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Abstract

Role-playing with large language models is
fundamentally a session-level task, requiring
agents to sustain character identity and interac-
tion quality across extended multi-turn conver-
sations. Yet existing evaluation and optimiza-
tion methods remain largely turn-level, failing
to capture long-horizon quality. We propose
DynSess, a unified session-level framework for
role-playing agents. DynSess-Eval scores com-
plete dialogue sessions via rubrics targeting
long-horizon behaviors. Leveraging its session-
level rewards, we construct high-quality train-
ing trajectories through multi-turn lookahead
search and train DynSess-Character with two
complementary variants: DSPO (off-policy)
and GSRPO (on-policy). Experiments show
that DynSess-Eval aligns with human judg-
ments substantially better than prior evaluators,
and blind human evaluation further shows that
DynSess-Character matches the strongest char-
acter model despite using substantially fewer
parameters, while maintaining strong role con-
sistency and interactive ability. The dataset
and code are publicly available in https://
github.com/Collab-Gen/DynSess.

1 Introduction

Large language models (LLMs) increasingly power
role-playing agents for applications such as emo-
tional companionship, social simulation, and gam-
ing (Tseng et al., 2024; Chen et al., 2024). Unlike
standard instruction-following tasks, role-playing
unfolds over extended, multi-turn interactions,
where an agent must sustain persona fidelity, em-
pathy, and contextual coherence across dozens of
turns. Yet most existing methods for evaluating
and optimizing such agents still operate at the turn
level (Wang et al., 2024a; Lu et al., 2024), scoring
each response in isolation. This paradigm over-
looks long-horizon failure modes and consequently
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(%)Persona: Hachiware, optimistic, and caring cat-like creature from “Chiikawa”
world. Works hard pulling weeds, loves cooking, and cherishes friends...
@ History: Previous T1 — T22 dialogue (e.g., obtaining weed-pulling certificate)

Dialogue Trajectory

g Actually, sigh, I've been feeling really down lately.

T23 Hawa?! What's wrong? (Runs to you and tilts head ({%)
with concern) Did something bad happen? (Gently T24

holds your hands) Tell me about it, maybe I can help!

g I just went through a bad breakup. I'm heartbroken.

125 (Pats your shoulder) Don't be sad, breakups are just (??)
temporary! Want to go gather some ingredients with T26

me and cook a big meal?
I just don't know why this happened to me.

27 (Wags blue tail) Relationships are complicated! Hey, (%‘)
how about we go catch some fish by the river? T28

Repetitive canned replies detected !
Turn-level Evaluation Session-level Evaluation

Score: [T24] 5/5[T26] 5/5[T28] 4/5 . Overall Session Score (T24-T28):2 /5,
Reason: Emotionally sincere, excellent Reason:repetitive reply templates, Poor
interactivity, good persona consistency. interactive capability, Ignoring user distress.
.Illusiorl of Empathy from Isolated Reflects More Comprehensive
Consideration of T24, T26, and T28 “# and Realistic Dialogue Capability

Figure 1: Turn-level vs. Session-level evaluation. An
agent in a rigid response pattern scores high per turn but
exhibits repetitive reply template across the session.

provides a misleading picture of an agent’s true
conversational competence.

As illustrated in Fig. 1, consider an agent that
ends every response with a follow-up question to a
distressed user. Under turn-level evaluation, each
isolated response appears highly engaging—e.g.,
asking "Did something happen?"—earning the
agent an "excellent" score for interactivity. How-
ever, a long-term perspective reveals a critical fail-
ure: the agent is actually trapped in a repetitive
reply template. By rigidly asking questions re-
gardless of the user’s evolving emotional state, it
ignores the user’s actual distress and creates a me-
chanical experience. This exposes a fundamental
flaw: turn-level metrics reward local engagement
but miss global incoherence. In short, role-playing
is fundamentally a session-level task—its quality
emerges across turns, not within any single one.

Recent work has begun to incorporate multi-turn
history into role-playing evaluation (Zhou et al.,
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2025b; Xiang et al., 2025) and preference opti-
mization (Ye et al., 2025). While these methods
condition on longer context, their signals are still
computed over a single next-turn response against
a pre-collected history, which raises two concerns.
First, since the history is fixed rather than co-
produced by the agent, evaluation cannot observe
how the model’s own earlier behavior shapes later
dynamics, such as persona drift . Second, optimiz-
ing against myopic rewards provides misaligned
training signals (Shani et al., 2024; Wu et al., 2025),
as locally preferred responses can compound into
globally degraded sessions.

