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Abstract

Role-playing agents based on large language models have been
widely applied in areas such as personalized assistance and so-
cial simulation. Recent RL methods typically train on a fixed
scenario pool collected before learning begins. This creates a
distributional bottleneck: as the agent improves, the scenarios
where it performs poorly also change, while the training distri-
bution remains static. Therefore, we propose AdvRole, an ad-
versarial context rewriting framework that turns role-playing
RL into a closed-loop curriculum. AdvRole alternates between
an Actor that learns to role-play and a Rewriter that edits char-
acter profiles and dialogue contexts into actor-specific hard
scenarios. The Rewriter is trained with a performance-gap
reward, which favors rewrites that reduce the current Actor’s
score relative to the original scenario. As a result, the scenario
pool evolves with the Actor and continuously targets under-
mastered regions of the character-context space. Experiments
on three role-playing benchmarks covering English and Chi-
nese, as well as a new multilingual benchmark we release,
show that AdvRole consistently outperforms baselines.

Introduction

Large language models (LLMs) have demonstrated remark-
able capabilities in open-ended generation, ranging from cre-
ative writing (Chung et al. 2025; Wei et al. 2025; Rashkin
et al. 2025; Saakyan et al. 2026) to emotional support (Chen
et al. 2023; Zheng et al. 2025; Yuan et al. 2025; Wang et al.
2025a) and communication game (Lan et al. 2024; Zhang
etal. 2025a,b). Among these tasks, role-playing has attracted
increasing attention (Chen et al. 2024; Wang et al. 2025b,
2026b,a), with applications in interactive entertainment, so-
cial simulation, and personalized assistants.

In role-playing, an agent is asked to act as a designated
character and produce dialogue that is faithful to the char-
acter’s profile and consistent with the ongoing conversation.
Early approaches build role-playing agents through prompt
engineering (Wang et al. 2024a,b; Han et al. 2024) or super-
vised fine-tuning on curated dialogue corpora (Shao et al.
2023; Lu et al. 2024; Zhou et al. 2024; Wang et al. 2025b).
More recent work turns to reinforcement learning (RL),
starting with PPO or DPO on human-annotated preference
data (Peng and Shang 2024; Zeng et al. 2025; Ji et al. 2025;
Abdulhai et al. 2026), and later moving to GRPO (Shao et al.
2024) using automatically computed rewards that remove
the need for human annotation (Liu et al. 2025; Wang et al.
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Figure 1: Comparison between existing methods and Ad-
vRole. Existing methods train the Actor on a fixed scenario
pool collected before training. In contrast, AdvRole intro-
duces a Rewriter that continually edits character profiles and
dialogue contexts to expose Actor failures, evolving the sce-
nario pool throughout training.

2025d, 2026b,a). Despite these advances, most RL-based
methods remain reward-centric: they improve how responses
are scored or optimized, but train on a fixed scenario pool
collected before learning begins.

This static training distribution creates a mismatch be-
tween optimization and data. A role-playing scenario is the
joint product of a character profile and a dialogue context,
covering factors such as personality, background, speaking
style, scene, partner, and dialogue history. More importantly,
scenario difficulty is actor-dependent. As the Actor improves,
the scenarios where it still struggles also change. Common
profiles and contexts may become uninformative, while use-
ful training data shifts toward rarer traits, subtle conflicts,
and unfamiliar dialogue states. Thus, the key question is not
only how to reward a response, but also where to train the
Actor next. A fixed pool cannot follow this moving failure
boundary.

To this end, we propose AdvRole, an adversarial closed-
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loop curriculum for evolving role-playing agents. As shown
in Figure 1, AdvRole alternates between two models: an Ac-
tor that learns to perform role-play and a Rewriter that edits
character profiles and dialogue contexts into actor-specific
hard scenarios. The Actor is trained with a standard role-
playing reward model. The Rewriter is optimized with a
performance-gap reward: a rewritten scenario is considered
useful when it causes the current Actor to receive a lower
role-playing score than on the original scenario. In this way,
the Rewriter acts as a diagnostic adversary, searching for
plausible scenario variations that reveal where the Actor cur-
rently fails. The resulting scenario pool evolves with the
Actor, continuously pushing training toward under-mastered
regions of the character-context space.

