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Abstract

The application of role-playing large language001
models (LLMs) is rapidly expanding in both002
academic and commercial domains, driving003
an increasing demand for high-precision role-004
playing models. Simultaneously, the rapid ad-005
vancement of reasoning techniques has con-006
tinuously pushed the performance boundaries007
of LLMs. This intersection of practical role-008
playing demands and evolving reasoning ca-009
pabilities raises an important research ques-010
tion: “Can reasoning techniques enhance the011
role-playing capabilities of LLMs?” To address012
this, we conduct a comprehensive study using013
6 role-playing benchmarks, 24 LLMs, and 3014
distinct role-playing strategies, comparing the015
effectiveness of direct zero-shot role-playing,016
role-playing with Chain-of-Thought (CoT), and017
role-playing using reasoning-optimized LLMs.018
Our findings reveal that CoT may reduce019
role-playing performance, reasoning-optimized020
LLMs are unsuitable for role-playing, reason-021
ing ability disrupts the role-playing scaling law,022
large models still lack proficiency in advanced023
role-playing, and Chinese role-playing perfor-024
mance surpasses English role-playing perfor-025
mance. Furthermore, based on extensive ex-026
perimental results, we propose two promising027
future research directions: Role-aware CoT for028
improving role-playing LLMs and Reinforce-029
ment Learning for role-playing LLMs, aiming030
to enhance the adaptability, consistency, and031
effectiveness of role-playing LLMs for both032
research and real-world applications.033

1 Introduction034

Large language models (LLMs), leveraging their035

strong foundational capabilities and advanced036

instruction-following abilities, have become the037

cornerstone of role-playing AI models (Chen et al.,038

2024b; Tseng et al., 2024). These role-playing039

LLMs present new opportunities in both research040

and commercial applications. In the academic do-041

main, they offer novel possibilities for social simu-042

Context
Tom: Captain, your boat has been stolen.

Zero-shot role-playing with GPT-4-Turbo
Not stolen, mate—temporarily misplaced. And
I always get my ship back, savvy?
Role-playing with chain-of-thought using
GPT-4-Turbo
[Reasoning process omitted] So the Pearl’s de-
cided to go on a little adventure without me—no
matter, I’ll just steal her back.
Role-playing with OpenAI o1-mini
[Reasoning process omitted] Stolen, you say,
mate—why, I’d be far more worried for the soul
foolish enough to filch the Pearl, savvy?

Table 1: Jack Sparrow role-playing example. It can be
observed that direct zero-shot prompting of GPT yields
better results, aligning more closely with Jack Sparrow’s
character traits.

lation experiments (Mou et al., 2024). In industry, 043

role-specific assistants, emotional companionship 044

AI, and intelligent game NPCs (Park et al., 2023; 045

Xu et al., 2024) hold significant potential for fur- 046

ther development and commercialization. At the 047

same time, reasoning capabilities in LLMs have 048

been further enhanced through Chain-of-Thought 049

(CoT) reasoning (Wei et al., 2022) and reinforce- 050

ment learning (Guo et al., 2025), enabling them to 051

tackle increasingly complex problems. 052

This situation prompts us to explore a previously 053

unanswered research question: “Can reasoning 054

techniques enhance the role-playing capabilities of 055

large language models?” The answer to this ques- 056

tion could provide valuable insights for the future 057

application of reasoning techniques in role-playing 058

LLMs, potentially paving a new path for their de- 059

velopment and advancement. 060

To address this question, we carefully select six 061

role-playing datasets and conduct experiments us- 062
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ing 24 widely used open-source and proprietary063

