST setting in our experiments.

EPER for their preferences. They were then asked1009

to evaluate how well the rubric reflected their pref-1010

erence criteria using a 5-point Likert scale (1 = not1011

appropriate, 5 = very appropriate).1012

Participants. A total of 14 participants were re-1013

cruited from graduate programs (master’s and doc-1014

toral levels) at our university. For non-English1015

speakers (e.g., Japanese-speaking participants), the1016

stories and rubrics were translated into their native1017

language using GPT-4o, which has demonstrated1018

strong translation performance. The quality and fi-1019

delity of these translations were verified by both the1020

authors and fluent English speakers to ensure that1021

the translated texts preserved the original intent and1022

nuances. The entire procedure, including instruc-1023

tions and story generation time, was completed1024

within approximately 60 minutes per participant.1025

Participants received a monetary compensation of1026

1,500 JPY for their participation, which is consis-1027

tent with standard compensation rates for similar1028

user studies in Japan.1029

B.3 Per-Premise Human Evaluation Results 1030

In the human evaluation, we used four different 1031

story premises. For each premise, multiple system 1032

outputs were presented, and we adopted a within- 1033

subject comparative design in which the same par- 1034

ticipants compared these outputs. 1035

Table 24 reports the average preference scores 1036

for each premise. Across all four premises, 1037

PREFINE (EPER) consistently outperforms both 1038

Prompt-Persona and Self-Refine, confirming that 1039

the observed improvements are not driven by any 1040

specific premise. These results indicate that the 1041

effectiveness of PREFINE does not depend on par- 1042

ticular story settings, but instead generalizes across 1043

different premises by producing outputs that are 1044

stably aligned with user preferences. 1045

Overall, we believe that the evaluation scale us- 1046

ing four distinct premises is sufficient to support 1047

the conclusion that PREFINE better aligns with 1048

user preferences than the baseline methods. 1049

B.4 Annotator Agreement 1050

In this study, stories are personalized for each an- 1051

notator based on their individual interaction history 1052
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Figure 5: Interface of the web application used in the user study. The application enables end-to-end evaluation by
collecting user preferences (via synopsis ratings and comments), presenting generated stories for evaluation, and
collecting user feedback on personalized user-specific rubrics.

Premise ID Method Mean Std.

0
PREFINE (EPER) 8.214 0.975
Self-Refine 5.857 1.562
Prompt-Persona 5.714 2.164

1
PREFINE (EPER) 7.500 1.506
Self-Refine 6.929 1.328
Prompt-Persona 4.786 1.762

2
PREFINE (EPER) 7.571 1.284
Self-Refine 6.786 2.045
Prompt-Persona 5.500 1.829

3
PREFINE (EPER) 8.000 1.754
Self-Refine 7.214 1.424
Prompt-Persona 5.571 2.209

Table 24: Per-premise human evaluation results on the
PerMPST dataset. Mean and standard deviation of 10-
point Likert preference scores are reported for each
method. Across all premises, PREFINE (EPER) consis-
tently achieves the highest average scores.