We evaluate AdvRole on three role-playing benchmarks
covering English and Chinese, where it outperforms base-
lines. To enable broader evaluation, we also release a new
multilingual role-playing benchmark, and further demon-
strate the effectiveness of AdvRole on it.

Our contributions can be summarized as follows:

* We propose AdvRole, an adversarial RL framework that
alternately trains an Actor and a Rewriter, continually
improving the Actor’s role-playing ability.

* We introduce a reward based on the Actor’s performance
gap that drives the Rewriter to generate more challenging
character profiles and contexts for the Actor.

* We demonstrate the effectiveness of our framework on
three existing benchmarks, and release a new multilingual
role-playing benchmark to support broader evaluation.

Related Work

Role-Playing Agent

Role-playing agents are commonly built by prompting LLMs
with character profiles, personality traits, and few-shot dia-
logues (Wang et al. 2024a,b; Han et al. 2024), or by fine-
tuning them on role-playing corpora collected from novels,
scripts, and synthetic conversations (Shao et al. 2023; Lu
etal. 2024; Zhou et al. 2024; Wang et al. 2025b). More recent
work improves role-playing agents with reinforcement learn-
ing, using PPO or DPO with human preference data (Ouyang
et al. 2022; Rafailov et al. 2023; Peng and Shang 2024; Zeng
etal.2025; Jietal. 2025; Abdulhai et al. 2026), or GRPO with
automatically computed rewards (Shao et al. 2024; Liu et al.
2025; Wang et al. 2025d, 2026b,a). These methods differ
in how they elicit, fine-tune, or reward in-character behav-
ior, but they typically optimize the agent on a fixed scenario
pool collected before training. AdvRole instead evolves the
training distribution itself by adversarially rewriting char-
acter profiles and dialogue contexts into actor-specific hard
scenarios.

Label-Free Reinforcement Learning

Label-free reinforcement learning (RL) aims to improve
LLMs without relying on ground-truth answers or human-
annotated preferences. Existing methods derive reward sig-
nals from the model’s own behavior, such as sequence-level
confidence (Li et al. 2025; Prabhudesai et al. 2025), consis-
tency over multiple reasoning paths (Zuo et al. 2026; Zhang

et al. 2026; Prasad et al. 2025), or output entropy (Agarwal
et al. 2026; Cheng et al. 2026). Others train on synthetic
tasks created by the model itself, using execution-based or
self-derived signals as rewards (Zhao et al. 2026; Zhou et al.
2026). These methods are mostly studied in verifiable do-
mains such as math and code, where automatic verification
is straightforward. Role-playing is a natural fit for label-free
RL, since there is no single ground-truth response to align
against and human preference labels are expensive to obtain
at scale.

Self-Play in LLMs

Self-play, where two roles co-evolve through their inter-
action, has recently emerged as a promising paradigm for
improving LLMs without external supervision or human-
labeled data. In verifiable domains, a generator and a veri-
fier are paired so that the verifier’s automatic judgment pro-
vides reward for the generator, as in coder-tester frameworks
for code generation (Lin et al. 2025; Jiang et al. 2025) and
proposer-solver frameworks for math reasoning (Zhao et al.
2026; Huang et al. 2026). Our framework follows this self-
play paradigm but targets role-playing, where outputs cannot
be checked by a deterministic verifier.

Method
Overview

AdvRole trains two models alternately: an Actor that per-
forms role-playing, and a Rewriter that edits the original
character profile and dialogue context to expose the Actor’s
failures. Both models are optimized with GRPO (Shao et al.
2024), and the scenario pool for training keeps evolving as
the Rewriter improves.