models. These models include API-based closed-064

source models such as GPT-4-Turbo (Achiam065

et al., 2023), popular open-source models like066

Qwen2.5 (Yang et al., 2024), and reinforce-067

ment learning-optimized reasoning models such068

as DeepSeek-R1 (Guo et al., 2025). All experi-069

ments are conducted using OpenCompass (Contrib-070

utors, 2023) to ensure evaluation consistency, sta-071

bility, and reproducibility. Specifically, we utilize072

six role-playing benchmarks: RoleBench (Wang073

et al., 2023b), InCharacter (Wang et al., 2024), So-074

cialBench (Chen et al., 2024a), CharacterEval (Tu075

et al., 2024), HPD (Chen et al., 2023), and CroSS-076

MR (Yuan et al., 2024). These benchmarks cover077

both multiple-choice and text generation tasks and078

include English and Chinese, making the evalu-079

ation linguistically diverse. For evaluation, we080

employ both traditional metrics (e.g., Accuracy,081

ROUGE, and Exact Match) and LLM-as-a-Judge082

methods (e.g., prompt-based evaluation and reward083

model scoring), ensuring a broad assessment scope084

to enhance the robustness of our conclusions. Fur-085

thermore, we define three role-playing approaches:086

direct zero-shot role-playing, role-playing with087

Chain-of-Thought (CoT), and role-playing using088

reasoning-optimized LLMs. This comprehensive089

setup allows us to systematically investigate the090

impact of reasoning techniques on role-playing per-091

formance. Table 1 presents a specific example,092

demonstrating that the first setting, direct zero-shot093

role-playing, achieves the best performance.094

Through extensive experiments, our findings re-095

veal several key insights that can inform the fu-096

ture design of role-playing LLMs: (1) CoT may097

reduce role-playing performance; (2) Reasoning-098

optimized LLMs are unsuitable for role-playing;099

(3) Reasoning ability disrupts the role-playing scal-100

ing law; (4) The Qwen series is well-suited for101

role-playing; (5) Chinese role-playing performance102

surpasses English role-playing performance; (6)103

Large models still lack proficiency in advanced104

role-playing.105

Our study makes three key contributions. First,106

through extensive experiments on six role-playing107

datasets and 24 models, we reveal that reasoning108

techniques do not necessarily enhance the role-109

playing capabilities of LLMs. Second, our results110

provide a comprehensive analysis of the current111

state and limitations of role-playing LLMs, leading112

to two promising research directions: Role-Aware113

CoT for Improving Role-Playing LLMs and Rein-114

forcement Learning for Role-Playing LLMs. Third, 115

to address the fragmented nature of prior work with 116

inconsistent evaluation standards, we integrate all 117

datasets and experimental methods into OpenCom- 118

pass, enabling one-click execution and providing 119

a standardized experimental framework and code- 120

base for future research1. 121

2 Evaluation Framework 122

The evaluation framework for LLM-based role- 123

playing agents primarily consists of the following 124

components: the LLM itself (M), character pro- 125

file (P), evaluation task (T ), evaluation metric (E), 126

and, when applicable, a reference standard answer 127

(A). In this study, we focus on whether reasoning 128

techniques (R) can enhance the role-playing capa- 129

bilities of LLMs. Therefore, the overall evaluation 130

process can be formalized as follows: 131

Given an LLM M, a predefined character profile 132

P , an evaluation task T , and an evaluation metric 133

E , the role-playing performance of M is assessed 134

by generating responses conditioned on P and T . 135

The generated outputs are then evaluated using E , 136

which quantifies alignment with the intended role. 137

Additionally, reasoning techniques R are incorpo- 138

rated into M to examine their impact on enhancing 139

role-playing abilities. Formally, the evaluation pro- 140

cess can be expressed as: S = E(M(P, T ,R),A) 141

where S represents the final performance score, 142

capturing the effectiveness of M in role-playing 143

under the given conditions. A higher S indicates 144

stronger role-playing capabilities. If A is unavail- 145

able or unnecessary, the evaluation metric E can be 146

adapted to rely on alternative assessment criteria, 147

such as LLM-as-a-Judge. 148

3 Experimental Setting 149

In this section, we introduce the benchmarks, mod- 150

els, metrics, and reasoning methods used in our 151

experiments. All relevant code has been integrated 152

into the OpenCompass (Contributors, 2023) library 153

to facilitate efficient replication by researchers. 154

3.1 Role-playing Benchmarks 155

We select six role-playing benchmarks to ensure 156

the reliability of our experimental results, includ- 157

ing: RoleBench (Wang et al., 2023b): Generates 158

responses to both general and role-specific ques- 159

tions based on role information. HPD (Chen et al., 160

1All code will be open-sourced upon publication.
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Dataset Task Type Evaluation Metric Task Language #Characters #Samples

RoleBench (Wang et al., 2023b) Generation
Automatic
(ROUGE)

General Question Answering
EN 95 32833
ZH 5 1690

Role-specific Question Answering EN 95 7534

HPD (Chen et al., 2023) Generation
Automatic
(ROUGE)

Response Generation
EN 1 149
ZH 1 167

CharacterEval (Tu et al., 2024) Generation
LLM-as-a-Judge
(Pretrained Reward Model)

Response Generation ZH 77 4564

CROSS-MR (Yuan et al., 2024) Multiple-choice
Automatic
(Accuracy)

Motivation Recognition EN 126 445

Socialbench (Chen et al., 2024a)

Multiple-choice
Automatic
(Accuracy)

Role Knowledge Understanding
EN 23 988
ZH 15 405

Behavioral Style Understanding
EN 8 740
ZH 8 323

Social Preference Recognition
EN 79 731
ZH 101 1185

Generation
Automatic
(Exact Match)

Long Conversation Memorization
EN 47 728
ZH 35 620

Short Conversation Memorization
EN 46 463
ZH 27 310

InCharacter (Wang et al., 2024) Generation
LLM-as-a-Judge
(Prompting)

16Personalities Identification EN 32 32

BFI Identification EN 32 32

Table 2: Benchmark statistics.

2023): Produces responses by leveraging the pro-161

vided Harry Potter character information and re-162

lated character details. CharacterEval (Tu et al.,163

2024): Generates responses based on detailed char-164

acter information, including background experi-165

ences and personality traits. CroSS-MR (Yuan166

et al., 2024): Recognizes a role’s behavioral mo-167

tivations based on the provided character profile.168

SocialBench (Chen et al., 2024a): Understands169

a role’s knowledge, behavioral style, social pref-170

erences, and fine-grained memory based on the171

given role information. InCharacter (Wang et al.,172

2024): Assesses a character’s personality through173

questionnaire-based interviews2. Detailed bench-174

mark statistics are provided in Table 2.175

3.2 Backbone LLMs176

Our experiments include a total of 24 models, com-177

prising 2 closed-source models and 22 open-source178

models. These models originate from six different179

companies, including state-of-the-art models such180

as GPT-4-Turbo and DeepSeek-R1. The detailed181

list of models is provided in Appendix A.182

3.3 Evaluation Metrics183

Our evaluation incorporates two types of metrics:184

automated metrics and LLM-as-a-Judge, both185

2InCharacter benchmark comprises 14 types of assessment
questionnaires. In this study, we select the most classic ones:
16Personalities and BFI for reporting results. Meanwhile, all
other questionnaires are also implemented in the code.

of which are widely recognized and scalable eval- 186

uation approaches. Automated metrics include 187

ROUGE, Accuracy, and Exact Match, which are 188

well-established and widely accepted in the field 189

as classical evaluation benchmarks. LLM-as-a- 190

Judge further encompasses two methodologies: the 191

Pretrained Reward Model and Prompting-based 192

Scoring. The Pretrained Reward Model is trained 193

on annotated datasets and assigns scores to spec- 194

ified dimensions during evaluation. In contrast, 195

Prompting-based Scoring leverages prompt engi- 196

neering techniques and the extensive knowledge 197

base of LLMs to dynamically and adaptively gen- 198

erate relevant scores, providing a more flexible and 199

responsive evaluation mechanism. In Appendix B, 200

we provide a detailed explanation of the evaluation 201

metrics used for each benchmark. 202

3.4 Role-playing Methods 203

In this study, we employ three approaches to guide 204

LLMs in performing role-playing tasks: R1: Direct 205

zero-shot role-playing using an LLM, where the 206

model generates responses without reasoning steps. 207

R2: Role-playing with chain-of-thought (CoT) rea- 208

soning, where an LLM explicitly engages in step- 209

by-step reasoning before executing the role-playing 210

task. R3: Role-playing using reasoning-optimized 211

LLMs, such as QwQ-32B-Preview and DeepSeek- 212

R1, which autonomously engage in deep reasoning 213

before generating responses. 214
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Figure 1: Performance comparison of 17 Models using two role-playing methods across six benchmarks. The
horizontal axis ranks models in descending order of scale, while the vertical axis represents the unique metric for
each dataset. Notably, darker colors indicate that zero-shot role-playing outperforms CoT role-playing, whereas
lighter colors signify that zero-shot role-playing underperforms compared to CoT role-playing.

