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Abstract001

Building high-quality character profiles is002
a foundational prerequisite for developing003
immersive Role-Playing Language Agents004
(RPLAs). However, existing profiling methods005
primarily rely on literature-based extraction or006
LLM-based generation, which suffer from lim-007
ited media coverage, high manual costs, and a008
propensity for factual hallucinations. To ad-009
dress these bottlenecks, we propose CHAR-010
ACTERHUB, an automated character profiling011
framework powered by deep search agents.012
Unlike traditional extractive pipelines, our013
framework autonomously navigates open web014
sources to retrieve and aggregate heterogeneous015
information across multiple dimensions. This016
agentic approach offers unparalleled scalability,017
extending high-fidelity profiling beyond liter-018
ary figures to anime, games, and user-generated019
characters, without human intervention. To rig-020
orously validate our method, we establish an021
automatic evaluation protocol using large-scale,022
human-curated data from Fandom1 as gold ref-023
erence. Experimental results demonstrate that024
our dataset achieves strong alignment with ref-025
erence sources, notably reaching a 83.13% Sup-026
port Score in the critical personality dimension,027
while attaining nearly twice the information028
density of Fandom references. We will publicly029
release the dataset and associated resources.030

1 Introduction031

Recent advances in Large Language Models032

(LLMs) (Yang et al., 2025; DeepSeek-AI et al.,033

2025) have facilitated widespread applications034

across various domains. Among them, Role-035

Playing Language Agents (RPLAs) (Chen et al.,036

2024) have gained increasing attention for their037

ability to construct character-centric interactive AI038

systems capable of consistently portraying diverse039

personas or characters. RPLAs enable a wide040

1https://www.fandom.com/
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Figure 1: Character Profile Construction Pipeline of
CHARACTERHUB. A deep search agent gathers multi-
source information about a target character, which is
then synthesized by a profiling LLM into a unified char-
acter profile.

range of applications, including virtual compan- 041

ions (Sheehy et al., 2024), game NPCs (Park et al., 042

2023), interactive storytelling (Sun et al., 2023), 043

and educational simulators (Zhao et al., 2025). To 044

build a comprehensive RPLAs system, we require 045

rich types of structured or unstructured character 046

data. Within this data hierarchy, the character pro- 047

file constitutes the most foundational level, which 048

naturally leads to the research problem of character 049

profiling. 050

However, constructing high-quality character 051

profiles remains a major bottleneck for RPLA sys- 052

tems. Existing efforts in character profiling can be 053

broadly categorized into two paradigms: literature- 054

based extraction (Li et al., 2023; Yuan et al., 2024) 055

and LLM-based generation (Zhou et al., 2024, 056

2025). The former 1) relies on complex pipelines 057

to harvest data from long-form narratives but is of- 058

ten resource-intensive; 2) results in sparse profiles 059
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[Identity]
• Humanity’s strongest soldier
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Figure 2: Character profile evaluation pipeline of CHAR-
ACTERHUB. Reference character information is ex-
tracted from Fandom sources into structured knowledge
points, which are then compared against a generated
profile by a judge LLM to assign consistency labels and
compute evaluation metrics.

due to implicit textual cues like motivations, and 3)060

fails to generalize beyond characters with extensive061

written records, like game, animation and virtual062

characters. The latter offers greater flexibility but063

frequently suffers from factual hallucinations and064

a lack of grounding in established lore. Ultimately,065

these extractive and static approaches struggle to066

adapt to the evolving universe of characters across067

diverse media.068

To address this challenge, we propose CHAR-069

ACTERHUB, an automated character profiling070

framework based on deep search agents that au-071

tonomously acquire character information from072

open web sources. Instead of relying solely on raw073

narrative texts, our framework actively retrieves074

structured and semi-structured descriptions from075

various sources, such as wikis, fan communities,076

and multimedia-related websites. Through explicit077

iterative search, the agent constructs comprehen-078

sive character profiles covering multiple dimen-079

sions such as personality, experiences, relation-080

ships, and abilities. Following this pipeline, we081

further curate a comprehensive character profil-082

ing dataset, also named CHARACTERHUB. Over-083

all, our pipeline offers two major advantages: (1)084

Broad character applicability, as it can be ap-085

plied to a wide spectrum of characters, ranging086

from literary figures to game, virtual, and user- 087

generated characters; (2) Flexible and compre- 088

hensive profiling, as it dynamically integrates het- 089

erogeneous sources to produce multi-dimensional 090

and fine-grained character representations. 091

Furthermore, to assess the quality of our pro- 092

file, we propose an automatic evaluation protocol 093

to assess character profiles. To rigorously assess 094

the quality of the acquired profiles, we design a 095

set of fine-grained evaluation metrics that mea- 096

sure factual correctness, attribute coverage, and 097

semantic consistency. To build this benchmark, 098

we crawl large-scale character pages from Fan- 099

dom and treat them as gold references for quantita- 100

tive comparison. Experimental results demonstrate 101

that our automatically acquired profiles achieve 102

strong alignment with human-curated sources, par- 103

ticularly in the most critical Personality dimen- 104

sion where we achieve a Support Score of 83.13%, 105

while exhibiting substantially higher information 106

density—nearly twice that of Fandom references. 107

In summary, this work makes three key contribu- 108

tions: 109

1) We propose a scalable, search-agent-based 110

framework for automatic character profile construc- 111

tion across heterogeneous media domains, along 112

with an LLM-based evaluation protocol that derives 113

knowledge-level metrics from Fandom-grounded 114

references. 115

2) We release a high-quality and diverse charac- 116

ter profile dataset CHARACTERHUB, tailored for 117

character-centric RPLA research, covering a wide 118

range of profile dimensions. 119

3) Extensive experiments, including dimension- 120

wise analysis, ablation studies, and human evalua- 121

tion, demonstrate the high quality of the proposed 122

dataset and its clear advantages over directly using 123

raw Fandom content. 124

2 Related Work 125

Character Profiling Character profiling is the 126

task of extracting attributes of given character to 127

represent a persona. Current methodologies gen- 128

erally follow two paradigms: literature-based ex- 129

traction and LLM-based generation. 130

The first paradigm focuses on harvesting char- 131

acter knowledge from from authoritative sources, 132

including 1) film or animation scripts, such as 133

ChatHaruhi (Li et al., 2023) and RoleLLM (Wang 134

et al., 2024), 2) literature and fictional works, such 135

as CoSER (Wang et al., 2025), HPD (Chen et al., 136
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2023) and CroSS (Yuan et al., 2024), 3) Wiki or137