and the given story premise. As a result, multi-1053

ple annotators do not evaluate the same generated1054

output. For this reason, standard inter-annotator1055

agreement measures such as Fleiss’ κ, which as-1056

sume that multiple annotators assign labels to the1057

same instances, are not directly applicable in our1058

evaluation setting.1059

On the other hand, each participant evaluates1060

four sets of stories corresponding to their own1061

premise, and within each set assigns scores to out-1062

puts generated by multiple methods. This design1063

allows us to compute, for each annotator, the mean1064

and variance of the scores assigned to each method.1065

By aggregating these rater-level statistics across an-1066

notators, we can analyze overall evaluation trends1067

and variability across methods.1068

Table 25 reports, for each method, the mean of1069

rater-level mean scores and the mean of rater-level1070

standard deviations. The results show that PRE- 1071

FINE (EPER) consistently receives higher ratings 1072

across annotators, providing supplementary evi- 1073

dence for the stability and robustness of the human 1074

evaluation results. 1075

C Additional Results with Mistral-7B 1076

To examine whether the effectiveness of PRE- 1077

FINE depends on the choice of the backbone 1078

model, we conducted additional experiments using 1079

Mistral-7B as the backbone LLM. In this setting, 1080

all components of PREFINE—including the gener- 1081

ation, expert, pseudo-user, and refine agents—are 1082

instantiated using the same Mistral-7B model, 1083

with differences between agent roles implemented 1084

solely through prompt design, following the same 1085

configuration as in the main experiments. 1086

As in the main experiments, we kept the prompt 1087

design, refinement procedure, and evaluation proto- 1088

col identical, thereby isolating the effect of the 1089

backbone model choice. Automatic evaluation 1090

was performed on both the PerDOC and PerMPST 1091

datasets using the same LLM-based evaluation 1092

framework as in the main experiments. 1093

Table 26 reports the results on the PerDOC 1094

dataset. The full configuration of PREFINE 1095

(EPER) substantially outperforms all baseline 1096

methods and achieves stronger personalization per- 1097

formance than the model variants. 1098

Table 27 presents the results on the PerMPST 1099

dataset. The Bayesian ordinal regression analysis 1100

shows that, for EPER, the 95% credible intervals of 1101

the latent score differences relative to other meth- 1102

ods lie entirely in the positive range, indicating 1103

consistently favorable performance. 1104

Overall, across both PerDOC and PerMPST, 1105
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Method Mean of rater-level means Mean of rater-level std.

PREFINE (EPER) 7.82 0.98
Self-Refine 6.70 1.11
Prompt-Persona 5.39 1.53

Table 25: Rater-level score statistics in human evaluation. For each annotator, we compute the mean and standard
deviation of the scores assigned to each method across their evaluation sets, and then aggregate these statistics
across annotators.

A
B ZP PP SR IPIR EPIR IPER EPER

ZP – 0.26 0.00 0.00 0.00 0.00 0.00
PP 0.74 – 0.02 0.01 0.00 0.00 0.01
SR 1.00 0.98 – 0.39 0.13 0.36 0.16

IPIR 1.00 0.99 0.61 – 0.18 0.49 0.25
EPIR 1.00 1.00 0.87 0.82 – 0.74 0.34
IPER 1.00 1.00 0.64 0.51 0.26 – 0.21

EPER 1.00 0.99 0.84 0.75 0.66 0.79 –

Table 26: Win rate of the A-side model against the B-
side model, averaged over five perspectives. Stories
were generated using Mistral-7B. Red/blue indicates
that the row/column model is preferred.

these results demonstrate that PREFINE (EPER)1106

retains its effectiveness when instantiated with1107

Mistral-7B, confirming that the proposed frame-1108

work generalizes beyond a specific backbone1109

model.1110

D Generated Plot Length Distribution1111

Figure 6 shows the distribution of generated story1112

lengths in the PerDOC setting, with the correspond-1113

ing average and median values summarized in Ta-1114

ble 28. Similarly, Figure 7 and Table 29 present the1115

distribution, average, and median of story lengths1116

in the PerMPST setting.1117

As shown in Tables 28 and 29, stories generated1118

in the PerDOC setting tend to be longer than those1119

in the PerMPST setting.1120

The concentration of story lengths at specific1121

token counts in some methods, as observed in Fig-1122

ures 6 and 7, is due to explicit token-length con-1123

straints imposed via prompts. For methods that1124

involve critique-and-refine loops (e.g., Self-Refine,1125

EPER), we observed a tendency for story length1126

to increase with each iteration if such constraints1127

were not strictly enforced.1128

To ensure fair comparison across models and1129

to accommodate the context length limitations of1130

LLM judges, we applied explicit length constraints1131

during generation. All token lengths reported here1132

Method Score ∆ 95% CI P (∆ > 0)

ZP 7.69±1.50 1.33 [1.12, 1.53] 1.00
PP 7.83±1.49 0.58 [0.34, 0.84] 1.00
SR 8.14±1.23 0.29 [0.10, 0.48] 1.00

IPIR 7.88±1.37 0.94 [0.74, 1.14] 1.00
EPIR 8.02±1.23 0.73 [0.53, 0.92] 1.00
IPER 8.01±1.26 0.69 [0.48, 0.87] 1.00

EPER 8.23±1.18 – – –

Table 27: Automatic evaluation results on the PerMPST
dataset. “Score” denotes the mean ± standard deviation
of 10-point Likert ratings assigned by the LLM eval-
uator. All stories were generated by Mistral-7B. The
table also reports results from a Bayesian ordinal re-
gression model that treats Likert ratings as ordinal data.
We report the posterior mean, 95% credible interval,
and posterior probability of the latent score difference
∆ = αEPER − αm, where αm denotes the method-
specific latent location parameter and m is the compared
method (baseline or model variant).

are measured using the LLaMA 3 tokenizer. For 1133

example, Appendix 20. 1134

Table 28: Token length statistics of generated story plots
(PerDOC). Mean and median token counts are shown
for each method. Token lengths are measured using the
LLaMA 3 tokenizer.