4 Results and Findings215

In this section, we present our experimental analy-216

sis and key findings.217

4.1 CoT May Reduce Role-Playing218

Performance219

To investigate whether reasoning techniques en-220

hance the role-playing capabilities of LLMs, we221

conduct extensive experiments. Specifically, we222

select 17 models and evaluate their role-playing223

performance using both zero-shot and chain-of-224

thought (CoT) approaches across six standardized225

and widely used benchmarks. All experimental re-226

sults are presented in the Appendix C. Figure 1 pro-227

vides an aggregated overview of the results. Specif-228

ically, for each model, its final performance on a229

given benchmark is computed as the average of its230

performance across all sub-datasets.231

As shown in Figure 1, employing CoT reason-232

ing is more likely to degrade role-playing perfor-233

mance on four benchmarks: CroSS-MR, HPD, So-234

cialBench, and CharacterEval. In contrast, on In-235

Character and RoleBench, CoT reasoning enhances236

the role-playing capabilities of LLMs. To further237

understand why CoT reduces the role-playing ca-238

pabilities of LLMs, we select Qwen2.5-7B-Instruct239

as the experimental model. We then sample 50 test240

cases from each of the six benchmarks where CoT241

performance is lower than Zero-shot performance242

for detailed analysis.243

Our findings indicate that the primary reasons for 244

CoT-induced degradation in role-playing are: (1) 245

“Attention Diversion”: The model must simultane- 246

ously engage in reasoning and role-playing modes, 247

which dilutes its focus on the role-playing task. (2) 248

“Linguistic Style Drift”: Reasoning responses tend 249

to be structured, logical, and formal, whereas effec- 250

tive role-playing requires a vivid, expressive, and 251

character-consistent linguistic style. 252

Finding 1:

CoT may reduce the role-playing capabilities of
LLMs, primarily due to attention diversion and
linguistic style drift induced by the reasoning
process.

253

4.2 Reasoning-optimized LLMs Are 254

Unsuitable for Role-Playing 255

The most advanced models available today are un- 256

doubtedly reasoning-optimized models, including 257

OpenAI’s o series, DeepSeek’s R1 model, and vari- 258

ous distilled versions derived from DeepSeek-R13. 259

Compared to CoT reasoning, these models leverage 260

pretraining and reinforcement learning techniques 261

to cultivate intrinsic reasoning capabilities, making 262

them inherently more adept at reflection, verifica- 263

tion, and other cognitive processes. 264

To investigate whether reasoning-optimized 265

3https://github.com/deepseek-ai/DeepSeek-R1
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Figure 2: Experimental results of various models across 6 benchmarks. Models of similar sizes are represented
using the same color scheme, with each employing different types of reasoning techniques. The vertical axis denotes
the evaluation metrics specific to each dataset.

models are better suited for role-playing tasks, we266

conduct experiments using OpenAI o1-mini, QwQ-267

32B-Preview, DeepSeek-R1, and its various dis-268

tilled versions. The experimental results are pre-269

sented in Figure 2.270

It is evident that reasoning-optimized LLMs271

generally perform poorly and are not well-suited272

for role-playing tasks, even for state-of-the-art273

models such as OpenAI o1-Mini and DeepSeek-274

R1. Furthermore, we observe that models refined275

through reasoning distillation exhibit even worse276

role-playing performance compared to their origi-277

nal counterparts. This finding aligns with the con-278

clusion drawn in the previous subsection: enhanc-279

ing rational reasoning capabilities tends to under-280

mine the emotional and intuitive aspects essential281

for effective role-playing.282

Finding 2:

Reasoning-optimized LLMs are less suitable for
role-playing tasks.

283

4.3 Reasoning Ability Disrupts the284

Role-Playing Scaling Law285

Figure 3 presents the results of our three experi-286

mental settings: direct zero-shot role-playing, role-287

playing with Chain-of-Thought (CoT), and role-288

playing using reasoning-optimized LLMs. First,289

we observe that, with the exception of the InChar-290

acter benchmark, the other five benchmarks gen- 291

erally follow the scaling law, where larger models 292

exhibit stronger role-playing capabilities. However, 293

we also find that the role-playing scaling law is not 294

particularly pronounced—the performance gains 295

from increasing model size remain relatively mod- 296

est and inconsistent across benchmarks. Further- 297

more, introducing reasoning capabilities, whether 298

through CoT or reasoning-optimized LLMs, further 299

weakens the benefits of scaling, leading to more 300

pronounced fluctuations, increased instability, and 301

greater variability in model performance across dif- 302

ferent role-playing tasks and datasets, making the 303

scaling trend less predictable and consistent. 304

Finding 3:

The role-playing scaling law exists but is not
pronounced, and the introduction of reasoning
capabilities disrupts this scaling law.

305

4.4 The Qwen Series Is Well-Suited for 306

Role-Playing Tasks 307

To provide guidance on model selection for future 308

role-playing tasks, we conduct a comprehensive 309

and systematic comparative analysis across differ- 310

ent model scales (e.g., 1B, 3B, 7B, 14B, 32B, 72B). 311

The results are shown in Figure 3. Our findings 312

indicate that the Qwen2.5 series consistently out- 313

performs the Llama, Gemma, and Mistral series 314
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(b) Results of role-playing with chain-of-thought (CoT) reasoning.
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(c) Results of role-playing using reasoning-optimized LLMs.

Figure 3: Performance comparison of different models across six benchmarks. The horizontal axis represents model
size, arranged from smallest to largest, while the vertical axis denotes benchmark-specific evaluation metrics, where
higher values indicate better role-playing performance. Within each benchmark, different color gradients represent
the performance curves for its respective sub-datasets.

across various size ranges in terms of role-playing315

accuracy, persona consistency, linguistic expres-316

siveness, and contextual coherence. Notably, we317

recommend Qwen2.5-7B-Instruct as the most cost-318

effective and well-balanced model for role-playing319

applications, as it offers a strong trade-off between320

performance, computational efficiency, and adapt-321

ability across diverse role-playing scenarios.322

Finding 4:

The Qwen2.5 series excels in role-playing tasks,
with Qwen2.5-7B-Instruct being the most cost-
effective model.

323
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Figure 4: Fine-grained performance of the Qwen2.5 series on the CharacterEval benchmark. The radar chart
illustrates multiple evaluation dimensions, with metrics computed using a pretrained reward model. Higher scores
indicate stronger capabilities.