As shown in Figure 2, each epoch of AdvRole consists
of three steps: (1) Actor Training: the Actor is updated on
the current scenario pool using a reward model that scores
role-playing quality. (2) Adversarial Rewriter Training: the
Rewriter is updated with a reward defined by the Actor’s per-
formance gap between the original and rewritten scenarios,
encouraging it to expose the weaknesses of the current Actor.
(3) Scenario Augmentation: the updated Rewriter rewrites
the original scenarios into variants that reveal failures, which
are merged into the pool to train the Actor in the next epoch.

Actor Training

We formalize a role-playing scenario as a tuple ¢ = (p, d),
where p is the character profile and d is the dialogue context
that the agent needs to respond to. Given the current scenario
pool S, the Actor 74 generates a response conditioned on c:

r~me(-lc), ceS. ()

To assess the role-playing quality of r, we follow Ye et al.
(2025) and adopt a strong open-source LLM (Qwen2.5-72B-
Instruct!) as the reward model (RM), which scores along
several role-playing dimensions given the scenario c (the full
scoring prompt is provided in the supplementary material):

Racor(r) = RM(r | ©). 2)

"https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
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Figure 2: The training framework of AdvRole. In each epoch, the Actor is first trained by GRPO on the current scenario pool
with rewards from a reward model, and the Rewriter is then trained to edit original scenarios to expose the Actor’s failures, with
its reward defined by the Actor’s performance gap between the original and rewritten scenarios. The updated Rewriter further
augments the pool for the next epoch, yielding an evolving scenario pool.

To avoid overly long responses, we multiply the Actor
reward by a decay coeflicient based on the response length
|r| (in words for English and in characters for Chinese). The
coefficient is 1 below a lower threshold 71, decreases linearly
to 0 at an upper threshold 7», and remains 0 beyond 72, with
(11, 72) = (50,100) for English and (60, 120) for Chinese.

We optimize the Actor with GRPO (Shao et al. 2024).
For a policy 7y trained on inputs z with reward R, GRPO
samples a group of G outputs {0}% | ~ m(- | ) and
maximizes:

Zﬁe — BDgr(mo || Teet) |
(3)
A6 — m

g

)

where Le (A ) is the clipped surrogate objective parame-
terized by the normalized advantage A, and y, o are the
mean and standard deviation of the group rewards. For the
Actor, we instantiate 7y as 7y, = as the scenario c, and R as
Ractor in Equation (2).

Adversarial Rewriter Training

While the Actor is trained on S, the pool itself has limited
coverage and diversity. As the Actor gradually fits this pool,
further training on the same data brings limited gain. To break
this bottleneck, we introduce a Rewriter 7y, that edits an

original scenario ¢ = (p, d) into a rewritten one ¢ = (p, d):
¢~ my(-|c). 4)

The Rewriter is prompted to make ¢ more complex and
more diverse than c, so that it covers scenarios underrepre-
sented in the original pool S and exposes the Actor’s weak-
nesses.

To train the Rewriter to expose the weaknesses of the
current Actor, we define its reward as the gap between the
Actor’s performance on the original and rewritten scenarios.
Specifically, we freeze the Actor and sample N responses
(N=3 in our experiments) for each scenario:

rO, ~ (o), (PO ~me(-0). (5)

The Rewriter’s reward is then computed as:

N
R 1 ;
RRewriter(C) = N E RM(T() | C)
(6)

——ZRM @ é).

Averaging over multiple responses helps reduce the vari-
ance from stochastic decoding and reward-model scoring,
yielding a more stable estimate of the difficulty gap. A larger
RRewriter (¢) indicates that the rewritten scenario reveals the
weakness for the current Actor, encouraging the Rewriter to
discover character profiles and contexts that the Actor has
not yet mastered.

We also constrain the length of rewritten scenarios. If |¢|
exceeds 150% (é)to
—>5, which discourages the Rewriter from padding scenarios
with irrelevant content.

We then update the Rewriter by maximizing the GRPO
objective in Equation (3), with 7y instantiated as 7y, x as the
original scenario ¢, and R as Rgewriter in Equation (6).