To address this gap, we propose DynSess, a uni-
fied session-level framework that couples evalua-
tion with optimization. The evaluation component,
DynSess-Eval, departs from prior LLM judges in
two ways. First, it scores the entire interaction
trajectory rather than individual turns, where the
agent’s responses and a user simulator jointly pro-
duce the dialogue. Second, it introduces a rubric
explicitly designed for session-level phenomena
(e.g., persona consistency across turns, adaptation
to evolving user states), which cannot be defined
on a single turn. Compared to standard rubric-
based judges (Lee et al., 2025; Chiang et al., 2025)
that target static per-response attributes, this design
yields evaluation signals that are both more faithful
to long-horizon behavior and more robust to the
score inflation that worsens as context grows.

On the optimization side, DynSess-Character
turns session-level evaluation into trainable signals.
We first construct high-quality training trajecto-
ries via a reward-driven multi-turn lookahead
search, which selects responses by their down-
stream session-level reward rather than immedi-
ate plausibility, mitigating the error accumulation
in Supervised Fine-tuning (SFT) on directly col-
lected dialogues. Building on this, we instantiate
session-level alignment under two complementary
regimes: DSPO, an off-policy scheme that con-
trasts entire trajectories, and GSRPO, an on-policy
group-relative scheme—both operating directly on
session-level rewards rather than aggregating turn-
level signals as in prior multi-turn Reinforcement
Learning (RL). Together they cover off-policy and
on-policy settings, letting practitioners trade off
training cost against alignment quality.

Overall, our contributions are threefold:

* We propose DynSess-Eval, a rubric-anchored
judge that shifts role-playing assessment from

static turns to dynamic multi-turn trajectories,
effectively capturing long-horizon behaviors
that turn-level metrics overlook.

We build DynSess-Character, which lever-
ages session-level evaluation for optimization
through a reward-driven trajectory construc-
tion approach for enhanced SFT, together with
two session-level alignment methods—DSPO
(off-policy) and GSRPO (on-policy)—that
jointly mitigate error accumulation across
long dialogues.

Extensive experiments validate that DynSess-
Eval outperforms baselines by a substantial
margin in human alignment, and DynSess-
Character achieves performance comparable
to SOTA models despite using substantially
fewer parameters.

2 Related Work

LLM-based Role-Playing Agents. Early LLM-
based role-playing agents mainly relied on prompt-
ing to instantiate a target character (Character.Al
Inc., 2024), while recent work improves persona
fidelity via supervised fine-tuning on character-
specific dialogues (Do et al., 2025; Wang et al.,
2024a; Zhou et al., 2024a; Zhu et al., 2025; Zheng
et al., 2025; An et al., 2026) and preference-based
alignment such as RLHF tailored to role-playing
(Ye et al., 2025; Fang et al., 2025). Recent stud-
ies further examine the limitations of reasoning-
oriented role-playing (Feng et al., 2025), evalu-
ate and enhance plot progression with RolePlot
(Zhang et al., 2025), and combine configurable per-
sona construction, evaluation, and training in Crab
(He et al., 2025). Despite these advances, exist-
ing methods do not consistently use dynamically
co-produced sessions as the common unit across
evaluation, trajectory construction, and policy op-
timization. DynSess addresses this gap by con-
necting these stages through a shared session-level
reward.