4.5 Chinese Role-Playing Performance324

Surpasses English Role-Playing325

Performance326

The role-playing benchmarks HPD, SocialBench,327

InCharacter, and RoleBench provide both Chinese328

and English versions, enabling a direct comparison329

of multilingual role-playing performance. Inter-330

estingly, an analysis of Figure 3 reveals that cur-331

rent LLMs exhibit stronger role-playing capabil-332

ities in Chinese than in English across multiple333

benchmarks and evaluation metrics. This observa-334

tion contradicts the common conclusion that LLMs335

generally have a stronger foundation in English336

compared to other languages, particularly in rea-337

soning and knowledge-intensive tasks. We hypoth-338

esize that this phenomenon may be attributed to the339

following factor: Due to the extensive training on340

English data, models have to some extent internal-341

ized generalized character information. When per-342

forming precise role-playing tasks, this internalized343

generalization can interfere with context-sensitive344

role-playing, leading to performance degradation.345

Finding 5:

Large models exhibit superior role-playing capa-
bilities in Chinese compared to English to some
extent.

346

4.6 Large Models Still Lack Proficiency in 347

Advanced Role-Playing 348

To further investigate the limitations of current 349

LLM-based role-playing models, we conduct 350

an analysis using the CharacterEval benchmark. 351

Specifically, CharacterEval provides a pretrained 352

reward model that assigns scores across 12 role- 353

playing evaluation dimensions4. We analyze the 354

performance of the Qwen2.5 series, with the re- 355

sults presented in Figure 4. All detailed results 356

are presented in Appendix D. First, consistent with 357

our previous findings, direct zero-shot role-playing 358

outperforms other approaches in most cases. Fur- 359

thermore, a fine-grained comparison of evaluation 360

metrics reveals that current LLMs still exhibit defi- 361

ciencies in advanced role-playing dimensions, such 362

as character knowledge exposition, personality ex- 363

pression, and linguistic diversity. These aspects re- 364

quire further enhancement in future research to im- 365

prove the overall role-playing capability of LLMs. 366

Finding 6:

Current LLMs still underperform in advanced
role-playing capabilities, such as knowledge ex-
position, personality expression, and diversity.

367

4https://huggingface.co/morecry/BaichuanCharRM
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5 Related Works368

In recent years, large language models (LLMs)369

have revolutionized the paradigm of artificial in-370

telligence, achieving human-like performance in371

mathematics (Liu et al., 2023; Shao et al., 2024),372

coding (Luo et al., 2023; Roziere et al., 2023; Guo373

et al., 2024; Zhu et al., 2024), embodied intelli-374

gence (Wang et al., 2023a; Liu et al., 2024), game375

intelligence (Hu et al., 2024; Feng et al., 2024),376

and advanced reasoning (Chu et al., 2023; Xu et al.,377

2025). The comprehensive enhancement of founda-378

tional capabilities in these models has opened new379

opportunities for the development of role-playing380

agents (Chen et al., 2024b), resulting in a prolif-381

eration of such applications based on LLMs. On382

one hand, this has catalyzed innovations in fields383

such as psychological counseling, anthropomor-384

phic companionship, and game NPCs (Tseng et al.,385

2024). On the other hand, it has provided fresh386

avenues for advancing social simulations (Mou387

et al., 2024). Concurrently, reasoning techniques388

in LLMs have flourished, with methods like chain-389

of-thought reasoning (Wei et al., 2022), tree-of-390

thought reasoning (Yao et al., 2024), and o1-style391

reasoning (Jaech et al., 2024) progressively maxi-392

mizing the potential of these models, particularly393

achieving remarkable outcomes in tasks involving394

mathematics and coding (Guo et al., 2025; Team395

et al., 2025). While prior research has predom-396

inantly focused on role-playing applications and397

their evaluation, this study is positioned at the in-398

tersection of LLM-based role-playing agents and399

reasoning techniques. It seeks to address the sci-400

entific question of whether reasoning techniques401

enhance the role-playing capabilities of LLMs. By402

doing so, this work aims to provide guidance for403

developing more realistic and reliable role-playing404

agents powered by LLMs.405

6 Future Directions406

Based on our experimental findings, we propose407

two potential research directions that integrate role-408

playing and reasoning techniques for future explo-409

ration.410

Role-aware Chain-of-Thought (CoT) for Im-411

proving Role-playing LLMs. One promising412

direction for enhancing the role-playing ability413

of LLMs is Role-aware CoT reasoning. While414

standard CoT enables step-by-step logical infer-415

ence, it often disregards the persona-specific con-416

straints that are essential for consistent role-playing. 417

A role-aware CoT approach would integrate per- 418

sona attributes, narrative constraints, and character- 419

specific perspectives into the reasoning process, 420

ensuring that logical deductions align with the char- 421

acter’s predefined traits. For instance, a historical 422

figure simulated in an LLM should reason within 423

the knowledge and biases of their era rather than 424

applying contemporary logic. This requires incor- 425

porating dynamic memory structures that retain 426

persona information throughout multi-turn interac- 427

tions, mitigating the risk of breaking character or 428

adopting inconsistent reasoning patterns. 429

Reinforcement Learning for Role-playing 430

LLMs. DeepSeek-R1 has demonstrated that by 431

defining precise rule-based rewards, reinforcement 432

learning alone can induce emergent reasoning and 433

cognitive capabilities. This suggests an important 434

research direction: investigating whether carefully 435

designed role-playing task rewards can enable 436

models to autonomously develop intrinsic, role- 437

specific reasoning and thinking abilities, thereby 438

enhancing their role-playing performance. A 439

critical consideration in reward design is ensuring 440

that it simultaneously accounts for the accuracy of 441

the role-playing task while effectively guiding the 442

model to develop role-specific reasoning abilities. 443

The reward function should prevent the model from 444

relying on shortcuts to generate final responses, 445

instead encouraging it to engage in authentic 446

character-driven reasoning and decision-making. 447

7 Conclusion 448

This study aims to address the research ques- 449

tion: “Can reasoning techniques enhance the 450

role-playing capabilities of large language mod- 451

els (LLMs)?” To this end, we conduct extensive 452

experiments using 6 role-playing benchmarks, 24 453

LLMs, and 3 distinct role-playing methods. Our 454

experimental results lead to the following key find- 455

ings: CoT may reduce role-playing performance, 456

reasoning-optimized LLMs are unsuitable for role- 457

playing, reasoning ability disrupts the role-playing 458

scaling law, the Qwen series is well-suited for role- 459

playing tasks, Chinese role-playing performance 460

surpasses English role-playing performance, and 461

large models still lack proficiency in advanced role- 462

playing. All code is integrated into OpenCompass, 463

ensuring reproducibility and facilitating further re- 464

search. We hope that our findings provide new per- 465

spectives for future studies on role-playing LLMs. 466
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Limitations467