Scenario Augmentation

After updating the Rewriter, we use it to expand the scenario
pool. For each original scenario ¢ € Sy in the initial pool,
the updated Rewriter produces a rewritten version ¢, and



Conversational Character Role-playing
Model Ability (1) Consistency (1) Attractiveness (1) Overall (1)
Large-Scale LLMs
Kimi-K2.6 (non-thinking) 4.10 3.21 3.43 3.58
Kimi-K2.6 (thinking) 4.06 3.35 3.58 3.66
Claude-3.7-Sonnet 3.90 3.06 3.25 341
GPT-40 3.63 2.90 3.06 3.20
Qwen2.5-72B-Instruct 3.80 3.05 3.28 3.37
QOwen2.5-7B-Instruct
Vanilla 3.71 291 3.13 3.25
CPO (Ye et al. 2025) 3.75 3.03 3.30 3.36
R4 (Wang et al. 2026a) 3.79 2.79 3.05 3.21
VeriRole (Wang et al. 2026b) 3.50 3.16 3.24 3.30
AdvRole (Ours) 3.83 3.10 3.36 343
Owen2.5-14B-Instruct
Vanilla 3.72 2.95 3.17 3.28
CPO (Ye et al. 2025) 3.81 3.04 3.29 3.38
R4 (Wang et al. 2026a) 3.86 3.00 322 3.36
VeriRole (Wang et al. 2026b) 3.56 3.17 3.23 3.32
AdvRole (Ours) 3.89 3.18 3.40 3.49

Table 1: Performance on the CharacterEval benchmark. Each dimension score is the arithmetic mean of its underlying
metrics between 1 and 5, and “Overall” is the mean of the three dimensions. All baselines re-implemented under identical data

splits.

all rewritten scenarios are merged into the pool to form the
training data for the next epoch:

S(—SU{é‘éNﬂw(-|0),C€SO}. (7)

We always rewrite from the original Sy rather than from pre-
viously rewritten scenarios, which keeps each epoch’s aug-
mentation grounded in real character profiles and contexts
and avoids drifting too far from the data distribution.

By alternating the three steps across epochs, the scenario
pool keeps evolving alongside the Actor, and the Actor is
continuously exposed to more diverse scenarios that target
its current weaknesses.

Experiments
Implementation Details

We separately train and evaluate AdvRole on two role-
playing benchmarks of different languages: CoSER (Wang
et al. 2025¢) for English and CharacterEval (Tu et al. 2024)
for Chinese. To further assess generalizability, we addition-
ally take the model trained on CharacterEval and evaluate it
in a zero-shot manner on RAIDEN (Wu et al. 2025), another
Chinese role-playing benchmark.

For CoSER, we follow CogDual (Liu et al. 2025) and use
17,762 scenarios as the training set and 200 as the test set.
For CharacterEval, we randomly select 2,000 scenarios as
the training set and use the remaining 2,564 as the test set.
For RAIDEN, we directly evaluate on its test set.

Training Scheme We implement our training pipeline
based on the verl framework® (Sheng et al. 2025). For
the GRPO hyperparameter settings, we configure the sample

*https://github.com/verl-project/verl

size to G = 8, the clipping parameter to ¢ = 0.2, and the KL,
divergence coeflicient to 5 = 0.04. The total batch size per
step is set to 32. The Actor and the Rewriter are initialized
from the same LLM and fine-tuned as two separate models.
For the Rewriter reward in Equation (6), we sample N = 3
Actor responses per scenario.

The training is conducted with a learning rate of 1 x 106
across 16 H20 GPUs, alternating Actor training, Rewriter
training, and scenario augmentation for 3 epochs in total.