Method Mean Median

Zero-Persona (ZP) 641.39 639.00
Prompt–Persona (PP) 600.56 595.50
Prompt–Expert-Persona (PEP) 631.51 628.00
Self-Refine (SR) 690.12 703.00

IPIR 692.03 709.00
IPER 701.17 721.00
EPIR 689.15 705.50
EPER 698.29 719.00
EPER (Init: PEP) 698.55 719.00

E Additional Analysis 1135

E.1 Relationship Between Token Length and 1136

LLM-Judge Evaluation on PerDOC 1137

To examine whether output length influenced 1138

model evaluation, we analyzed the relationship be- 1139
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Figure 6: Distribution of generated story lengths (in
tokens) in the PerDOC setting. Token lengths are mea-
sured using the LLaMA 3 tokenizer. Each method ex-
hibits a different distribution, with some showing sharp
peaks due to explicit length constraints in prompts.

Figure 7: Distribution of generated story lengths (in
tokens) in the PerMPST setting. Token lengths are
measured using the LLaMA 3 tokenizer. Each method
exhibits a different distribution, with some showing
sharp peaks due to explicit length constraints in prompts.
Compared to PerDOC, the generated stories tend to be
shorter.

Table 29: Token length statistics of generated story plots
(PerMPST). Mean and median token counts are shown
for each method. Token lengths are measured using the
LLaMA 3 tokenizer.

Method Mean Median

Zero-Persona (ZP) 398.21 396.00
Prompt–Persona (PP) 381.09 379.00
Prompt–Expert-Persona (PEP) 352.11 352.00
Self-Refine (SR) 486.52 513.00

IPIR 356.88 350.00
EPIR 390.15 385.00
IPER 482.26 513.00
EPER 480.87 513.00
EPER (Init: PEP) 467.72 512.00

tween token length and win rate on the PerDOC 1140

dataset. 1141

presents a subset analysis restricted to pairs 1142

whose token-length difference is within ±10. 1143

EPER’s win rate changes little and remains supe- 1144

rior to the baselines. As a result, the effect of length 1145

differences on win rate/score is quite limited. 1146

Figure 8: Relationship between token length and win
rate for EPER outputs on PerDOC.

E.2 Aspect-Wise Win Rate Analysis on 1147

PerDOC 1148

In the PerDOC setting, the goal is to generate sto- 1149

ries that align with user preferences on specific as- 1150

pects. There are five evaluation aspects defined in 1151

the dataset: Interestingness, Surprise, Adaptability, 1152

Character Quality, and Ending Satisfaction (Zhu 1153

et al., 2023b). Users’ interaction histories were 1154

also collected in alignment with these aspects. 1155

Figure 9 shows the aspect-wise win rates for 1156

each method. As shown, our full method EPER 1157

(a complete configuration of PREFINE) achieves 1158

consistently higher win rates across most aspects 1159

compared to both baselines and its own variants. 1160

E.3 Score-derived win rate on PerMPST 1161

In the automatic evaluation on PerMPST, we use 1162

an LLM-as-a-judge framework to assign 10-point 1163

scores (1–10) to each generated story. In this sec- 1164

tion, we define a score-derived win rate and analyze 1165

results from a pairwise perspective. 1166

For a story pair i generated by EPER and a com- 1167

parator method Y , let scoreEPERi and scoreYi de- 1168

note their scores. We define a win if scoreEPERi > 1169

scoreYi , a loss if scoreEPERi < scoreYi , and a tie 1170

if scoreEPERi = scoreYi (scores are integers in 1171

[1, 10]). Excluding ties from the denominator, the 1172

win rate is 1173

ŵ =
#wins

#wins +#losses
1174

(ties excluded). 1175

Table 30 reports the computed results. 1176
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Figure 9: Aspect-wise win rate comparison in the PerDOC setting. Each matrix represents the win rate of the model
on the A-side over the model on the B-side for each aspect. EPER outperforms both baseline methods and its own
variants across most aspects.