Baidu, such as Character-LLM (Shao et al., 2023)138

and CharacterEval (Tu et al., 2024). These ex-139

tractive methods are often limited by high manual140

costs, data sparsity in implicit narratives, and a141

scope restricted to established literary works.142

Conversely, the second paradigm leverages the143

generative capabilities of LLMs to synthesize pro-144

files through 1) self-alignment, like DITTO (Lu145

et al., 2024), 2) instruction-guided expansion, like146

CharacterGLM (Zhou et al., 2024), Character-147

Bench (Zhou et al., 2025), and 3) multimodal syn-148

thesis, like MMRole (Dai et al., 2025). Although149

scalable, it frequently struggles with factual hallu-150

cinations and inconsistency.151

Deep Research The paradigm of information re-152

trieval has evolved from static RAG (Lewis et al.,153

2020) to dynamic Agentic Deep Research Archi-154

tectures, which utilize Tool Use (Schick et al.,155

2023) and Function Calling (Li et al., 2024) to156

interact with external search APIs (e.g., Google157

Search or Fandom API), effectively bypassing the158

model’s knowledge cutoff. Central to this evolution159

is the ReAct paradigm (Yao et al., 2023), which160

interleaves reasoning traces with task-specific ac-161

tions, enabling autonomous query planning and162

iterative information synthesis. This capability al-163

lows our search-agent framework to target specific164

character wikis across the open web.165

3 Dataset Construction166

We construct a large-scale, franchise-aware char-167

acter corpus through (1) Character Collection with168

Franchise-Aware Merging, resulting in 1,109 high-169

precision personas; and (2) Profile Generation,170

where we employ our CHARACTERHUB pipeline171

to synthesize comprehensive first-person character172

profiles for RPLA conditioning.173

3.1 Character Collection174

Data Source and Coverage We assemble a large-175

scale, multi-domain character corpus by integrating176

three popularity rankings: AniList GraphQL API,177

MyAnimeList Jikan API, and a community-curated178

Character.AI leaderboard. The combined raw set179

contains 2,139 distinct fictional personas spanning180

anime, manga, video-games, movies, and western181

comics, providing both Japanese and English name182

variants.183

Selection and Deduplication To ensure high pre-184

cision, we implement a franchise-aware merging185

algorithm. Characters are first grouped by their 186

canonical work (e.g., Jujutsu Kaisen, Genshin Im- 187

pact). Within each group, we compute name sim- 188

ilarity using SequenceMatcher2. Two entries are 189

merged only if they (i) originate from different 190

sources, (ii) share an exact franchise match, and 191

(iii) exceed a similarity threshold of 0.85. This strat- 192

egy successfully consolidates alternate spellings 193

(e.g. “Satoru Gojo” vs. “Gojo Satoru”) while 194

preserving cross-franchise homonyms like “Zoro” 195

from One Piece and Demon Slayer. This process 196

collapsed 32 duplicates, yielding 2,107 unique char- 197

acters. 198

Quality Control We filter out characters whose 199

franchise information is missing or cannot be 200

matched to a hand-crafted alias table covering high- 201

impact series, resulting in 1,109 characters that are 202

successfully processed by the CHARACTERHUB 203

pipeline to obtain complete character profiles. The 204

resulting dataset contains character names, normal- 205

ized franchises, category tags, and cross-platform 206

popularity scores, and serves as the backbone for 207

all character-driven experiments in the remainder 208

of the paper. 209

3.2 CHARACTERHUB Pipeline 210

We propose a fully automated search-agent pipeline 211

for open-ended and scalable profile construction for 212

arbitrary characters. As illustrated in Figure 1, the 213

pipeline consists of two stages: character-driven 214

iterative search and profile rewriting. 215

Character-Driven Iterative Search Given a 216

character name ci, the system activates a search 217

agent to retrieve character-related information from 218

open web sources. The agent automatically formu- 219

lates diversified search queries by combining the 220

character name with profiling-oriented keywords 221

(e.g., personality, background, story), and issues 222

them to general search engines and wiki platforms. 223

To improve coverage and reduce ambiguity, the 224

pipeline adopts an iterative search strategy: re- 225

trieved information R1
i is summarized and fed back 226

into subsequent search rounds for self-refinement, 227

yielding refined information R2
i . This multi-round 228

process progressively expands under-represented 229

profile dimensions and enables more comprehen- 230

sive and fine-grained information acquisition. 231

2https://docs.python.org/3/library/difflib.
html
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Output Profile Rewriting The refined deep-232