Evaluation Setup

CoSER. CoSER evaluates an entire multi-turn dialogue
rather than a single response. At test time, an auxiliary LLM
simulates both the dialogue partner and the environment,
conducting a 30-turn conversation with the role-playing
model. An LLM judge then rates the dialogue with a penalty-
based protocol along four dimensions: Storyline Consistency,
Anthropomorphism, Character Fidelity, and Storyline Qual-
ity. Each dimension starts from 100 and is deducted accord-
ing to detected flaws, so all scores fall in the range [0, 100]
and higher is better. Following our baselines (Wang et al.
2025c; Liu et al. 2025), we use GPT-40 as both the dialogue
partner and the LLM judge.

CharacterEval. CharacterEval evaluates a single response
given a character profile and dialogue context, using
BaichuanCharRM? (Tu et al. 2024) to score 12 metrics on
a 1-5 scale. The metrics are grouped into three dimensions:
Conversational Ability (Fluency, Coherency, Consistency),
Character Consistency (covering both knowledge-related and
persona-related aspects), and Role-playing Attractiveness
(Human-Likeness, Communication Skills, Expression Di-

*https://huggingface.co/morecry/BaichuanCharRM



Model Storyline Anthropo-  Character Storyline Average BLEU ROUGE-L
Consistency (1) morphism (1) Fidelity (1) Quality (1) (©) ) @)
Large-Scale LLMs
Gemini-1.5-Pro 59.1 524 47.8 77.6 59.2 0.054 0.117
DeepSeek-V3 56.4 47.9 44.0 76.7 56.2 0.045 0.110
Claude-3.5-Sonnet 57.5 48.5 45.7 772 572 0.052 0.115
GPT-40 58.9 43.1 41.6 75.4 54.8 0.059 0.121
QOwen2.5-7B-Instruct
Vanilla 59.9 42.0 41.5 62.3 514 0.007 0.155
CoT 55.8 37.2 36.5 61.8 47.8 0.007 0.153
CB-CoT 56.9 449 39.1 62.5 50.8 0.008 0.155
CogDual-SFT 584 47.0 45.0 71.7 55.5 0.015 0.161
CogDual-RL 59.9 46.6 47.0 74.0 56.9 0.016 0.163
AdvRole (Ours) 61.5 48.5 49.2 77.2 59.1 0.015 0.161
LLaMA3.1-8B-Instruct
Vanilla 48.2 36.6 27.0 63.7 439 0.046 0.102
CoT 50.1 40.4 28.0 64.3 45.7 0.047 0.103
CB-CdoT 52.8 414 27.7 65.0 46.7 0.048 0.105
CogDual-SFT 56.0 46.9 43.8 75.1 55.4 0.061 0.118
CogDual-RL 60.1 459 48.8 73.1 57.0 0.064 0.121
AdvRole (Ours) 61.3 47.2 50.3 75.4 58.6 0.060 0.119

Table 2: Performance on the CoSER benchmark. The first four columns are LLM-judged dimension scores (0—100). “Average”
is the arithmetic mean of the four dimension means. BLEU and ROUGE-L are corpus-level n-gram metrics against the reference

dialogue.

versity, Empathy). We report each dimension as the mean
of its metrics and an Overall score as the mean of the three
dimensions.

RAIDEN. RAIDEN evaluates a single response at prede-
fined dialogue anchor points. We follow the evaluation set-
ting of VeriRole (Wang et al. 2026b), which uses an LLM
judge (GPT-40) to assign a binary correctness score on six
fine-grained dimensions and reports the score in [0, 1].

All prompts used in training and evaluation are provided
in the supplementary material.

Main Results

We evaluate AdvRole on CharacterEval against three recent
role-playing RL methods: CPO (Ye et al. 2025), R4 (Wang
et al. 2026a), and VeriRole (Wang et al. 2026b). We use
Qwen?2.5-7B-Instruct* and Qwen2.5-14B-Instruct’ as the
base models for fine-tuning.

As shown in Table 1, AdvRole achieves the best overall
score under both base models, with consistent improvements
across most dimensions. The only exception is character con-
sistency under Qwen2.5-7B-Instruct, on which VeriRole is
marginally higher. This is likely because VeriRole explicitly
optimizes for character consistency through hint-based re-
wards, whereas AdvRole distributes its training signal over a
broader set of role-playing aspects.