Method EPER’s Win rate p-value

Zero-Persona 0.69 < 10−13

Prompt-Persona 0.67 < 10−11

Self-Refine 0.64 < 10−6

IPIR 0.47 0.279
EPIR 0.50 1.00
IPER 0.58 0.005

EPER - -

Table 30: Score-derived win rates of EPER against each
method on PerMPST (ties excluded). p-values from
two-sided binomial tests

E.4 Aspect-Wise Win Rate Analysis Starting1177

from Prompt-Expert-Persona(PEP)1178

Outputs on PerDOC1179

Figure 10 shows the aspect-wise win rates when1180

EPER is applied to stories already personalized1181

using Prompt-Expert-Persona (PEP). The results1182

also include Prompt-Persona (PP) for reference.1183

We observe that PEP consistently outperforms PP1184

across all aspects, indicating that PEP already pro-1185

duces significantly personalized outputs. Moreover,1186

EPER further improves upon PEP in every aspect,1187

demonstrating that our method is capable of en-1188

hancing personalization even when starting from1189

an already strongly personalized story.1190

E.5 Score Analysis Starting from1191

Prompt-Expert-Persona(PEP) Outputs on1192

PerMPST1193

Table 31 shows the results of applying EPER to1194

stories already personalized using Prompt-Expert-1195

Persona (PEP) in the PerMPST setting. We did1196

not observe any significant improvement in scores1197

when applying EPER over PEP. We attribute this1198

to the limited opportunity for further personaliza- 1199

tion, possibly due to the relatively short length of 1200

the generated stories in the PerMPST style (see 1201

Appendix D). 1202

Table 31: Comparison of scores between PEP and EPER
(initialized from PEP outputs) on the PerMPST dataset,
along with results of two-sided Wilcoxon signed-rank
tests (n = 900) comparing each method against EPER
(Init: PEP). No significant improvement was observed
when applying EPER, suggesting limited room for fur-
ther personalization. .

Method Score (mean ± std) p-value

Prompt-Persona (PP) 7.23 ± 1.47 < 10−10

Prompt-Expert-Persona (PEP) 7.45±1.39 0.96
EPER (Init: PEP) 7.45 ± 1.38 -

E.6 Analysis of Potential Evaluation Bias in 1203

User-Specific Rubric Suitability Rating 1204

In the main paper (Section 5.5), we observed 1205

that users who rated the generated rubric as well- 1206

aligned with their preferences tended to assign 1207

higher scores to the stories generated by PRE- 1208

FINE(EPER). However, this effect may be partially 1209

influenced by individual evaluation biases, such as 1210

a general tendency to give higher scores. 1211

To investigate this possibility, we analyzed 1212

whether participants who gave high rubric ratings 1213

also consistently assigned higher scores to stories 1214

produced by other methods (e.g., Prompt-Persona 1215

(PP), Self-Refine (SR)). The results are shown in 1216

Figure 11. 1217

Figure 11 shows no clear relationship between 1218

rubric–suitability ratings and story scores for PP or 1219

SR. In contrast, EPER exhibits a clear trend: users 1220

who rate the rubric highly also assign higher story 1221

scores. 1222

This suggests that perceived rubric validity may 1223
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Figure 10: Aspect-wise win rate comparison among Prompt-Persona (PP), Prompt-Expert-Persona (PEP), and
EPER (initialized with PEP outputs) in the PerDOC setting. PEP consistently outperforms PP across all aspects,
demonstrating stronger personalization. EPER further improves upon PEP, achieving the highest win rates across all
aspects.

be meaningfully related to the effectiveness of per-1224

sonalization in PREFINE.1225
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Figure 11: The relationship between users’ ratings of
rubric suitability (on a 1–5 scale) and their average
story scores for each generation method (PP, SR, EPER).
While no clear trend is observed for PP and SR, EPER
shows a visible correlation: users who perceived the
rubric as more aligned with their preferences tended to
assign higher scores to the generated stories.

E.7 Aspect-Wise General Story Quality1226

Scores1227

Figure 12 presents the aspect-wise scores for story1228

quality, as evaluated by the GPT-4o judge based1229

on the six criteria defined in the HANNA frame-1230

work (Chhun et al., 2022). The evaluation was1231

conducted on two random subsets of 200 stories1232

each, sampled from the PerDOC and PerMPST1233

outputs respectively.1234

Across most aspects, EPER achieves scores com-1235

parable to Self-Refine (SR), a method explicitly1236

designed to enhance story quality according to gen-1237

eral rubrics. This is particularly notable, as EPER1238

was not directly optimized for these criteria but1239

instead for user personalization. These results sug-1240

gest that EPER is capable of maintaining strong1241

general story quality—on par with established base-1242

lines—while simultaneously achieving effective 1243

personalization. 1244

Figure 12: Aspect-wise story quality scores based on the
six criteria defined in (Chhun et al., 2022), as evaluated
by GPT-4o on random subsets (200 stories each) from
PerDOC and PerMPST. Error bars indicate standard
deviation across samples. EPER achieves comparable
quality to Self-Refine (SR) across most aspects, despite
being optimized for personalization.