retrieved information {R2
i } is then provided to a233

profiling model to generate the final character pro-234

file Pi in a first-person narrative form. The profiling235

prompt instructs the LLM to integrate heteroge-236

neous facts into a coherent persona, resolve poten-237

tial cross-source conflicts, and rewrite the character238

description as a unified self-introduction. This de-239

sign is motivated by RPLA requirements, where240

first-person self-consistent profiles better support241

immersive role-playing than third-person factual242

descriptions.243

Finally, for each character ci, the pipeline out-244

puts {ci, R1
i , R

2
i , Pi}. The entire process is fully245

automatic, requires no manual annotation, gener-246

alizes to arbitrary characters without task-specific247

retraining, and scales naturally to web-scale charac-248

ter discovery, making it well suited for large-scale249

open-domain character profile construction.250

4 Evaluating Character Profiles251

To systematically assess the quality of con-252

structed character profiles, we adopt an LLM-as-a-253

Judge evaluation framework grounded in external254

fandom-based reference. The key idea is to treat255

large-scale fandom wikis as rich yet noisy factual256

references, extract fine-grained knowledge points257

from them, and employ an LLM to judge their con-258

sistency with the generated character profiles.259

As illustrated in Figure 2, The evaluation260

pipeline consists of four stages: (1) reference261

collection, (2) knowledge point extraction, (3)262

knowledge–profile alignment, and (4) metric com-263

putation.264

4.1 Reference Collection265

To establish a reliable evaluation benchmark, we266

construct an external reference for each charac-267

ter by combining the Fandom Wiki API with the268

Google Search API.269

We first perform webpage matching to identify270

the most authoritative source. Given a character271

name, the Google Search API is used to retrieve272

candidate URLs, with priority given to pages within273

the Fandom Wiki domain. When multiple candi-274

dates are available, we select the page with the275

highest textual relevance and the most comprehen-276

sive content structure.277

After identifying the target page, we conduct278

web crawling and content extraction. Specif-279

ically, we extract the infobox to obtain concise280

factual attributes (e.g., gender, affiliation, occupa- 281

tion) and parse the main content into a structured 282

dictionary that maps section headings (e.g., Back- 283

ground, Abilities) to their corresponding narrative 284

paragraphs, preserving the original thematic orga- 285

nization. 286

Finally, the extracted data is passed through a 287

normalization pipeline to remove citation mark- 288

ers, footnotes, navigation artifacts, corrupted Uni- 289

code characters, and formatting noise. The cleaned 290

content is standardized into a JSON reference file, 291

serving as a unified factual reference for subsequent 292

knowledge extraction and quantitative evaluation. 293

4.2 Knowledge Point Extraction 294

Given the cleaned fandom reference for each char- 295

acter, we employ an LLM to automatically extract 296

fine-grained knowledge points, which serve as 297

atomic evaluation units. 298

Formally, for each character, the LLM outputs a 299

knowledge checklist: K = [k1, k2, . . . , kN ]. Each 300

knowledge point ki is represented as a structured 301

triple: ki = {si, ei, typei}, where si denotes the 302

extracted knowledge statement, ei denotes the ev- 303

idence from the input text, and typei denotes the 304

type of knowledge. 305

Inspired by previous studies (Yuan et al., 306

2024; Zhou et al., 2025), we facilitate a multi- 307

dimensional evaluation by assigning each point a 308

type typei ∈ {Identity, Appearance, Ability, Rela- 309

tionship, Experience, Personality, Other}. Detailed 310

definitions for each dimension are provided in Ap- 311

pendix C. 312

4.3 Knowledge–Profile Alignment 313

To quantitatively assess the factual consistency be- 314

tween synthesized profiles and canonical lore, we 315

adopt an LLM-as-a-Judge framework to evalu- 316

ate the alignment between the generated character 317

profile and Fandom knowledge points. 318

For each character, the evaluator LLM is pro- 319

vided with two inputs: the generated profile P 320

and a set of extracted knowledge checklist K = 321

[k1, k2, . . . , kN ] derived from Fandom. The model 322

evaluates each knowledge point ki ∈ K indepen- 323

dently and outputs a judgment pair (yi, ri), where 324

yi denotes an alignment label and ri provides a 325

brief textual justification. 326

The alignment label yi is selected from four cate- 327

gories reflecting different degrees of consistency. A 328

knowledge point is labeled 1) Supported(Sup) if it 329

is explicitly stated or clearly entailed by the profile; 330
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2) Partially Supported(Par) if only some aspects331

are confirmed while others are missing or ambigu-332

ous; 3) Irrelevant(Irr) if the profile contains no333

information related to the knowledge point; 4) Con-334

tradicted(Con) if the profile includes statements335

that directly conflict with or negate it.336

The resulting alignment is represented as a struc-337

tured mapping:338

A = (ki, yi, ri)
N
i=1, (1)339

which serves as the basis for computing quantita-340

tive evaluation metrics. This fine-grained formula-341

tion enables localized analysis of factual accuracy342

and coverage across different profile dimensions.343

4.4 Evaluation Metrics344

Based on the LLM-generated alignment labels, we345

define three quantitative metrics to reflect different346

aspects of profile quality.347

Support Score. This metric measures overall fac-348

tual consistency between the profile and knowl-349

edge:350

SS =
|Sup|+ 0.5 · |Par|

|K|
. (2)351

Irrelevant Rate. This metric reflects coverage352

deficiency, i.e., how much knowledge is missing353

from the profile:354

IR =
|Irr|
|K|

. (3)355

Contradiction Rate. This metric directly cap-356

tures factual inconsistency and hallucination357

risk:358

CR =
|Con|
|K|

. (4)359

5 Experiment360

5.1 Settings361

Models for Profile Construction For the itera-362

tive search stage, we adopt Gemini-2.5-Pro (Co-363

manici et al., 2025) as the core model in our search-364

agent–based pipeline, where iterative information365

gathering is explicitly orchestrated by the agent. In366

parallel, we employ Doubao-seed-1.6 (Seed et al.,367

2025) as a representative model of the deep re-368

search paradigm, which is prompted only at the369

initial search step and relies on its internal rea-370

soning to implicitly perform iterative information371
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(Gemini) in knowledge quantity and density per charac-
ter. Left: histogram of the absolute number of extracted
knowledge points. Right: histogram of knowledge den-
sity, measured as knowledge points number per 1k to-
kens. DRInfo yields more compact and information-
dense character profiles than raw Fandom content.
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Figure 5: Confusion matrix comparing human annota-
tions and LLM-based judgments for Knowledge–Profile
Alignment.

seeking, serving as a comparative setting without 372

explicit agent control. For profile rewriting stage, 373

we use Qwen-plus to transform retrieved evidence 374

into coherent first-person character profiles. 375

Judge Models For profile evaluation, we adopt 376

a unified LLM-as-a-Judge setup. For knowledge 377
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Type Source Gemini Doubao

SS IR CR SS IR CR

Personality DRInfo 81.67 10.00 0.87 78.04 14.16 1.78
Profile 83.13 9.95 1.58 80.67 10.55 3.51

Ability DRInfo 61.37 28.69 1.47 53.93 33.52 4.33
Profile 58.86 31.91 2.05 50.42 39.49 4.14

Experience DRInfo 60.42 27.02 5.28 50.23 33.02 10.43
Profile 60.63 27.00 5.90 50.44 32.36 12.18

Relationship DRInfo 68.32 19.68 3.06 56.05 28.16 7.51
Profile 68.94 19.71 3.25 56.58 29.00 7.84

Identity DRInfo 74.66 11.80 2.77 66.21 13.38 8.16
Profile 73.46 13.22 3.15 65.25 14.90 9.41

Appearance DRInfo 57.62 23.25 3.06 42.50 26.60 12.76
Profile 55.83 25.27 4.25 42.12 30.13 13.78

Other DRInfo 39.72 50.31 2.38 42.36 46.36 3.81
Profile 40.57 48.58 3.69 42.54 44.67 6.78

Overall DRInfo 66.54 22.08 2.55 58.36 26.06 6.56
Profile 66.16 22.65 3.18 58.14 27.04 7.62

Table 1: Evaluation results across seven dimensions and overall performance. Scores are presented as percentages
with the % symbol omitted. DRInfo means the raw information retrieved by search agent, Profile means the rewrited
profile.