Although we have made every effort to compre-468

hensively cover the most commonly used models469

and role-playing benchmarks, our selection may470

still be incomplete. Certain niche models or spe-471

cialized benchmarks may not have been included,472

which could introduce potential biases in our find-473

ings. As a result, while our conclusions provide474

valuable insights into the role-playing capabilities475

of large language models, their robustness could476

be further enhanced through broader model cover-477

age, additional benchmark evaluations, and more478

extensive experimental validations. Future studies479

should explore a wider range of datasets and model480

architectures to ensure greater generalizability and481

reliability of the findings.482
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A Evaluated Models 648

Table 3 lists all the large language models (LLMs) 649

used in this study. 650

B Detailed Metrics 651

• Accuracy: Used for multiple-choice eval- 652

uation in Cross-MR and the SocialBench 653

multiple-choice task. 654

• ROUGE: Used for text generation evaluation 655

in HPD and RoleBench. 656

• Exact Match: Used in the SocialBench Gen- 657

eration Task to assess the alignment of key 658

memory points. 659

• LLM-as-a-Judge (Prompting): Used in In- 660

Character to convert model responses into 661

standardized answers through analytical trans- 662

formation. 663

• LLM-as-a-Judge (Reward Model): Used in 664

CharacterEval, where a reward model assigns 665

scores across 12 evaluation dimensions for 666

model responses. 667

C Detailed Results on Role-palying 668

Benchmarks 669

Tables 4, 5, 6, 7, and 8 present the experimental 670

results of various models using three role-playing 671

methods across six benchmarks. 672
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Team Model

Closed-source

OpenAI
GPT-4 Turbo
OpenAI o1-mini

Open-source

Qwen

Qwen2.5-0.5B-Instruct
Qwen2.5-1.5B-Instruct
Qwen2.5-3B-Instruct
Qwen2.5-7B-Instruct
Qwen2.5-14B-Instruct
Qwen2.5-32B-Instruct
Qwen2.5-72B-Instruct
QwQ-32B-Preview

Google
gemma-2-2b-it
gemma-2-9b-it
gemma-2-27b-it

Meta

Llama-3.2-1B-Instruct
Llama-3.2-3B-Instruct
Llama-3.1-8B-Instruct
Llama-3.3-70B-Instruct

Mistral AI
Ministral-8B-Instruct-2410
Mistral-7B-Instruct-v0.3

Deepseek

DeepSeek-R1
DeepSeek-R1-Distill-Llama-8B
DeepSeek-R1-Distill-Qwen-14B
DeepSeek-R1-Distill-Qwen-32B
DeepSeek-R1-Distill-Llama-70B

Table 3: List of models evaluated in the experiment.

D Fine-Grained Results on673

CharacterEval674

Table 9, 10, 11, 12, and 13 present the fine-grained675

performance of different models on CharacterEval676

using three role-playing methods. The evaluation677

consists of 12 dimensions, with all scores provided678

by a pretrained reward model.679
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Dataset Sub Dataset OpenAI
GPT-4 Turbo

Qwen2.5-0.5B
-Instruct

Qwen2.5-1.5B
-Instruct

Qwen2.5
-3B-Instruct

Qwen2.5-7B
-Instruct

Qwen2.5-14B
-Instruct

Qwen2.5-32B
-Instruct

Qwen2.5-72B
-Instruct

Cross cross 53.93 26.29 45.39 55.96 56.40 59.10 61.80 62.92

HPD
hpd_en 17.21 10.18 11.71 12.18 13.28 12.85 14.12 14.29
hpd_zh 20.80 6.13 7.65 17.24 18.37 19.83 20.90 20.83

Socialbench

socialbench_sap_zh 73.08 39.04 64.22 75.78 79.41 82.36 86.92 83.54
socialbench_sap_en 83.04 36.99 61.70 80.98 89.19 92.34 92.89 89.33
socialbench_sa_rolestyle_zh 57.59 23.84 40.56 58.51 69.35 71.21 77.71 74.30
socialbench_sa_rolestyle_en 81.62 44.96 50.68 71.35 80.27 83.24 87.43 90.81
socialbench_sa_roleknowledge_zh 89.07 53.09 65.08 85.02 88.16 94.03 96.26 96.30
socialbench_sa_roleknowledge_en 83.13 44.03 37.63 76.63 79.62 85.91 80.27 96.96
socialbench_mem_short_zh 83.16 13.35 48.03 63.83 76.50 88.41 76.33 82.53
socialbench_mem_short_en 83.13 16.35 48.40 72.78 76.82 80.24 87.21 86.90
socialbench_mem_long_zh 60.94 11.20 58.46 61.46 75.30 87.78 75.52 82.32
socialbench_mem_long_en 60.91 14.01 58.46 61.46 75.30 87.78 75.52 83.92

InCharacter

incharacter_16Personalities_en 0.48 0.44 0.56 0.45 0.53 0.54 0.41 0.39
incharacter_16Personalities_zh 0.50 0.43 0.50 0.39 0.36 0.68 0.32 0.45
incharacter_BFI_en 0.50 0.50 0.50 0.57 0.47 0.47 0.53 0.46
incharacter_BFI_zh 0.53 0.57 0.57 0.53 0.60 0.60 0.63 0.57

Charactereval charactereval 2.52 1.70 2.05 2.45 2.77 3.08 2.96 3.21

RoleBench
instruction_generalization_en 18.57 20.41 20.67 20.73 21.15 21.89 13.28 3.21
instruction_generalization_zh 19.45 16.63 15.25 18.18 16.88 16.68 17.36 20.39
role_generalization_en 25.93 19.04 19.18 21.19 21.68 23.08 22.29 17.20

Table 4: Direct zero-shot role-playing performance of different LLMs on various role-playing benchmarks (part1).

