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The Rise of Role-Playing Agents (RPAs)

» Growing Interest: Role-Playing Agents, powered by Large
Language Models (LLMs), are increasingly popular for
applications like emotional companionship and virtual
interaction.

» Current Approach: Most RPAs are trained on dialogue data,
focusing on mimicking superficial knowledge and
conversational style.

» The Missing Piece: They lack a deep, human-like internal

thought process. They can answer questions in character, but
can they reason in character?



Core Challenges with Standard Reasoning

When we apply standard Large Reasoning Models (LRMs) to
role-playing, two major problems arise:

1. Attention Diversion 2. Style Drift
» The model forgets its role. > The model's reasoning is
» |t focuses on solving the overly formal, logical, and
user's query as a structured.
general-purpose assistant, > It lacks the
not as the character. character-specific, often
» The "who" is lost in favor of emotional or
the "what” . narrative-driven, thinking
style.
» The thoughts are rigid, not
Problem vivid.

These issues lead to generic, out-of-character thoughts and,
consequently, out-of-character responses.



Our Solution: Role-Aware Reasoning (RAR)
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Peter Parker, how do you
balance your personal life
and superhero responsibi-
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Character Profile(Peter Parker)
Personality: Quick witted,

intelligent...

Growth: Shy teen, confident hero.

Catchphrase: "With great power

comes"
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Role-Aware Reasoning
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Iam...

The person just said...
First, I feel,
Second, d on my
experience/knowledge...
Then, I need to consider...
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It's an imperfect system. There have
been instances of missed... The core
idea is to maintain a connection to

one's humanit
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Reasoning Style Optimization (RSO)
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Reject

Balancing? It's like

dropping everything...Now, if you'll excuse me, the
bell's about to ring, and | heard something suspicious
near the science lab... (dashes off, leaving a faint trail

of webbing)

e tr);ing to juggle homework, a lab
report, and a crook fleeing the scene all at once.
(sighs, runs a hand through hair)... Use my spider-
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High-Fidelity, In-Character Response Yans

Figure: Overview of our Role-Aware Reasoning (RAR) method.



A Glimpse at Related Work

> Role-Playing Agents (RPAs):
» Early work used in-context learning and prompt engineering.
» Recent methods focus on fine-tuning with high-quality data
from scripts, novels, etc.
» Some simulate thought from a third-person perspective.
» Our focus: Explicitly modeling first-person, in-character
reasoning.
> Reasoning in LLMs:
» LRMs generate step-by-step "chain of thought” traces to solve
complex problems.
» Training involves reinforcement learning or knowledge
distillation.
» Our contribution: We adapt and optimize the reasoning
process itself for the creative domain of role-playing, not just
for logical tasks.



Method 1: Role Identity Activation (RIA)

Goal: Combat Attention Diversion by keeping the model focused
on its role.
1. Extract Core Identity: We prompt a powerful LRM to
extract key character elements from a profile:
» Emotion: The character's typical emotional state.
> Experience: Key life events that shape them.
» Standpoint: Their core beliefs and values.
» Motivation: Their goals and desires.
2. Guided Reasoning: We use these elements as an explicit
instruction, Cg, to guide the LRM in generating role-aware
thought traces.

Ir= |J mrmly | x,6R)

x€ Zori

3. Distillation: We then fine-tune our target LLM on this
generated data Zg to distill the role-aware thinking capability.

Lrin = —Ex yog [logmim(y | x)]



Method 2: Reasoning Style Optimization (RSO)
Goal: Mitigate Style Drift by teaching the model to adapt its
thinking style.

1. Define Scenarios & Styles:

» Scenarios: Logical Analysis (27 ogic) vs. Vivid Interaction
(%Story)-

» Styles: Fact-based (@Fact) vs. Character-knowledge-based
(%Know)-

2. Construct Preference Data: We generate pairs of examples.

> Positive (2¢): Matched pairs (e.g., Logical scenario with
Fact-based style).
> Negative (Z5): Mismatched pairs (e.g., Logical scenario with
Character-knowledge style).
3. Contrastive Learning: We train the model to prefer the
positive examples over the negative ones using a contrastive
loss function.

ZLrs0==E(, 41D (xy )~D; { log o [mLim(y™ [ x) = mem(y™ | x)] }



Experimental Setup

» Training Data: RoleBench-Train, with over 137k samples
derived from film and TV show scripts.
> Benchmarks:
» SocialBench: Evaluates social intelligence via multiple-choice
tasks (role knowledge, style, humor, etc.).
» CharacterBench: Assesses persona consistency, memory, and
believability using human-annotated data.
> Baselines:
» Vanilla, RAG, Distill: Standard training and reasoning
approaches.
» Thinking Modes: Different decoding strategies for reasoning.
» Neeko, Character-GLM: Specialized state-of-the-art
role-playing models.
> Implementation:

» Base Model: LLaMA-3-8B.
» Training: LoRA on 8 H20 GPUs.