Type SS (%) ↑ IR (%) ↓ CR (%) ↓

Full w.o. IS Full w.o. IS Full w.o. IS

Overall 66.54 64.15 (↓2.39) 22.08 24.22 (↑2.14) 2.55 2.23 (↓0.32)

Personality 81.67 80.78 (↓0.89) 11.78 12.22 (↑0.44) 0.87 0.83 (↓0.04)

Ability 61.37 57.48 (↓3.89) 28.69 32.42 (↑3.73) 1.47 1.78 (↑0.31)

Experience 60.42 57.80 (↓2.62) 27.02 30.23 (↑3.21) 5.28 4.08 (↓1.20)

Relationship 68.32 65.63 (↓2.69) 19.68 21.88 (↑2.20) 3.06 2.60 (↓0.46)

Identity 74.66 72.32 (↓2.34) 11.80 13.31 (↑1.51) 2.77 2.83 (↑0.06)

Appearance 57.62 55.94 (↓1.68) 23.25 24.19 (↑0.94) 3.06 3.08 (↑0.02)

Other 39.72 37.29 (↓2.43) 50.31 53.71 (↑3.40) 2.40 2.11 (↓0.29)

Table 2: Ablation study on iterative search. “Full” denotes the complete pipeline with iterative search, while “w.o.
IS” removes the iterative search step. Relative changes compared to the full pipeline are shown in parentheses.

point extraction from the Fandom reference, we378

use Qwen3-235B-A22B-Instruct-2507 (Yang et al.,379

2025). The same model is further used to assess380

the consistency between each extracted knowledge381

point and (1) the generated character profile Pi, and382

(2) the deep-retrieved information RK
i (DRinfo).383

All reported metrics are computed by averaging384

over all knowledge points across all characters.385

5.2 Main Results386

In the experiments, we wish to answer three re-387

search questions: RQ1) Can our method construct388

high-quality character profiles? RQ2) How does389

performance vary across different profile dimen-390

sions? RQ3) What are the advantages over directly391

crawling Fandom pages?392

5.2.1 Can our method construct high-quality 393

character profiles? 394

The proposed Search Agent-based method is 395

highly effective in constructing high-quality 396

character profiles with high accuracy and low 397

hallucination rates. As shown in Table 1, the Gem- 398

ini based pipeline achieves a total Support score of 399

66.54% for raw info and 66.16% for the final pro- 400

file. These high scores, coupled with a remarkably 401

low overall Contradict rate of 3.18%, demonstrate 402

that the search-agent approach accurately retrieves 403

knowledge consistent with the Fandom reference. 404

The Profile Rewriting process introduces only 405

marginal information loss, demonstrating the 406

stability of the persona conversion phase. For 407

Gemini, the Support score shows only a marginal 408
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decrease of 0.38% (66.54% to 66.16%) during the409