Dataset Sub Dataset Gemma-2
-2B-it

Gemma-2
-9B-it

Gemma-2
-27B-it

Llama-3.2-1B
-Instruct

Llama-3.2-3B
-Instruct

Llama-3.1-8B
-Instruct

Llama-3.3-70B
-Instruct

Mistral-8B
-Instruct-2410

Mistral-7B
-Instruct-v0.3

Cross cross 36.40 62.92 65.62 30.79 51.91 56.63 65.17 47.64 52.81

HPD
hpd_en 12.30 12.13 10.66 6.78 11.10 14.33 12.47 15.54 14.74
hpd_zh 11.50 13.08 14.20 9.82 9.63 16.93 19.10 21.12 19.20

SocialBench

socialbench_sap_zh 75.86 84.81 88.52 36.54 74.77 83.54 93.25 78.06 77.22
socialbench_sap_en 75.92 90.97 91.66 42.54 83.31 86.05 93.71 85.91 85.77
socialbench_sa_rolestyle_zh 37.15 70.28 51.08 26.01 51.39 63.47 76.78 64.40 55.11
socialbench_sa_rolestyle_en 47.16 66.35 57.97 40.68 72.30 81.49 63.65 84.73 77.70
socialbench_sa_roleknowledge_zh 55.56 80.00 74.32 39.26 69.63 80.49 92.59 79.75 65.93
socialbench_sa_roleknowledge_en 55.87 80.57 77.73 43.52 73.38 86.64 76.92 83.91 81.68
socialbench_mem_short_zh 46.19 83.01 85.97 47.42 59.52 81.56 92.47 85.70 85.38
socialbench_mem_short_en 55.32 68.97 45.39 33.98 41.83 82.03 88.56 76.20 82.26
socialbench_mem_long_zh 57.68 79.25 80.45 44.59 65.73 88.82 91.50 88.60 86.75
socialbench_mem_long_en 59.62 68.01 44.13 32.28 65.96 89.14 88.87 82.26 80.96

InCharacter

incharacter_16Personalities_en 0.58 0.45 0.54 0.54 0.54 0.44 0.44 0.47 0.46
incharacter_16Personalities_zh 0.36 0.36 0.68 0.55 0.50 0.68 0.77 0.64 0.68
incharacter_BFI_en 0.50 0.52 0.50 0.39 0.54 0.54 0.50 0.50 0.45
incharacter_BFI_zh 0.50 0.57 0.57 0.57 0.53 0.47 0.67 0.57 0.63

Charactereval charactereval 2.23 2.49 2.53 2.14 2.24 2.89 2.90 2.63 2.26

RoleBench
rolebench_instruction_generalization_en 20.13 20.73 21.95 13.28 15.72 16.87 17.93 25.39 18.89
rolebench_instruction_generalization_zh 15.89 17.68 17.32 9.72 15.95 17.54 18.81 20.90 14.38
rolebench_generalization_en 20.66 20.70 21.72 12.57 14.22 15.29 15.60 24.55 17.25

Table 5: Direct zero-shot role-playing performance of different LLMs on various role-playing benchmarks (part2).

Dataset Sub Dataset OpenAI
GPT-4 Turbo

Qwen2.5-0.5B
-Instruct

Qwen2.5-1.5B
-Instruct

Qwen2.5
-3B-Instruct

Qwen2.5-7B
-Instruct

Qwen2.5-14B
-Instruct

Qwen2.5-32B
-Instruct

Qwen2.5-72B
-Instruct

COT cross 46.74 26.97 32.13 39.78 41.80 58.20 48.54 48.76

HPD
hpd_en 15.37 7.88 11.38 11.45 15.01 14.82 15.36 10.03
hpd_zh 20.75 13.49 13.29 15.73 19.44 20.66 21.73 20.75

SocialBench

socialbench_sap_zh 70.21 32.32 64.22 75.27 77.22 75.02 82.53 75.95
socialbench_sap_en 59.10 29.55 59.78 78.25 85.64 87.41 87.55 84.13
socialbench_sa_rolestyle_zh 54.18 26.63 45.82 51.39 69.66 70.28 78.02 72.45
socialbench_sa_rolestyle_en 50.41 30.27 46.49 62.70 63.38 80.27 85.14 81.76
socialbench_sa_roleknowledge_zh 66.67 32.35 61.98 83.70 89.38 95.06 94.07 97.53
socialbench_sa_roleknowledge_en 46.05 37.25 67.61 82.39 89.47 95.04 95.75 93.52
socialbench_mem_short_zh 79.09 13.17 28.98 72.04 77.69 87.58 82.42 83.98
socialbench_mem_short_en 76.75 22.49 40.18 68.91 78.75 86.48 84.26 85.51
socialbench_mem_long_zh 39.74 12.16 38.22 67.98 78.20 86.69 84.07 83.79
socialbench_mem_long_en 57.18 14.44 54.29 67.21 79.66 86.98 82.15 84.65

InCharacter

incharacter_16Personalities_en 0.75 0.49 0.47 0.49 0.54 0.43 0.52 0.53
incharacter_16Personalities_zh 0.65 0.68 0.50 0.68 0.36 0.68 0.55 0.50
incharacter_BFI_en 0.40 0.43 0.50 0.49 0.52 0.49 0.49 0.42
incharacter_BFI_zh 0.73 0.63 0.67 0.60 0.63 0.53 0.70 0.70

Charactereval charactereval 2.58 1.81 2.52 2.39 2.65 2.99 3.04 3.10

RoleBench
instruction_generalization_en 27.13 16.31 22.33 22.66 25.81 25.55 24.60 23.61
instruction_generalization_zh 21.19 14.12 17.82 16.55 19.83 18.95 19.81 18.38
role_generalization_en 27.42 18.04 22.86 22.73 25.99 25.77 25.24 24.42

Table 6: Performance of role-playing with chain-of-thought reasoning on various role-playing benchmarks (part 1).
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Dataset Sub Dataset Gemma-2
-2B-it

Gemma-2
-9B-it

Gemma-2
-27B-it

Llama-3.2-1B
-Instruct

Llama-3.2-3B
-Instruct

Llama-3.1-8B
-Instruct

Llama-3.3-70B
-Instruct

Mistral-8B
-Instruct-2410

Mistral-7B
-Instruct-v0.3

Cross cross 33.48 50.11 42.25 27.87 40.45 46.97 62.70 39.10 41.12

HPD
hpd_en 7.01 8.04 7.39 6.84 11.17 4.90 6.85 15.15 10.68
hpd_zh 13.49 14.82 9.81 12.48 16.04 16.60 20.27 12.82 15.64