F Implementation and Reproducibility 1245

Details 1246

All experiments were conducted with a fixed ran- 1247

dom seed (seed = 42) to ensure consistency across 1248

runs. Due to inference cost constraints, each con- 1249

figuration was executed once. The temperature 1250

was set to 0.7 for story generation tasks and 0 for 1251

evaluation. 1252

Model Configuration. We used LLaMA-3-70B 1253

for some agent, accessed via the Together.ai13 1254

API. Fine-tuning models (e.g., PerSE-Llama3(8B)) 1255

was also performed on the Together.ai platform, 1256

following the same training settings as in Wang 1257

et al. (2024), including dataset splits, learning rates, 1258

and number of training steps, etc. 1259

13https://www.together.ai/
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Computing Environment. All other procedures,1260

including data preprocessing, model inference us-1261

ing PerSE-Llama3-8B and Mistral-7B, and result1262

analysis, were conducted on a local machine run-1263

ning Ubuntu 24.04.2 LTS with an Intel Xeon w5-1264

2465X CPU, 256 GB of RAM, and two NVIDIA1265

RTX 6000 Ada GPUs (48 GB each). The software1266

environment included Python 3.11.4 and CUDA1267

12.9. We used PyTorch and the HuggingFace Trans-1268

formers library for model implementation and in-1269

ference.1270

F.1 Personalized Refinement Example from1271

PERMPST1272

We present a concrete example illustrating how1273

PREFINE performs personalized story refinement1274

using a user-specific rubric under the EPER config-1275

uration.1276

User-Specific Rubric The following rubric was1277

generated to reflect a particular user’s preferences,1278

based on their interaction history:1279

• The story features complex, high-stakes situa-1280

tions that drive the plot forward.1281

• Characters are authentic, multi-dimensional,1282

and willing to challenge authority.1283

• The narrative incorporates realistic and inno-1284

vative storytelling techniques.1285

• The plot explores complex moral issues and1286

emotional themes in a nuanced manner.1287

• The story has a strong sense of autonomy and1288

self-determination in its characters’ actions.1289

Using this rubric, the critique-and-refine pro-1290

cess was iteratively conducted. Table 32 illustrates1291

an example refinement cycle, including the initial1292

story, generated critiques, and corresponding im-1293

proved versions.1294
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Table 32: Example of a critique-and-refine cycle for personalization using PREFINE under the EPER configuration.
This example illustrates the process from the initial plot generation through the second round of critique. It
demonstrates how the output is progressively improved according to the user-specific rubric. While the full
refinement consists of seven iterative cycles, only the first part is shown here due to space limitations.

Stage Content
Initial Story s(0) In 1951, Zane Carpenter and Trace Allen are high-school seniors and friends in Willow Creek, a small, declining Southern United

States town. As they navigate the complexities of adolescence, they find themselves at a crossroads, torn between pursuing their
individual dreams and staying in their hometown to support their families. Zane, the charismatic and confident one, has always
been destined for greatness, with a scholarship to a prestigious university awaiting him. Trace, on the other hand, is more reserved
and introspective, with a passion for writing that he hopes to turn into a career. Despite their differences, they share a deep bond,
forged through years of shared experiences and adventures in the small town. One fateful night, they stumble upon a mysterious
and beautiful stranger, Emily, who has just arrived in Willow Creek, and their lives are forever changed. Emily’s presence awakens
a sense of restlessness and longing in both Zane and Trace, forcing them to confront their own desires and aspirations. As they
spend more time with Emily, they begin to see their town and their lives in a different light, and the possibility of escape and new
beginnings becomes tantalizingly real. The trio’s friendship deepens, but it also creates tension and conflict, particularly when
Zane and Trace find themselves falling for Emily’s charms. As the summer of 1951 draws to a close, Zane, Trace, and Emily must
make difficult choices that will determine the course of their lives and the future of their relationships. The town of Willow Creek,
with its faded grandeur and narrow expectations, serves as a poignant backdrop for their struggles and triumphs. Ultimately, the
friends must decide whether to stay in the only home they have ever known or to take a chance on the unknown, and the
consequences of their decisions will haunt them for years to come. With the fate of their friendships and their futures hanging in
the balance, Zane, Trace, and Emily must navigate the complexities of love, loyalty, and ambition in a small town where everyone
knows each other’s secrets.