Main Results: Character Persona (CharacterBench)

Table: Performance on the CharacterBench benchmark. Higher is better.

Method Memory  Knowledge Persona Emotion Morality Believability
MC FA  BCx AC® Ach  BCp BChp  ES ER MS MR  HL EG
Vanilla 328 204 361 364 328 321 298 272 243 437 459 256 274 319
+ Zero-shot 324 203 361 367 326 311 298 265 251 444 460 264 276 319
+ One-shot 327 208 364 368 328 312 302 267 258 442 465 257 278 321
+ Few-shot 327 213 369 369 329 321 299 281 252 449 466 250 279 3.4
Distill 381 243 359 414 415 391 362 305 265 478 471 268 284 357
+ ZeroThink 3.69 217 331 406 407 38 332 305 293 473 473 261 28 349
+ LessThink 375 211 342 417 402 370 327 302 301 479 474 273 292 351
+ MoreThink 259 244 393 258 272 261 319 262 253 496 476 214 262 305
Neeko 328 204 361 364 328 321 298 272 243 437 459 256 274 319
CharacterGLM 322 201 360 328 349 301 290 284 251 451 478 264 298 321

RAR 3.99 2.54 3.85 4.23 4.20 4.06 3.93 313 279 48 476 278 293  3.69




Main Results: Social Intelligence (SocialBench)

Table: Performance on the SocialBench benchmark. Higher is better.

Method Know. Sty. ED Su HSD MEM Neu. Pos. Neg. Avg.
Vanilla 72.1 60.3 38.2 38.3 72.4 62.5 66.0 71.7 335 57.2
+ Zero-shot 70.5 60.0 38.6 46.3 72.0 60.7 64.7 73.0 34.6 57.8
+ One-shot 70.1 57.0 335 30.8 78.0 50.5 58.0 67.9 34.1 53.3
+ Few-shot 72.1 58.4 35.1 33.8 66.0 55.7 61.9 70.5 29.7 53.7
Distill 80.6 69.2 38.6 43.8 67.7 52.6 73.8 78.2 455 61.1
+ ZeroThink 76.9 68.6 34.9 30.4 75.0 57.5 69.2 75.1 45.1 59.2
+ LessThink 77.5 69.9 315 37.2 76.0 50.9 73.3 7.7 44.7 59.9
+ MoreThink 76.1 65.3 39.9 46.4 59.0 60.8 66.0 82.7 57.2 61.5
Neeko 76.5 61.6 37.2 40.2 66.5 61.3 67.0 71.6 46.7 58.7
CharacterGLM 79.4 74.7 41.3 26.2 71.1 57.3 69.5 84.4 36.4 60.0
RAR 83.3 72.6 40.7 35.2 67.5 52.9 83.1 84.8 68.5 65.4




Ablation Studies and Component Analysis
1.Impact of RIA & RSO

Mem. Know. Persona Emo. Moral. Believ.
Method Avg.
MC FA BCx ACh ACh BCﬁ BC}’, ES ER MS MR HL EG
RAR 399 254 385 423 420 406 393 313 279 482 476 278 293 3.69

w/o RSO 387 226 381 430 406 3.84 339 315 289 480 4.69 276 3.01 3.60
w/o RIA 393 241 360 417 415 376 346 318 263 490 461 230 222 349

2. Quality of Reasoning 3. Validity of RIA
Traces Components

e RSO bred o b Impact of RIA Elements
- R :

4. RSO Mitigates Style Drift e

MC FA BCc AC® AC" BCp BC; ES ER Ms MR HL EG A

3 RAR(FU) 3 RARwioEmoion N RARwio Experence D RAR i Standpoint [ RAR wio Motvaton

Vanilla Distill RAR



Conclusion & Future Work
Conclusion

» We introduced Role-Aware Reasoning (RAR), a novel
method to imbue LLMs with deep, character-consistent
thought processes.

> RAR effectively addresses two key challenges:

> Attention Diversion, via Role Identity Activation (RIA).
» Style Drift, via Reasoning Style Optimization (RSO).

» Extensive experiments show that RAR significantly
outperforms existing methods in persona consistency, social
intelligence, and overall believability.

Future Work

» Extending RAR to handle more fine-grained character
attributes.

» Incorporating long-term memory and dynamic character
development.

» Applying role-aware reasoning to more complex, multi-agent
social simulations.
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