SocialBench

socialbench_sap_zh 71.31 85.91 85.74 33.42 78.99 85.65 92.07 80.25 74.60
socialbench_sap_en 77.15 88.37 91.93 41.04 80.44 66.21 95.21 63.34 58.69
socialbench_sa_rolestyle_zh 49.85 68.73 69.04 23.22 50.77 61.30 77.09 66.87 52.94
socialbench_sa_rolestyle_en 64.19 80.41 82.70 30.95 55.14 54.46 89.19 48.65 50.95
socialbench_sa_roleknowledge_zh 69.63 85.68 89.88 24.94 64.94 78.77 92.35 77.78 68.15
socialbench_sa_roleknowledge_en 74.19 93.52 93.42 33.60 71.76 70.85 95.34 47.98 44.64
socialbench_mem_short_zh 63.80 81.29 82.42 31.99 45.39 81.13 91.67 90.00 71.40
socialbench_mem_short_en 70.49 70.57 49.78 27.71 50.84 85.37 89.23 85.54 86.62
socialbench_mem_long_zh 63.67 83.56 82.16 29.47 35.65 74.90 89.66 87.70 73.89
socialbench_mem_long_en 63.52 75.21 52.53 28.60 60.87 86.10 87.19 86.11 83.60

InCharacter

incharacter_16Personalities_en 0.56 0.51 0.55 0.48 0.54 0.49 0.51 0.44 0.53
incharacter_16Personalities_zh 0.59 0.68 0.55 0.64 0.64 0.73 0.77 0.45 0.45
incharacter_BFI_en 0.49 0.47 0.48 0.55 0.49 0.47 0.54 0.46 0.52
incharacter_BFI_zh 0.57 0.70 0.53 0.67 0.67 0.70 0.63 0.53 0.60

Charactereval charactereval 2.29 2.48 2.56 2.15 2.11 2.67 2.70 2.55 2.21

RoleBench
instruction_generalization_en 22.18 23.54 23.55 17.53 19.48 22.38 20.72 28.03 24.89
instruction_generalization_zh 16.31 18.67 18.65 14.58 16.03 19.38 19.58 20.83 18.04
role_generalization_en 23.52 24.33 24.73 15.59 17.17 21.74 17.79 26.70 23.00

Table 7: Performance of role-playing with chain-of-thought reasoning on various role-playing benchmarks (part 2).

Dataset Sub Dataset OpenAI
o1-mini

Deepseek
-R1

QwQ-32B
-Preview

DeepSeek-R1
-Distill-Llama-8B

DeepSeek-R1
-Distill-Qwen-14B

DeepSeek-R1
-Distill-Qwen-32B

DeepSeek-R1
-Distill-Llama-70B

Cross cross 45.23 44.19 62.02 45.17 46.97 50.11 51.91

HPD
hpd_en 14.96 13.28 3.95 9.25 12.21 12.41 12.04
hpd_zh 19.87 20.87 10.14 9.22 17.48 18.58 15.85

SocialBench

socialbench_sap_zh 68.11 64.72 79.16 77.97 81.94 88.69 89.70
socialbench_sap_en 57.08 56.52 85.09 83.31 88.92 81.67 94.12
socialbench_sa_rolestyle_zh 52.29 56.87 70.90 64.09 72.76 78.02 78.02
socialbench_sa_rolestyle_en 48.29 46.33 84.05 67.97 77.97 61.22 87.84
socialbench_sa_roleknowledge_zh 64.89 62.10 94.81 81.23 93.33 93.58 94.57
socialbench_sa_roleknowledge_en 44.17 47.21 95.55 85.83 82.89 80.47 97.06
socialbench_mem_short_zh 77.42 77.82 83.09 71.77 76.03 80.91 86.88
socialbench_mem_short_en 74.23 73.28 75.68 78.60 80.13 89.87 90.47
socialbench_mem_long_zh 37.42 39.26 82.03 73.34 79.87 85.45 86.80
socialbench_mem_long_en 55.71 57.45 71.46 80.40 84.14 88.69 89.29

InCharacter

incharacter_16Personalities_en 0.67 0.67 0.51 0.52 0.47 0.61 0.60
incharacter_16Personalities_zh 0.52 0.59 0.45 0.64 0.59 0.55 0.64
incharacter_BFI_en 0.44 0.41 0.49 0.50 0.49 0.41 0.50
incharacter_BFI_zh 0.63 0.63 0.43 0.53 0.50 0.57 0.43

Charactereval charactereval 2.56 2.32 2.78 2.38 2.70 2.69 2.63

RoleBench
instruction_generalization_en 24.91 23.64 9.54 19.54 20.45 17.66 19.54
instruction_generalization_zh 20.29 18.73 17.45 12.22 18.31 15.86 14.73
role_generalization_en 26.66 24.47 10.97 18.21 19.76 16.38 17.66

Table 8: Performance of role-playing using reasoning-optimized LLMs on various role-playing benchmarks.

Metric OpenAI
GPT-4 Turbo

Qwen2.5-0.5B
-Instruct

Qwen2.5-1.5B
-Instruct

Qwen2.5
-3B-Instruct

Qwen2.5-7B
-Instruct

Qwen2.5-14B
-Instruct

Qwen2.5-32B
-Instruct

Qwen2.5-72B
-Instruct

Accuracy 2.92 1.90 2.35 2.86 2.98 3.17 3.10 3.29
Behavior 1.39 1.29 1.19 1.26 1.67 2.40 2.20 2.65
Coherence 3.29 2.20 2.76 3.19 3.60 3.90 3.76 3.93
Communication Skills 2.68 1.66 1.87 2.75 2.98 3.25 3.15 3.53
Consistency 2.90 1.83 2.48 2.73 3.27 3.65 3.46 3.64
Diversity 1.36 1.19 1.19 1.31 1.60 2.00 1.93 2.18
Empathy 2.94 1.88 2.33 2.86 3.14 3.33 3.21 3.46
Exposure 1.91 1.39 1.42 2.02 2.03 2.18 2.21 2.47
Fluency 3.03 1.94 2.42 2.90 3.34 3.53 3.39 3.63
Hallucination 2.55 1.70 2.08 2.46 2.78 3.05 2.94 3.17
Humanlikeness 2.78 1.75 2.41 2.59 3.11 3.48 3.30 3.47
Utterance 2.48 1.67 2.11 2.41 2.74 3.04 2.90 3.09

Table 9: Fine-grained results of direct zero-shot role-playing on CharacterEval benchmark (part1).
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Metrics Gemma-2
-2B-it