rewriting phase, while the Contradict rate remains410

stable under 4%.This indicates that the rewriting411

LLM effectively preserves the factual integrity of412

the retrieved knowledge. This minor trade-off be-413

tween semantic density and narrative style is ac-414

ceptable given the significant improvement in the415

naturalness of the first-person perspective.416

Our method significantly outperforms the417

Doubao-based Deep Research architecture.418

Gemini maintains an overall Support score that419

is approximately 8% higher than Doubao, while420

Doubao’s overall Contradict rate is more than dou-421

ble that of Gemini. This performance gap can be422

attributed to the search behavior: Gemini’s tool423

usage tends to prioritize global information sources424

like Fandom, whereas Doubao frequently relies425

on Chinese-centric platforms such as Bilibili and426

Baidu Baike, which may contain narrative discrep-427

ancies or different levels of detail compared to the428

Fandom reference.429

5.2.2 How does performance vary across430

different profile dimensions?431

Knowledge extraction performance is strongest432

in the Personality dimension, which is consid-433

ered the most critical component for RPLA.434

Specifically, the Gemini-based pipeline achieves its435

highest Support score in the Personality dimension,436

reaching 81.67% for raw info and 83.13% for the437

final profile. This high performance ensures that438

the core behavioral logic and linguistic style of the439

characters are captured with high precision, lay-440

ing a solid foundation for immersive role-playing441

experiences.442

The Appearance and Experience dimensions443

present a higher risk of hallucination, likely due444

to the granular nature of the required informa-445

tion. Doubao’s Contradict rates for Experience446

and Appearance reach 12.18% and 13.78%, respec-447

tively, while Gemini also sees its highest contradic-448

tion rates in these areas. These dimensions often449

involve minute physical details (e.g., eye color, spe-450

cific accessories) or complex chronological events,451

which are more susceptible to model confusion or452

information overlap.453

Stability during the rewriting phase varies by454

dimension, with technical Ability descriptions455

being more prone to conversion loss. In the Abil-456

ity dimension, Gemini’s Support score dropped457

from 61.37% to 58.86% after rewriting. This in-458

dicates that converting descriptive, often technical459

ability mechanics into first-person dialogue is more 460

linguistically challenging for the LLM than con- 461

verting straightforward identity or personality facts. 462

5.2.3 What are the advantages over directly 463

crawling Fandom pages? 464

Directly relying on Fandom introduces popular- 465

ity bias, whereas our method alleviates it. As 466

illustrated in Figure 3, Fandom pages exhibit sub- 467

stantial imbalance in content completeness across 468

characters: while popular protagonists often have 469

rich and detailed entries, characters from niche 470

intellectual properties or peripheral roles are fre- 471

quently under-documented, resulting in sparse and 472

fragmented knowledge distributions. In contrast, 473

our approach provides more consistent coverage 474

across characters, which alleviates this dependency 475

on character popularity and yields more stable and 476

informative profiles even for under-documented 477

characters. 478

Our dataset achieves substantially higher 479

knowledge density. The right histogram of Figure 480

3 shows that DRInfo consistently yields a higher 481

number of knowledge points per tokens compared 482

to Fandom. This suggests that, despite containing 483

fewer raw tokens, DRInfo encodes character in- 484

formation in a more compact and structured form. 485

In contrast, Fandom pages often include lengthy 486

narrative descriptions, meta information, or loosely 487

related content that dilutes information density. 488

Our dataset produces a more balanced distri- 489

bution of knowledge types and enriches event- 490

centric and relational knowledge. As shown in 491

Figure 4, knowledge points extracted from Fan- 492

dom are heavily skewed toward personality and 493

ability, reflecting the narrative and fan-driven na- 494

ture of wiki pages, which often emphasize descrip- 495

tive traits and combat abilities over structured life 496

events or relational context. In contrast, our dataset 497

exhibits higher counts in experience and relation- 498

ship categories, which are particularly important 499

for role-playing and long-horizon character behav- 500

ior, as they ground the character in narrative history 501

and social context rather than isolated attributes. 502

These advantages make our dataset more suit- 503

able for scalable and generalizable character- 504

centric applications. The improved compactness, 505

higher information density, and reduced popularity 506

bias demonstrate that our approach offers clear ad- 507

vantages over directly using Fandom pages. This 508

is particularly beneficial for RPLA research, where 509

consistent, concise, and comprehensive character 510

7



profiles are critical for controllable and faithful511

role-playing behavior.512

5.3 Ablation Studies513

Iterative Search Benefits Profile Quality. As514

shown in Table 2, removing the iterative search515

mechanism leads to a consistent drop in Support516

Score across all knowledge dimensions. The over-517

all Support Score decreases markedly, indicating518

that a single-round search fails to sufficiently cover519

diverse and fine-grained character attributes. This520

confirms that iterative querying and self-refinement521

are essential for expanding profile coverage and522

reducing missing information.523

The performance degradation is more pro-524

nounced on dimensions that require richer con-525

textual evidence. When iterative search is dis-526

abled, dimensions such as Ability, Experience,527

and Relationship exhibit larger declines compared528

to more factual attributes like identity or appear-529

ance. This suggests that action-oriented, narrative-530

dependent knowledge benefits more from multi-531

round evidence aggregation, whereas surface-level532

attributes can often be captured with fewer search533

steps. In contrast, more stable attributes such as534

Personality and Identity show relatively smaller535

performance declines.536

5.4 Human Evaluation537

Due to the inherent label imbalance, we conduct538

a controlled human evaluation by uniformly sam-539

pling 100 instances for each label, resulting in 400540

manually annotated cases in total. The details of541

annotation can be found in Appendix D.542

Overall, the LLM-based evaluator shows543

strong consistency with human judgments. As544

shown in Figure 5, the confusion matrix indicates545

high agreement on the supported (SUP) and irrel-546

evant (IRR) categories. Most SUP instances are547

correctly identified by the LLM, and IRR cases are548

accurately filtered, demonstrating that the evalua-549

tor reliably distinguishes grounded profile content550

from unrelated information. However, its most551

prominent failure mode lies in misclassifying Irrel-552

evant knowledge as Contradicted, indicating that553

the model sometimes interprets missing evidence554

as explicit conflict. More detailed analyses can be555

found in the Appendix E.556

Most disagreements occur between supported557

and partially supported cases, reflecting inher-558

ent annotation ambiguity. A noticeable portion559

of SUP instances are predicted as PAR and vice 560

versa, suggesting that the boundary between full 561

and partial support is often fuzzy and depends on 562

coverage granularity rather than factual correctness. 563

This observation aligns with the design of our Sup- 564

port Score, where partially supported knowledge is 565

assigned a weight of 0.5, appropriately capturing 566

its intermediate reliability between fully supported 567

and unsupported content. 568

Contradicted cases are rare and are detected 569

with high recall. The evaluator correctly identifies 570

the majority of contradicted instances, with very 571

few being confused with other categories. This 572

indicates that the LLM is conservative and robust 573

in identifying factual conflicts between knowledge 574

points and character profiles. 575

These results justify the use of LLM-as-judge for 576

large-scale evaluation. Given its strong alignment 577

with human judgments on clear cases and reason- 578

able behavior on borderline ones, the LLM-based 579

evaluator provides a reliable and scalable alterna- 580

tive to manual annotation for evaluating character 581

profile quality. 582

6 Conclusion 583

In this paper, we present a fully automated, search- 584

agent-based framework for large-scale character 585

profile construction across heterogeneous media do- 586

mains. By leveraging iterative web search and evi- 587

dence refinement, our approach acquires compre- 588

hensive, fine-grained character information without 589

manual annotation or domain-specific retraining. 590

To rigorously assess profile quality, we introduce an 591

LLM-as-a-Judge evaluation framework grounded 592

in external fandom-based knowledge, enabling lo- 593

calized and quantitative analysis of factual align- 594

ment and coverage. 595

Extensive experiments demonstrate that our con- 596

structed profiles achieve higher knowledge density, 597

broader attribute coverage, and more balanced rep- 598

resentation across profile dimensions compared to 599

fandom-based references, particularly for long-tail 600

and under-represented characters. We further re- 601

lease a high-quality character profile dataset to fa- 602

cilitate future research on role-playing language 603

agents and character-centric generation. We be- 604

lieve this work provides a scalable foundation for 605

open-domain character profiling and reliable evalu- 606

ation in character-driven AI systems. 607
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Ethical Statement608

This work relies exclusively on publicly available609

web content and fandom wikis, and does not in-610

volve any private, sensitive, or personally identifi-611

able information. The constructed dataset focuses612

on fictional characters from animation and related613

media, and is released strictly for research pur-614

poses.615

We acknowledge that fan-curated sources and616

large language models may contain factual inac-617

curacies, subjective interpretations, or popularity-618

driven biases. In addition, while the dataset targets619

fictional characters, there remains a potential risk of620

reinforcing stereotypes or misrepresentations em-621

bedded in source materials or model generations.622

We therefore encourage researchers and practition-623

ers to apply critical scrutiny when using the dataset,624

especially in interactive or user-facing systems.625

We also note that large language model–based626

assistants were used to support language polish-627

ing and presentation refinement during manuscript628

preparation. These tools were not used to gener-629

ate experimental data, annotations, or evaluation630

results, and all technical content and conclusions631

were authored and verified by the researchers.632

Overall, we believe the risks associated with this633

work are limited and manageable. By openly dis-634

cussing these limitations and releasing the dataset635

for academic use, we aim to support transparent,636

responsible research on character-centric language637

agents and character profiling.638

Limitations639

Despite its advantages, our approach has several640

limitations. First, the quality of retrieved evidence641

depends on the availability and reliability of web642

sources; for extremely obscure characters, search643

results may still be sparse or noisy. Second, while644

the LLM-as-a-Judge framework enables scalable645

evaluation, it may exhibit systematic biases, such646

as confusing missing information with contradic-647

tions, which we partially mitigate through human648

evaluation but do not eliminate entirely. Third, our649

current pipeline focuses on textual character profil-650

ing and does not incorporate multimodal evidence651

such as images or videos, which could further en-652

rich character understanding. Addressing these653

limitations is left for future work.654
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A Experimental Setup842