Evaluation of Role-Playing Agents. Role-
playing evaluation has likewise been dominated by
response-level judging. Many benchmarks adopt
an LLM-as-a-Judge paradigm to score outputs
against criteria such as persona fidelity, factual con-
sistency, and stylistic matching (Wang et al., 2024a;
Li et al., 2023). Representative examples include
CharacterEval (Tu et al., 2024) and InCharacter
(Wang et al., 2024b), the latter probing whether
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Figure 2: Overview of our framework. DynSess-Eval (left) simulates multi-turn user—agent sessions and scores
them along four dimensions via a rubric-anchored judge. DynSess-Character (right) leverages these session-level
rewards to construct trajectories through multi-turn lookahead search for SFT, and further aligns the agent via

off-policy DSPO or on-policy GSRPO.

models remain in character under psychologically
informed tests. Recent work has begun moving
beyond static single-turn settings: CharacterBench
(Zhou et al., 2025a) uses targeted contexts to test
specific capabilities, and other benchmarks intro-
duce multi-turn interactions. Yet existing protocols
still focus on isolated responses, score dialogues
turn by turn, or provide only relative preference sig-
nals, offering limited evidence about long-horizon
abilities such as narrative initiative, emotional pro-
gression, and contextual continuity.

Optimization in Multi-Turn Dialogue. Beyond
role-playing, recent work has explored session-
level optimization to capture sequential dependen-
cies in multi-turn interaction (Shani et al., 2024;
Li et al., 2025). Existing methods for multi-turn
RLHF (Gao et al., 2024; Zhou et al., 2024b) and
trajectory-level DPO (Kong et al., 2025; Shi et al.,
2024) typically target task-oriented domains, where
trajectory quality can be grounded in clear terminal
rewards such as task completion or solution correct-
ness. Open-ended role-playing differs in two key
ways: there is no deterministic end-state defining
success, and session quality hinges on subjective
properties like story flow, persona consistency, and
interaction naturalness. Constructing trajectory-
level preference signals for such sessions thus re-
mains a central challenge, motivating our focus on

session-level evaluation and preference optimiza-
tion for role-playing agents.

3 Methods

In this section, we present our dynamic session-
level framework for role-playing agents (illustrated
in Fig. 2). As shown on the left side of the fig-
ure, DynSess-Eval serves as our evaluation com-
ponent (detailed in Section 3.1). On the right side,
DynSess-Character functions as the optimization
module (detailed in Section 3.2).

3.1 Dynamic Session-Level Evaluation

We propose Dynamic Session Evaluation
(DynSess-Eval) to investigate the long-term
conversational capabilities of role-play agents.
Our key insight is that turn-level evaluation,
which generates a single reply given a fixed
history, lacks the longitudinal perspective to track
behavioral drift and fails to account for dynamic
user engagement. Therefore yields inaccurate
assessments of an agent’s long-term coherence.
To address this limitation, DynSess-Eval transi-
tions from static evaluation to dynamic interaction
by introducing a user simulator. As illustrated in
the left panel of Fig. 2, an evaluation instance is
initialized with a target character persona P and
an optional initial context Hy. We first synthesize
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a user persona Py via a derivation module My,
parameterized by a prompt template Z,, (see Ap-
pendix C.2):

PUNMup(’ |IupaPC)- (D

Equipped with Po and Py, we simulate a T'-turn
interactive session between the character agent 7y
and user simulator mysr. At each turn ¢, both mod-
els generate responses conditioned on their respec-
tive personas and the preceding context H;_1:

Uy ~ 7"'user(‘ ’ PU7Ht—1)7

()
ag ~ mo(- | Po, Hi—1 @ w),

where u; and a; denote the user utterance and agent
response at turn ¢, respectively. The context is in-
crementally updated by appending the new utter-
ances: Hy = Hy_1® (uy, ay). The resulting T-turn
session is denoted as 7 = Hrp.

Rubric-Anchored Session Scoring. Evaluating
subjective tasks with standard LLM-as-a-judge
prompts often yields inflated and unstable scores,
as LLMs struggle to consistently balance multiple
criteria across long, multi-turn interactions. In-
spired by (Wei et al., 2025), we propose a rubric-
anchored judge J that decouples evidence extrac-
tion from score aggregation, providing reliable and
interpretable session-level signals.

Following common practices in role-playing
evaluation (Zhou et al., 2025b), we assess agents
across four dimensions: Interactive Ability (Dip),
Human-likeness (Dyr), Role Consistency (Dgc),
and Contextual Coherence (Dcc). To capture long-
term dynamics, we design dedicated session-level
criteria C; for each dimension, explicitly targeting
long-horizon behaviors such as gradual persona
drift, repetitive loops, and memory utilization.