Gemma-2
-9B-it

Gemma-2
-27B-it

Llama-3.2-1B
-Instruct

Llama-3.2-3B
-Instruct

Llama-3.1-8B
-Instruct

Llama-3.3-70B
-Instruct

Mistral-8B
-Instruct-2410

Mistral-7B
-Instruct-v0.3

Accuracy 2.52 2.80 2.90 2.37 2.56 2.94 3.12 2.85 2.62
Behavior 1.20 1.14 1.16 1.86 1.58 2.61 2.04 1.16 1.22
Coherence 3.00 3.42 3.47 2.69 2.87 3.55 3.70 3.65 3.04
Communication Skills 2.16 2.12 2.10 2.08 2.15 2.94 2.99 2.61 2.53
Consistency 2.67 3.27 3.38 2.23 2.53 3.31 3.43 3.36 2.49
Diversity 1.25 1.20 1.25 1.57 1.47 2.18 1.85 1.22 1.26
Empathy 2.51 2.78 2.81 2.36 2.49 3.02 3.16 3.06 2.64
Exposure 1.59 1.50 1.51 1.67 1.67 2.12 2.06 1.79 1.91
Fluency 2.74 3.09 3.10 2.44 2.60 3.28 3.40 3.30 2.68
Hallucination 2.23 2.56 2.55 2.05 2.17 2.73 2.87 2.69 2.26
Humanlikeness 2.64 3.34 3.43 2.30 2.58 3.18 3.31 3.20 2.29
Utterance 2.26 2.61 2.67 2.09 2.20 2.77 2.92 2.71 2.20

Table 10: Fine-grained results of direct zero-shot role-playing on CharacterEval benchmark (part2).

Metric OpenAI
GPT-4 Turbo

Qwen2.5
0.5B-Instruct

Qwen2.5
1.5B-Instruct

Qwen2.5
3B-Instruct

Qwen2.5
7B-Instruct

Qwen2.5
14B-Instruct

Qwen2.5
32B-Instruct

Qwen2.5
72B-Instruct

Accuracy 2.87 2.13 2.76 2.81 2.96 3.17 3.19 3.26
Behavior 2.00 1.37 1.52 1.30 1.53 2.18 2.38 2.25
Coherence 3.27 2.28 3.41 3.14 3.49 3.76 3.79 3.84
Communication Skills 2.98 1.73 1.72 2.67 3.00 3.23 3.26 3.51
Consistency 2.72 1.86 3.35 2.63 3.06 3.48 3.49 3.52
Diversity 1.70 1.31 1.43 1.28 1.47 1.89 2.04 2.01
Empathy 2.93 1.96 2.71 2.82 3.03 3.29 3.32 3.44
Exposure 2.26 1.61 1.39 2.03 2.11 2.21 2.27 2.50
Fluency 2.90 2.04 3.04 2.82 3.09 3.45 3.49 3.50
Hallucination 2.41 1.79 2.50 2.39 2.66 2.95 2.98 3.06
Humanlikeness 2.51 1.87 3.69 2.48 2.75 3.36 3.32 3.28
Utterance 2.44 1.73 2.73 2.32 2.62 2.92 2.93 2.99

Table 11: Fine-grained results of role-playing with CoT on CharacterEval benchmark (part 1).

Metrics Gemma-2
-2B-it

Gemma-2
-9B-it

Gemma-2
-27B-it

Llama-3.2-1B
-Instruct

Llama-3.2-3B
-Instruct

Llama-3.1-8B
-Instruct

Llama-3.3-70B
-Instruct

Mistral-8B
-Instruct-2410

Mistral-7B
-Instruct-v0.3

Accuracy 2.63 2.88 2.91 2.52 2.51 2.90 3.07 2.87 2.57
Behavior 1.28 1.11 1.14 1.66 1.20 2.01 1.34 1.23 1.39
Coherence 3.11 3.38 3.50 2.71 2.79 3.38 3.58 3.43 2.86
Communication Skills 1.88 2.23 2.33 2.06 1.96 2.84 2.91 2.71 2.39
Consistency 2.90 3.19 3.30 2.22 2.46 2.98 3.20 3.03 2.37
Diversity 1.29 1.18 1.20 1.50 1.22 1.76 1.35 1.26 1.35
Empathy 2.53 2.77 2.92 2.38 2.41 2.95 3.08 3.01 2.55
Exposure 1.44 1.59 1.58 1.77 1.52 2.04 2.01 1.93 1.83
Fluency 2.71 3.00 3.20 2.47 2.51 3.06 3.30 3.13 2.59
Hallucination 2.21 2.53 2.60 2.13 2.09 2.63 2.76 2.57 2.15
Humanlikeness 3.06 3.30 3.35 2.28 2.54 2.89 3.03 2.87 2.32
Utterance 2.40 2.58 2.66 2.12 2.13 2.60 2.72 2.52 2.18

Table 12: Fine-grained results of role-playing with CoT on CharacterEval benchmark (part 2).

Metrics OpenAI
o1-mini

Deepseek
-R1

QwQ-32B
-Preview

DeepSeek-R1
-Distill-Llama-8B

DeepSeek-R1
-Distill-Qwen-14B

DeepSeek-R1
-Distill-Qwen-32B

DeepSeek-R1
-Distill-Llama-70B

Accuracy 2.45 2.38 3.08 2.65 2.95 3.06 2.96
Behavior 1.29 1.27 1.64 1.63 1.62 1.31 1.43
Coherence 3.61 3.19 3.61 3.08 3.46 3.55 3.47
Communication Skills 2.42 2.31 2.94 2.40 2.93 2.83 2.79
Consistency 2.87 3.02 3.31 2.68 3.15 3.25 3.12
Diversity 1.19 1.20 1.53 1.49 1.52 1.33 1.40
Empathy 2.98 3.21 3.14 2.61 3.03 3.08 2.97
Exposure 1.94 2.08 2.09 1.88 2.06 2.01 1.99
Fluency 3.44 2.29 3.30 2.77 3.23 3.23 3.10
Hallucination 2.81 2.11 2.85 2.35 2.76 2.78 2.68
Humanlikeness 3.21 2.69 3.15 2.68 3.01 3.09 2.99
Utterance 2.54 2.12 2.76 2.36 2.66 2.71 2.62

Table 13: Fine-grained results of various reasoning-enhanced models on CharacterEval.
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