*https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
>https://huggingface.co/Qwen/Qwen2.5- 14B-Instruct

More importantly, our fine-tuned Qwen2.5-14B-Instruct
surpasses several large-scale LLMs with far more parame-
ters on the overall score. This suggests that the bottleneck
of small open-source role-playing models lies less in raw
model capacity than in the limited coverage of their training
scenarios, and that adversarially expanding the scenario pool
is an effective solution.

We further evaluate AdvRole on CoSER against several
baselines from CogDual (Liu et al. 2025). As shown in Ta-
ble 2, AdvRole achieves the best average score under both
base models, with gains on all four LLM-judged dimensions.
Against the strongest baseline CogDual-RL, the gain is the
largest on storyline quality and the second largest on char-
acter fidelity under both base models. This pattern indicates
that the rewritten scenarios mainly help the Actor on char-
acter profiles and dialogue contexts that the original pool
covers sparsely.

On BLEU and ROUGE-L, AdvRole is slightly below
CogDual-RL, as our reward targets role-playing quality
rather than n-gram overlap with reference dialogues.

Cross-Benchmark Generalization

To examine whether the gains brought by AdvRole transfer
beyond the training benchmark, we take the model trained on
CharacterEval and directly evaluate it on RAIDEN without
any further tuning. As shown in Table 3, AdvRole achieves
the best average score. At the dimension level, VeriRole ob-
tains the highest scores on SBK and CM, which are exactly
the dimensions its hint-based reward is designed to target
through character profiles and dialogue history. In contrast,



Qwen2.5-7B-Instruct SBK(1) CM (1) SCK(1) RCB(1) TA(1) Average (1)
Vanilla 0.69 0.66 0.61 0.48 0.42 0.57
CPO (Ye et al. 2025) 0.71 0.69 0.63 0.50 0.44 0.59
R4 (Wang et al. 2026a) 0.70 0.68 0.64 0.51 0.43 0.59
VeriRole (Wang et al. 2026b) 0.74 0.72 0.65 0.51 0.44 0.61
AdvRole (Ours) 0.73 0.71 0.68 0.58 0.51 0.64

Table 3: Zero-shot performance on the RAIDEN benchmark. All models are trained on CharacterEval and directly evaluated
on RAIDEN without further tuning. Following VeriRole (Wang et al. 2026b), each dimension is scored by an LLM judge (GPT-
40). The five dimensions are Script-Based Knowledge (SBK), Conversation Memory (CM), Script-Contradictory Knowledge
(SCK), Role-Cognition Boundary (RCB), and Topic Advancement (TA).

Variant CA(T) CC() RA(T) Overall (1)
Profile only 3.81 3.08 3.33 3.41
Context only 3.79 3.07 3.31 3.39
Profile + Context 3.83 3.10 3.36 3.43
w/o Rewriter 3.74 2.89 3.18 3.27

Frozen Rewriter 3.77 3.05 3.28 3.37
Co-trained Rewriter  3.83 3.10 3.36 3.43

Table 4: Ablation on the Rewriter. CA, CC, and RA denote
Conversational Ability, Character Consistency, and Role-
playing Attractiveness, respectively.

AdvRole leads on SCK, RCB and TA, which require the
model to handle out-of-profile situations and steer the con-
versation in character.

This matches what each method optimizes for. VeriRole’s
reward is tied to verifiable hints from profiles and his-
tories, while AdvRole distributes its signal over broader
role-playing aspects through rewritten scenarios, leading to
stronger behavior beyond profile adherence.