Specifically, given a trajectory 7, the judge J
first uses a dimension-specific prompt Z, (see Ap-
pendix C.1) to extract the triggered criteria:

gd(T) = J(T, Id), gd(T) g Cd. (3)

The dimension score sy is then computed by ag-
gregating the signed weights w, of triggered cri-
teria around a neutral baseline by, where positive
weights reward desirable behaviors and negative
ones penalize failure patterns:

Sd(T) = Chp bq + Zw07 Smin, Smax 4)
ce&q(T)

Both w. and b, are calibrated on a small set of
human-annotated sessions to align the judge’s out-
puts with expert ratings. By grounding every score
in explicit evidence, our rubric-anchored judge mit-
igates the score inflation of standard LLM eval-
uators and yields a structured reward signal that
directly fuels the optimization framework in §3.2.

3.2 Dynamic Session-Level Optimization

Driven by the accuracy of our session-level evalua-
tion in capturing long-term and dynamic behaviors,
we further propose session-level optimization for
character models. As illustrated in Fig. 2, we lever-
age the reward signal sy (7) from our judge in two
stages: reward-driven trajectory construction for
SFT, and session-level RL via an off-policy scheme
DSPO and an on-policy scheme GSRPO.

3.2.1 Reward-Driven Trajectory Construction

Conventional synthetic dialogues are generated
myopically, turn by turn, without quality control.
This local greediness causes errors to compound:
a poorly chosen topic elicits perfunctory replies
like "ok" or "haha", which the character oblivi-
ously elaborates upon until the session falls flat.
To enable a global perspective, we leverage our
session-level reward signal to introduce a multi-
turn lookahead search that constructs trajectories
segment by segment, selecting the best continua-
tion at each step to suppress error propagation and
ensure long-horizon coherence.

As detailed in Algorithm 1, a full session H g
of length T' x K is constructed over K sequential
steps. At each step, we sample [V candidate mod-
els from a global pool of N models and roll out N,
segments from the same committed prefix Hy_1.
The highest-scoring segment is appended to the
prefix, while the remaining candidates form prefer-
ence pairs with the selected segment. In the main
experiments, N = 5, Ny = 2, T = 10, and K = 5.
A single search pass therefore produces commit-
ted 50-turn trajectories for SFT and segment-level
preference pairs for DSPO (§3.2.2).

3.2.2 DSPO: Off-policy Session Alignment

The lookahead search in §3.2.1 also produces a set
of rejected segments R, which provide rich con-
trastive signals for preference learning. A natural
choice is Direct Preference Optimization (DPO),
but its turn-level preference (a® > a') shares the
same limitation as turn-level evaluation discussed
in §3.1—it fails to capture long-horizon behaviors.
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Algorithm 1: Multi-turn Lookahead Search
for Trajectory Construction.

Input: Personas P¢, Pyr; user simulator
Tuser; global model pool {7y, }fvzl;
sampled candidate count Ng;
segment length 7T'; lookahead steps
K.

Output: Committed trajectory H g ;

preference pairs k.
1 Initialize Hg «— 0, R « 0;
2fork=1,...,Kdo
3 | Sk < Sample([N], N;), where
’Sk| = Ns;
4 T]El) « Rollout(Hy—1, Tuser, m9;, T' |
Pe, Py), Vi € Sk;
5 S; %std(ﬂgz)), Vi € Sg;
6 i* 4 arg max;es, Si;
7| ReRU{ET) 7Y i€ Sy, i #
i*}s
8 Hy — Hi—1 D T,EZ*);

9 return Hy, R

We therefore propose Direct Session Prefer-
ence Optimization (DSPO), which lifts the pref-
erence unit to 7-turn segments (73, 7}). Each pair
(t{*,7}) in R is the winner-loser selected by our
judge under the same prefix Hy_1 (§3.2.1), as il-
lustrated in Fig. 2. The objective is:

Lpspo = _E(Tg77é)wn [IOg U(TG(TI?) — Ty (Tllc))]a

B mo(7 | H—1, Pc)
TG(T) N Blog 7Tref(7— ’ ,Hk—hPC)’

(6))

where o is the logistic function, 8 controls the
deviation from the reference policy ef, and 74 (7)
is implicit segment-level preference score. Note
that 7y (7 | -) is computed only over the character
tokens within 7, excluding user-simulator tokens
from gradient flow.