Feedback F (1) Criterion: The story features complex, high-stakes situations that drive the plot forward.
Score: 6
Explanation: The plot revolves around the characters’ personal struggles and relationships, but the stakes could be higher.
Suggestion: Introduce external conflicts, such as economic or social pressures, to raise the stakes and create more tension.
Criterion: Characters are authentic, multi-dimensional, and willing to challenge authority.
Score: 7
Explanation: Zane and Trace have distinct personalities, but their willingness to challenge authority is not fully explored.
Suggestion: Show the characters questioning or defying the town’s expectations and norms to add depth to their personalities.
Criterion: The narrative incorporates realistic and innovative storytelling techniques.
Score: 5
Explanation: The narrative is straightforward and lacks unique storytelling elements.
Suggestion: Incorporate non-linear storytelling or unconventional narrative structures to add innovation.
Criterion: The plot explores complex moral issues and emotional themes in a nuanced manner.
Score: 8
Explanation: The story touches on themes of love, loyalty, and ambition, but could delve deeper into moral complexities.
Suggestion: Introduce gray areas and conflicting values to create more nuanced moral dilemmas.
Criterion: The story has a strong sense of autonomy and self-determination in its characters’ actions.
Score: 7
Explanation: The characters’ decisions are influenced by their relationships and the town’s expectations.
Suggestion: Emphasize the characters’ independent decision-making and self-directed actions to increase their autonomy.

Refined Story s(01) In 1951, Zane Carpenter and Trace Allen are high-school seniors and friends in Willow Creek, a small, declining Southern United
States town. As they navigate the complexities of adolescence, they find themselves at a crossroads, torn between pursuing their
individual dreams and staying in their hometown to support their families amidst the looming threat of the town’s textile mill
closure, which would devastate the local economy. Zane, the charismatic and confident one, has always been destined for
greatness, with a scholarship to a prestigious university awaiting him, but he begins to question the town’s expectations and the
true cost of his ambition. Trace, on the other hand, is more reserved and introspective, with a passion for writing that he hopes to
turn into a career, and he starts to secretly write for an underground newspaper that challenges the town’s conservative values.
Their lives are forever changed when they stumble upon a mysterious and beautiful stranger, Emily, who has just arrived in Willow
Creek, and they find themselves drawn to her free-spirited nature and her own moral dilemmas, as she is hiding a dark secret that
could ruin her reputation in the town. As the summer of 1951 unfolds in a non-linear narrative, the trio’s friendship deepens, but it
also creates tension and conflict, particularly when Zane and Trace find themselves falling for Emily’s charms, and they must
confront the gray areas between love, loyalty, and ambition. Through a series of flashbacks and fragmented memories, the story
reveals the characters’ inner struggles and their willingness to challenge authority, as they make difficult choices that will
determine the course of their lives and the future of their relationships, ultimately deciding whether to stay in the only home they
have ever known or to take a chance on the unknown, with their autonomy and self-determination guiding their decisions.

Feedback F (2) Criterion: The story features complex, high-stakes situations that drive the plot forward.
Score: 7
Explanation: The plot has a clear conflict with the textile mill closure, but it’s somewhat predictable.
Suggestion: Introduce unexpected twists, like a personal tragedy or a town-wide crisis.
Criterion: Characters are authentic, multi-dimensional, and willing to challenge authority.
Score: 8
Explanation: Zane and Trace have distinct personalities, but Emily’s character feels somewhat mysterious.
Suggestion: Add more depth to Emily’s backstory and motivations.
Criterion: The narrative incorporates realistic and innovative storytelling techniques.
Score: 8
Explanation: The non-linear narrative is engaging, but the use of flashbacks is not particularly innovative.
Suggestion: Experiment with unconventional narrative structures or formats.
Criterion: The plot explores complex moral issues and emotional themes in a nuanced manner.
Score: 9
Explanation: The story tackles themes of ambition, loyalty, and identity in a thoughtful way.
Suggestion: Delve deeper into the gray areas between right and wrong.
Criterion: The story has a strong sense of autonomy and self-determination in its characters’ actions.
Score: 8
Explanation: The characters make difficult choices, but their decisions feel somewhat influenced by external factors.
Suggestion: Emphasize the characters’ inner drives and desires to make their choices feel more self-directed.
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