Ablation Study

‘We conduct ablation studies on CharacterEval with Qwen?2.5-
7B-Instruct as the base model. To disentangle the contribu-
tion of profile and context edits, we compare three variants in
Table 4: rewriting only the profile, rewriting only the dialogue
context, and rewriting both. The result shows that editing
either part alone yields lower scores than editing both. The
two rewriting targets stress different weaknesses of the Actor.
Edited profiles test how well it adapts to perturbed character
settings, while edited contexts test how it responds to unfa-
miliar dialogue states. Combining them gives the Rewriter
more freedom to construct more diverse scenarios and im-
proves the Actor’s performance.

Besides, we compare three Rewriter settings in Table 4.
The overall score improves steadily from w/o Rewriter to
frozen to co-trained, showing that rewriting itself brings a
clear gain and that co-training brings a further one. With-
out RL updates, the frozen Rewriter cannot fully follow the
Actor’s evolving weaknesses, so part of its edits becomes
less informative as training goes on. Co-training keeps the
rewritten scenarios aligned with the current Actor and makes
the adversarial loop between the two roles effective.

Variant CA(T) CC(1) RA(T) Overall (1)
N=1 3.79 3.07 3.30 3.39
N=2 3.82 3.11 3.34 3.42

N=3 (Ours) 3.83 3.10 3.36 3.43

Table 5: Ablation on N. N is the number of responses
sampled per scenario in Equation (5).

To test hyperparameter sensitivity, we vary the number
of responses N sampled per scenario when computing the
Rewriter’s reward (Equation 6) in Table 5. With N=1, the re-
ward relies on a single response for each original and rewrit-
ten scenario, making the estimated weakness gap noisy. In-
creasing N to 2 recovers most of the gain and slightly sur-
passes N=3 on CC, while N=3 gives the best overall score.
We therefore use N=3 as the default, as it provides a stable
reward estimate with a moderate rollout cost.

Scenario Pool Diversity

We encode each scenario with text-embedding-3-large and
quantify pool diversity with three metrics. Intra-Pool Dis-
tance (IPD) is the average pairwise cosine distance among
all scenarios in the pool, reflecting overall spread. Embedding
Drift (ED) is the average cosine distance between each rewrit-
ten scenario and its source, indicating how far the Rewriter
pushes a scenario from its origin. New Clusters (NC) is the
number of K-Means clusters that contain at least one rewrit-
ten scenario but no original scenario, measuring whether the
pool expands into previously unoccupied semantic regions.

As shown in Table 6, all three metrics increase steadily
across training epochs, indicating that the Rewriter keeps
pushing scenarios into unexplored territory as the Actor im-
proves. The supplementary material further analyzes whether
these scenarios expose the current Actor’s weaknesses and
are later learned by the next Actor.

Lanobe Benchmark

Role-playing agents must handle a broad space of characters,
situations, and speaking styles. The core problem is that a
fixed training pool covers only a small part of this space, so
the model can overfit to seen scenarios. Our experiments on
English and Chinese benchmarks show that AdvRole helps
by adding character and context pairs that expose model
failures during training.



Pool IPD (1) ED (1) NC (1)

So (Original) 0.564 - -

+ Epoch 1 Rewrite 0.581 0.203  7/30
+ Epoch 2 Rewrite 0.594 0.231 11/30
+ Epoch 3 Rewrite 0.602 0.254 14/30

+ Random Paraphrase  0.566  0.008  0/30

Table 6: Scenario pool diversity measured in embedding
space. NC is reported out of 30 total K-Means clusters fitted
on the original pool. Random Paraphrase simply prompts
GPT-40 to rephrase each scenario without any adversarial
objective.

This issue is amplified in multilingual settings, where char-
acter names, backgrounds, scenes, and dialogue styles are
often language-specific. Existing role-playing benchmarks
mainly cover English (Wang et al. 2025c¢) or Chinese (Tu et al.
2024; Wu et al. 2025), so they cannot show whether improv-
ing the scenario pool also helps when the language and cul-
tural setting change. To test this, we introduce Lanobe, a mul-
tilingual role-playing benchmark covering five languages:
Simplified Chinese, Traditional Chinese, Japanese, Korean,
and Thai. For each language, we provide 1,000 training and
500 test scenarios.