The hyperparameters of profile construction and843

evaluation can be see in Table 3. For evaluation,844

we deploy Qwen3-235B-A22B-Instruct-2507 us-845

ing data-parallel inference on eight NVIDIA A800846

GPUs with 80GB memory each.847

B Dataset Statistics848

This section provides a brief statistical overview849

of the CHARACTERHUB character dataset used850

throughout the paper. The dataset contains 1,109851

high-precision characters spanning 399 franchises852

across multiple media domains. Most characters853

in the dataset are drawn from anime franchises,854

with the remainder covering games, movies, and855

novels etc. Each character is associated with a856

comprehensive first-person profile covering seven857

core dimensions. On average, profiles in CHAR-858

ACTERHUB exhibit substantially higher informa-859

tion density than their Fandom references, while860

maintaining strong alignment with human-curated861

references. Table 4 summarizes key statistics of the862

dataset.863

C Knowledge Type Dimensions864

To provide a more granular understanding of the865

evaluation framework, this section details the seven866

semantic dimensions used for character knowledge867

categorization. These dimensions are designed to868

cover the full spectrum of a character’s persona,869

ranging from static factual identifiers to latent psy-870

chological traits. Each category serves as a distinct871

axis for evaluating the comprehensiveness and fac-872

tual integrity of the generated profiles.873

Identity Identity refers to factual and relatively874

stable attributes that define who the character is.875

This includes the character’s name, origin, birth-876

place, nationality, species or race, as well as formal877

titles, ranks, aliases, nicknames, professions, and878

social or institutional affiliations such as organiza-879

tions, teams, clans, or factions. These attributes880

typically serve as the core identifiers of a charac-881

ter and are often explicitly stated in encyclopedic882

sources.883

Appearance Appearance captures the character’s884

physical and visual traits, including body features,885

facial characteristics, clothing style, colors, acces-886

sories, and other distinctive visual elements. This887

category focuses on how the character looks, and is888

commonly used in visual media such as animation, 889

films, and games. 890

Ability Ability describes the character’s compe- 891

tencies and capabilities, including skills, powers, 892

techniques, magical abilities, combat styles, and 893

special talents. This category encompasses both 894

innate abilities and learned skills, and reflects what 895

the character is capable of doing in practice, espe- 896

cially in action-driven narratives. 897

Relationship Relationship covers the character’s 898

social connections and interpersonal ties, such as 899

family members, friends, allies, rivals, enemies, 900

romantic partners, or other significant associations. 901

These relationships define the character’s position 902

within a social network and are central to narra- 903

tive development and character interaction, a dis- 904

tinction commonly emphasized in character-centric 905

narrative analysis. 906

Experience Experience represents the charac- 907

ter’s past actions and life events, including impor- 908

tant battles, missions, training experiences, achieve- 909

ments, failures, and major story arcs. Unlike iden- 910

tity, which is relatively static, experience is event- 911

driven and reflects what the character has done 912

over time, contributing to narrative progression and 913

character growth. 914

Personality Personality characterizes the char- 915

acter’s internal traits and behavioral tendencies, 916

such as temperament, motivations, desires, goals, 917

attitudes, emotional patterns, moral stance, and ha- 918

bitual ways of thinking or acting. These attributes 919

are often implicit and inferred from behavior or di- 920

alogue rather than explicitly stated, and have been 921

widely studied in computational character model- 922

ing. 923

Other Other is a residual category for miscella- 924

neous information that does not fit the above di- 925

mensions, such as personal preferences, hobbies, 926

or trivial habits. 927

D Human Annotation Instructions 928

To examine the alignment between LLM-based 929

judgments and human judgments, we conduct a 930

small-scale manual annotation study on a subset 931

of knowledge–profile pairs. All annotations are 932

performed internally by the authors for validation 933

purposes. 934

For each instance, annotators are provided with a 935

generated character profile and a single knowledge 936

12



Parameter Gemini Doubao Qwen-plus Qwen3-235B

Temperature 1.0 1.0 0.85 0.7
Top-p 0.95 0.8 0.8 0.8
Top-k 64 50 50 20

Table 3: Hyperparameter settings used for different models.

Statistic Value
Number of Characters 1109
Number of Franchises 399
Media Domains Mainly Anime
Avg. Profile Length (words) 10372
Avg. Profile tokens 2187
Avg. Knowledge Points per Character 24
Information Density (per 1k token) 11.68

Table 4: Statistical overview of the CHARACTERHUB
dataset.

