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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

▶ The model forgets its role.

▶ It focuses on solving the
user’s query as a
general-purpose assistant,
not as the character.

▶ The ”who” is lost in favor of
the ”what”.

2. Style Drift

▶ The model’s reasoning is
overly formal, logical, and
structured.

▶ It lacks the
character-specific, often
emotional or
narrative-driven, thinking
style.

▶ The thoughts are rigid, not
vivid.Problem

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



Our Solution: Role-Aware Reasoning (RAR)

LARGE REASON MODEL

LARGE LANGUAGE MODEL

Character Profile(Peter Parker)

Personality: Quick witted, 

intelligent...

Growth: Shy teen, confident hero.

Catchphrase: "With great power 

comes"

Speech Style: Informal, witty, self-

deprecating...

Well, The user just said...
1. Acknowledge query.
2. State event.
3. Provide factual details.
4. Conclude.

Attention Diversion

Style Drift

It's an imperfect system. There have 

been instances of missed... The core 

idea is to maintain a connection to 

one's humanity...

Inconsistent Response
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Rigid Thought 𝑦𝐶𝑜𝑇

I am... 

The person just said...

First, I feel... 

Second, based on my 

experience/knowledge... 

Then, I need to consider... 

So, I'm planning to... 

Role-Aware Thought 𝑦𝐶𝑜𝑇

Balancing? It's like trying to juggle homework, a lab 

report, and a crook fleeing the scene all at once. 

(sighs, runs a hand through hair)... Use my spider-

sense to, uh, *estimate* how bad a situation is before 

dropping everything...Now, if you'll excuse me, the 

bell's about to ring, and I heard something suspicious 

near the science lab… (dashes off, leaving a faint trail 

of webbing)

High-Fidelity, In-Character Response 𝑦𝑎𝑛𝑠

Peter Parker, how do you 

balance your personal life 

and superhero responsibi-

lities?

User Input 𝑥

I’m Spider-Man!!!

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, CR , to guide the LRM in generating role-aware
thought traces.

DR =
⋃

x∈ XOri

πLRM(y | x ,CR)

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

LRIA =−Ex ,y∼DR
[logπLLM(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 (XLogic) vs. Vivid Interaction

(XStory ).
▶ Styles: Fact-based (CFact) vs. Character-knowledge-based

(CKnow ).

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

▶ Positive (D+
S ): Matched pairs (e.g., Logical scenario with

Fact-based style).
▶ Negative (D−

S ): 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.

LRSO =−E(x ,y+)∼D+
S ,(x ,y−)∼D−

S

{
logσ

[
πLLM(y+ | x)−πLLM(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

Avg.

MC FA BCK ACb ACh BCb
P BCh

P ES ER MS MR HL EG

Vanilla 3.28 2.04 3.61 3.64 3.28 3.21 2.98 2.72 2.43 4.37 4.59 2.56 2.74 3.19
+ Zero-shot 3.24 2.03 3.61 3.67 3.26 3.11 2.98 2.65 2.51 4.44 4.60 2.64 2.76 3.19
+ One-shot 3.27 2.08 3.64 3.68 3.28 3.12 3.02 2.67 2.58 4.42 4.65 2.57 2.78 3.21
+ Few-shot 3.27 2.13 3.69 3.69 3.29 3.21 2.99 2.81 2.52 4.49 4.66 2.59 2.79 3.24

Distill 3.81 2.43 3.59 4.14 4.15 3.91 3.62 3.05 2.65 4.78 4.71 2.68 2.84 3.57
+ ZeroThink 3.69 2.17 3.31 4.06 4.07 3.88 3.32 3.05 2.93 4.73 4.73 2.61 2.83 3.49
+ LessThink 3.75 2.11 3.42 4.17 4.02 3.70 3.27 3.02 3.01 4.79 4.74 2.73 2.92 3.51
+ MoreThink 2.59 2.44 3.93 2.58 2.72 2.61 3.19 2.62 2.53 4.96 4.76 2.14 2.62 3.05

Neeko 3.28 2.04 3.61 3.64 3.28 3.21 2.98 2.72 2.43 4.37 4.59 2.56 2.74 3.19
CharacterGLM 3.22 2.01 3.60 3.28 3.49 3.01 2.90 2.84 2.51 4.51 4.78 2.64 2.98 3.21

RAR 3.99 2.54 3.85 4.23 4.20 4.06 3.93 3.13 2.79 4.82 4.76 2.78 2.93 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 33.5 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 33.5 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 45.5 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 31.5 37.2 76.0 50.9 73.3 77.7 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

Method
Mem. Know. Persona Emo. Moral. Believ.

Avg.
MC FA BCK ACb ACh BCb

P BCh
P ES ER MS MR HL EG

RAR 3.99 2.54 3.85 4.23 4.20 4.06 3.93 3.13 2.79 4.82 4.76 2.78 2.93 3.69
w/o RSO 3.87 2.26 3.81 4.30 4.06 3.84 3.39 3.15 2.89 4.80 4.69 2.76 3.01 3.60
w/o RIA 3.93 2.41 3.60 4.17 4.15 3.76 3.46 3.18 2.63 4.90 4.61 2.30 2.22 3.49

2. Quality of Reasoning
Traces

Method Coherence Relevance Effectiveness Conciseness

RAR 2.86 3.83 3.92 1.81
w/o RSO 2.78 3.81 3.74 1.91
w/o RIA 2.88 3.61 3.87 1.97

Distill 2.71 3.54 3.84 2.06
+ MoreThink 2.53 3.56 3.64 1.86

4. RSO Mitigates Style Drift

Vanilla Distill RAR

3. Validity of RIA
Components
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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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