We collect character descriptions and plot summaries from
publicly available sources and process them through a multi-
stage LLM pipeline powered by Kimi-K2.6.® The full con-
struction pipeline is described in the supplementary material.

For evaluation, we use Kimi-K2.6 as the LLM judge to
score each model response along four dimensions on a 0-10
scale: Character Consistency (CC), Situational Coherence
(SC), Linguistic Quality (LQ), and Interaction Proactivity
(IP). The final score is the arithmetic mean of the four di-
mensions.

We train all methods on the Lanobe training set using
the same setting described in the Implementation Details
section. As shown in Table 7, AdvRole achieves the high-
est average score across all five languages, confirming that
the adversarial scenario-rewriting strategy generalizes be-
yond English-centric benchmarks. Notably, VeriRole obtains
the highest CC score on Korean and Thai, consistent with
its character-consistency-focused reward design observed in
CharacterEval. However, AdvRole still achieves the best
overall score in every language by improving more broadly
across all four dimensions.

These results also show why multilingual evaluation is
needed. AdvRole brings clear gains in Chinese, while the
gains on Korean and Thai are smaller. This suggests that
improving the scenario pool is not the only factor in multi-
lingual role-playing. The base model’s language ability also
matters. When the base model already has stronger language
knowledge, RL can better turn targeted training scenarios
into role-playing gains. When the target language is weaker

SThe released benchmark contains only LLM-generated text.
No verbatim excerpts from copyrighted material are included, and
the benchmark will be released under a non-commercial license for
research purposes only.

Qwen2.5-7B-Instruct CC SC LQ IP Avg.

Simplified Chinese
Vanilla 599 570 7.59 5.04 6.08
CPO 6.19 5.85 7.65 5.29 6.24
R4 6.11 5.65 7.62 496 6.09
VeriRole 6.34 5.78 7.54 5.19 6.21

AdvRole (Ours) 641 6.05 7.71 549 6.42

Traditional Chinese

Vanilla 5.09 498 6.01 478 521
CPO 529 5.13 6.07 5.03 5.38
R4 5.21 493 6.04 470 522
VeriRole 544 5.06 596 493 535
AdvRole (Ours) 5.51 533 6.13 5.23 5.55
Japanese
Vanilla 532 498 695 452 544
CPO 5.52 5.13 7.01 4.77 5.61
R4 544 493 698 4.44 545
VeriRole 5.67 5.06 690 4.67 5.8
AdvRole (Ours) 5.67 5.26 7.03 490 5.71
Korean
Vanilla 470 4.45 642 4.00 4.89
CPO 490 4.60 6.48 4.25 5.06
R4 4.82 440 645 3.92 490
VeriRole 5.05 453 637 4.15 5.03
AdvRole (Ours) 5.00 470 6.49 4.35 5.13
Thai
Vanilla 549 5.04 6.51 497 550
CPO 5.69 5.19 6.57 522 5.67
R4 5.61 499 6.54 4.89 551
VeriRole 5.84 5.12 646 5.12 5.64

AdvRole (Ours) 574 5.24 6.56 5.25 5.70

Table 7: Performance on the Lanobe benchmark. CC,
SC, LQ, and IP denote Character Consistency, Situational
Coherence, Linguistic Quality, and Interaction Proactivity,
respectively. All dimensions are scored by Kimi-K2.6 on a
0-10 scale.

in the base model, the same training signal has less room to
work.

Conclusion

In this paper, we address the issue that role-playing agents
are limited by a fixed pool of training scenarios. We propose
AdvRole, an adversarial RL framework in which a Rewriter
edits character profiles and dialogue contexts into scenarios
that expose the Actor’s weaknesses and is rewarded by the
Actor’s performance gap between the original and rewritten
ones. Experiments on three role-playing benchmarks, includ-
ing a new multilingual one we release, show that AdvRole
outperforms baselines and offers a new perspective on train-
ing role-playing agents by evolving the training data.
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