point extracted from the Fandom-based ground937

truth. Annotators are asked to assess the factual938

relationship between the two using the same four la-939

bels as in the LLM evaluation: Supported, Partially940

Supported, Irrelevant, and Contradicted.941

Judgments must be based only on the informa-942

tion explicitly contained in the given profile. Anno-943

tators should not rely on external knowledge, future944

events, or information from other versions or spin-945

offs unless such content is explicitly mentioned in946

the profile.947

All annotated content concerns fictional charac-948

ters from publicly available sources and involves949

no personal or sensitive information. As annota-950

tions are conducted by the authors without external951

participants, no recruitment, compensation, or risk952

disclosure is required.953

E Case Study954

To better understand the failure modes of auto-955

mated character profile construction and evaluation,956

we conduct a case study focusing on knowledge957

points that are judged as Contradicted by the LLM-958

based evaluator. We choose this subset for analy-959

sis because contradicted cases represent the most960

explicit and verifiable form of errors, where the961

extracted or generated knowledge directly conflicts962

with canonical evidence, making them particularly963

suitable for qualitative inspection. By examining964

these samples in detail and comparing LLM judg-965

ments with human annotations, we aim to both966

find common reasons of factual inconsistency in967

character profiling and assess the reliability and968

limitations of LLM-as-a-Judge in identifying such969

errors. 970

E.1 Contradicted Types 971

From those cases in which both the LLM judge and 972

human annotators consistently identify knowledge 973

points as Contradicted, we observe five contradic- 974

tion types: (1) Cross-version Confusion refers to 975

contradictions caused by mixing information across 976

different canons, adaptations, spin-offs, or alter- 977

nate versions of the same character, where events 978

or attributes valid in one version are incorrectly 979

projected onto another. (2) Ability Misassignment 980

occurs when a character is attributed with abili- 981

ties or powers belonging to a different character 982

or continuity. (3) Objective Attribute Error cap- 983

tures fine-grained but verifiable factual mistakes, 984

such as incorrect species, titles, or fixed descrip- 985

tors. (4) Temporal Inconsistency captures cases 986

where a knowledge point is factually correct in a 987

later narrative stage but conflicts with the profile 988

due to an implicit mismatch in temporal scope. (5) 989

Fabricated Narrative Event denotes hallucinated 990

plot developments that directly contradict canoni- 991

cal story outcomes. 992

As illustrated in Table 5, these contradiction 993

types manifest as clear, localized conflicts with 994

fandom reference. Taking Cross-version Confusion 995

as an example, Haruhi Suzumiya is described as 996

having created an alternate world due to her dissat- 997

isfaction with reality; however, this event occurs 998

in other derivative or alternate-universe narratives 999

and does not take place in Nyoron! Churuya-san. 1000

In the case of Yuu Ishigami, he does eventually be- 1001

come the Student Council Vice President later in 1002

the narrative; however, the generated profile only 1003

includes his present role as Treasurer. 1004

E.2 Bias of LLM-Judge 1005

From those cases where the LLM judge labels 1006

as Contradicted while human annotators assign 1007

a different label, we conclude 3 major bias types 1008

exhibited by the LLM judge. (1) Absence-as- 1009

Contradiction Bias, where missing or unspecified 1010

information in the profile is incorrectly treated as 1011

a factual contradiction. (2) Temporal Misinterpre- 1012

13



Knowledge Point LLM Evidence Contradiction Type

Haruhi Suzumiya (Nyoron! Churuya-san):
Haruhi created an alternate world due to her dissatis-
faction with reality.

She does not create alternate worlds in this
series; the world remains static and mun-
dane. Cross-version Confusion

Illyasviel von Einzbern (Carnival Phantasm):
She was attacked by Zouken, leading to Berserker’s
corruption.

In this version, Berserker remains under
Illya’s control.

Jousuke Higashikata (JoJolion):
He exploits Crazy Diamond’s restoration ability for
tactical advantage.

His Stand is Soft & Wet, not Crazy Dia-
mond. Ability Misassignment

Ein (Cowboy Bebop):
Ein is a Cardigan Welsh Corgi.

The text explicitly identifies Ein as a Pem-
broke Welsh Corgi. Objective Attribute Error

Yuu Ishigami (Kaguya-sama):
He is the Student Council Vice President and former
Treasurer.

The text states he is the treasurer, not Vice
President. Temporal Inconsistency

Lelouch Lamperouge (Code Geass):
He resurrects after death and returns to protect the
world.

The text presents his death as final; no res-
urrection is mentioned. Fabricated Narrative Event

Table 5: Representative contradicted knowledge points where LLM-judge and human annotations agree. Each row
is separated by horizontal rules for clarity, and all entries are vertically centered.

tation Bias, where the LLM fails to distinguish be-1013

tween current, future, or alternative timeline facts.1014

(3) External Lore Intrusion Bias, where the LLM1015

relies on external or non-local canon knowledge1016

not present in the evaluated profile.1017

As shown in Table 6, a dominant source of dis-1018

agreement is Absence-as-Contradiction Bias, aris-1019

ing from the LLM judge’s tendency to treat missing1020

information as explicit contradiction. For instance,1021

in the cases of Hei and Rei Kiriyama, the profiles1022

simply omit the described events, which human an-1023

notators correctly label as Irrelevant, whereas the1024

LLM judge interprets absence as negation.1025

F Prompt Templates1026

Specifically, Table 7 present the prompts for the1027

iterative search stage, where the first prompt ini-1028

tializes diversified character-oriented queries and1029

the second prompt refines subsequent searches by1030

incorporating summarized evidence from the pre-1031

vious round. Table 8 shows the prompt used for1032

profile rewriting, which integrates multi-source ev-1033

idence into a coherent first-person character self-1034

introduction tailored for role-playing agents. For1035

evaluation, Table 9 details the prompt for extracting1036

fine-grained knowledge points from fandom refer-1037

ence, while Table 10 presents the LLM-as-a-Judge1038

prompt used to assess the alignment between indi-1039

vidual knowledge points and the generated profiles.1040

Together, these prompts operationalize the full au-1041

tomatic pipeline from information acquisition to 1042

quantitative profile evaluation. 1043
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Knowledge Point LLM Evidence (Excerpt) Human Label Bias Type

Hei (Darker than Black):
Hei struggled with the moral conflict of
potentially having to kill his sister Bai.

No indication he ever considered or was
required to kill her. Irrelevant

Absence-as-Contradiction

Rei Kiriyama (March Comes in Like a
Lion):

He lacks common sense, shown by
attempting to register his engagement.

The text does not mention any attempt to
register an engagement or lack of

common sense related to legal
procedures.

Irrelevant

Nagisa Furukawa (Clannad):
She has two M-shaped ahoge inherited

from both parents.

Ahoge is described, but no M-shape or
inheritance is mentioned.

Partially
Supported

Hiroto Suwa (Orange):
In an alternate timeline, Hiroto marries

Naho and has a child.

Marriage occurs in the original timeline,
not the alternate one. Supported Temporal

Misinterpretation

Asuka Langley Souryuu (Evangelion 2.0):
Her mother committed suicide after an

EVA experiment.

Rebuild version presents a different
backstory. Irrelevant

External Lore Intrusion
Princess Leia (Star Wars):

She survives in space using the Force.
Such an ability is neither mentioned nor

canonically supported. Irrelevant

Table 6: Representative cases where the LLM judge marks knowledge points as Contradicted while human
annotators assign other labels. The disagreements reveal systematic LLM judge biases.

First Search Prompt: Please help me collect all relevant knowledge about {{entity}} and integrate
it into a detailed encyclopedic document. Use markdown format. Be truthful, comprehensive, and
thorough, without omitting important information. You must verify the authenticity of information
and the credibility of sources. Do not include or fabricate false information.
You should include the character’s personality (very important), background, physical description,
core motivations, notable attributes, relationships, key experiences, major plot involvement and key
decisions or actions, character arc or development throughout the story, if there is any information
about these aspects.

Iterative Search Prompt: Please continue searching to verify and expand on the knowledge you
have already collected, such as searching for closely related people, events, objects, and other entities.

Table 7: First-round and iterative search prompt used in the CHARACTERHUB pipeline.

Prompt: Please completely rewrite all the above information from {{entity}}’s first-person
perspective. Ensure that the information is comprehensive and accurate. You need to focus on the
character’s personality, which you could also analyze based on the characters’ experiences. Besides,
include include the character’s, background, physical description, core motivations, notable attributes,
relationships, key experiences, major plot involvement and key decisions or actions, character arc or
development throughout the story, and other important details, if they appear in the information that
you obtained.

Table 8: Prompt for rewriting refined evidence into a first-person character profile.
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Prompt: You will receive a piece of character data (in JSON format) crawled from the Fandom website. The data includes
the character’s basic information (infobox) and textual descriptions (content).
Please parse the input JSON and extract all knowledge items related to the character, and focus on meaningful, distinctive,
and role-relevant information that contributes to understanding or role-playing this character, labeling each item with its
type.
Each knowledge item should represent a semantically complete factual statement or a clearly defined attribute. For
example: “He is a passionate young man determined to XXX” or “He is humanity’s strongest soldier.”
Output the results in a unified structured format.

## Please IGNORE any information that is irrelevant to character role-playing, including:
- Field echo information that only restates a label or name (e.g. “His name is XXX.”).
- Voice actors, performers, production companies, publishers, episode or chapter numbers (e.g. “voiced by ...”).
- Language, romanization, or spelling variants (e.g. Kanji, Romaji, kana notation).
- Generic or obvious facts that do not distinguish this character from ordinary people (e.g. “He is human” or “He is male”),
unless they have clear narrative or psychological significance (e.g. “He is human but can transform into a giant”—at this
point, “human” information has semantic value).
- Statistical or external information (e.g. number of appearances, popularity rankings, fan titles).
- External commentary or meta descriptions about the character (e.g. “first appeared in episode X”).
- Any meta-level information not belonging to the character’s in-universe context.

## Output Format
Please output your result in JSON format as follows:

{
"entity": "Character Name",
"knowledge_points": [
{
"type": "identity | appearance | ability | relationship | experience | personality | other",
"evidence": "Original supporting text or sentence from the input",
"knowledge": "Extracted knowledge statement"

},
...

]
}

## Rules
1. Each knowledge item should be semantically clear, self-contained, and useful for understanding or role-playing the
character.
2. Merge and deduplicate overlapping or equivalent facts. Keep only one representative version of each unique fact. Do
not output two items that share the same meaning even if worded differently. If two statements express similar meaning,
combine them into one richer description.
3. Do NOT invent or infer beyond the text. If something is only hinted at or ambiguous, exclude it.
4. Ensure the output is valid JSON with complete and logically consistent fields.
5. If certain categories are not present, you may omit them — do not fill with “unknown”.
6. You must only use the following categories for type:
- identity: factual identity, origin, birthplace, nationality, species, titles, nicknames, ranks, aliases, professions, affiliations
with organizations, teams, clans, groups, and roles or statuses associated with them.
- appearance: physical traits, looks, body, clothing, colors, and distinctive visual features.
- ability: skills, powers, techniques, magic, fighting capability, special talents, or combat style.
- relationship: family members, friends, rivals, lovers, allies, enemies, or any significant social or character connections.
- experience: key life events, battles, training, missions, achievements, historical background, or things the character has
done.
- personality: temperament, behavior patterns, motivations, desires, goals, attitudes, emotional tendencies, moral stance, or
thinking style.
- other: anything that does not reasonably fit into the above categories. Do not create or use any other category.

## Input Data:
{{input text}}

Table 9: Prompt for extracting structured knowledge points from reference character descriptions.
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Prompt: You are an expert evaluator for role-playing character consistency.
## Task
You will receive two items:
1. knowledge_list: a JSON array of knowledge objects about a character, each describing a factual aspect of the character.
Each object has:
- “id”: a unique integer identifier for the knowledge item,
- “knowledge”: a concise factual statement about the character.
2. text: a piece of character-related text. This may be:
- a first-person profile written from the character’s perspective,
- a third-person descriptive text about the character,
- or structured JSON data crawled from a source such as Fandom.
Treat all three forms uniformly as sources of factual claims.

Your goal is to determine, for each knowledge item in knowledge_list, determine whether the provided text:
- supported: The text explicitly expresses or clearly implies this knowledge point.
- partially supported: The text supports some but not all aspects of the knowledge point (e.g., mentions part of a list or
partial causation).
- irrelevant: The text does not mention or relate to this knowledge point.
- contradicted: The text states or implies something that conflicts with this knowledge point.
Do NOT use any labels other than the four above.

## Important Rules
1. Focus on semantic meaning, not wording. Example: if the knowledge says “He is calm and collected” and the text says
“I rarely lose my temper,” that is supported.
2. A contradicted label should be used only if the text explicitly or implicitly rejects or reverses something of the fact.
3. Missing details or partial lack of coverage should be labeled irrelevant, not contradicted.
4. Do NOT treat narrative perspective or tense as evidence. Do NOT interpret first-person narration (“I”) or present
tense (“I am”, “I do”) as evidence that the character is alive or active in the current timeline. Only mark a contradiction if
the text explicitly denies or reverses the fact.
5. When uncertain, choose the most reasonable interpretation based on the content of the given text.
6. For each evaluation, provide a brief quote or reasoning from the text that justifies your judgment.

## Example
knowledge_list:
[

{"id": 1, "knowledge": "Eren was born in the Shiganshina District."},
{"id": 2, "knowledge": "Eren is calm and patient."}

]

text:

"I grew up behind the walls of Shiganshina, dreaming of the world beyond.
I've always been reckless and driven by anger — patience was never my strength.
But since that day, I've carried the Titan power within me."

Expected Output:

[
{
"id": 1,
"knowledge": "Eren was born in the Shiganshina District.",
"evaluation": "supported",
"evidence": "He says he grew up in Shiganshina."

},
{

"id": 2,
"knowledge": "Eren is calm and patient.",
"evaluation": "contradicted",
"evidence": "He describes himself as reckless and impatient."

}
]

## Input
knowledge_list: {{knowledge_list}}

text: {{character_text}}

Table 10: Prompt for knowledge–profile alignment using an LLM-as-a-Judge framework.
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