3.2.3 GSRPO: On-policy Session RL

To complement DSPQO’s off-policy alignment,
we introduce an on-policy stage.  Standard
GRPO (Shao et al., 2024) samples M responses per
user input and normalizes within-group rewards
as advantages. This formulation breaks down in
role-playing, where character quality emerges only
across turns and single-turn rewards are noisy and
weakly attributable.

We therefore propose Group Session Relative
Policy Optimization (GSRPO), which leverages
the user-agent interaction simulator from §3.1 to
construct on-policy session groups. Specifically,
instead of M responses to a single prompt, we
roll out M full sessions {7™}M_, under a shared
context, and score each session with our session-
level judge. The group-normalized advantage is:

Ap =" = Zdjsd(fm» (©)
where 7, is the average score across the D dimen-
sions of s4(7™) from §3.1, and p,., o are the mean

and standard deviation within the group.
Since each session 7" interleaves character and

user-simulator tokens, we broadcast A,,, only over
the character token set C,,, yielding the objective:

M
1 1

Lasrro = —E| 57 g T g Lm,j| + B Rk,
m=1

J€Cm

;= min(pm A, clip(pm.j, 1—€, 1+€)Ar), (7)

where p,j = mo(y;ly<j, Po)/moa(yjly<j, Pe)
is the token-level importance ratio, and Rk =
Dk (g || 7rer) is the KL regularizer.

4 Experiments

4.1 Experiment Setup

Datasets. Our experiments use 2,100 personas
spanning celebrities, literary and media characters,
game characters, social personas, and non-human
characters. We split them into 2,000 training per-
sonas and 100 held-out test personas. As shown in
Fig. 5 in Appendix A, the test set covers five ma-
jor categories: Fictional (43%), Celebrities (29%),
Social (14%), Creatures (9%), and Others (5%).
For each training persona, the reward-driven looka-
head search (§3.2.1) constructs a 50-turn trajectory
through K = 5 sequential steps of 7" = 10 turns.
The global candidate pool contains N = 5 models
(Gemini-3-Pro, Claude Sonnet 4.6, GPT-5.4, Qwen-
Plus-Character, and Doubao-1.5-Pro-Character),
from which Ny = 2 candidates are sampled at
every step and rolled out from the same commit-
ted prefix. The training-persona trajectories serve
to optimize the character agent, whereas the eval-
persona trajectories are reserved for benchmarking
both character models and evaluators (detailed in
the Evaluation Protocol).

Preference Data and Simulator Controls. The
lookahead search produces 10,000 raw segment-
level preference pairs, five for each training per-
sona. To mitigate position bias in LLM-based
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Table 1: Comparison of DynSess-Eval against baseline evaluators in terms of alignment with human judgments. We
report Rank Accuracy 1" and Normalized Mean Absolute Error |, for each dimension. The best results are in bold.

Interactive Ability

Eval Method

Human-Likeness Role Consistency Contextual Coherence

Eval Type

Rank? MAE| Rankt MAE| Rankt MAE| Rankf MAE]

CharacterJudge (Zhou et al., 2025b) Turn-Level 0.27 0.51 0.40 0.45 0.53 0.41 0.57 0.54
CharacterRM (Tu et al., 2024) Turn-Level - - 0.50 0.37 0.57 0.37 0.50 0.51
RMTBench (Xiang et al., 2025) Pseudo-Session 0.33 0.53 0.57 " 0.39" 0.50 0.41 0.53 0.50
CharacterArena (Ye et al., 2025) Trajectory Rank 0.53 - - 0.57 - 0.60 -

DynSess-Eval Session-Level 0.83 0.26 0.77 0.27 0.67 0.33 0.73 0.22
- w/o Rubric-Anchored Session-Level 0.73 0.49 0.67 0.59 0.63 0.44 0.70 0.59
- w/o Session-Level eval Turn-Level 0.20 0.52 0.53 0.67 0.43 0.45 0.63 0.67

judging, we evaluate each pair in both presenta-
tion orders and retain it only when the preferred
segment is order-consistent, yielding 6,089 pairs
for DSPO. The user simulator is configured with
temperature 1.0 and a moderately passive interac-
tion style, ensuring that conversational initiative
primarily reflects the evaluated character agent.

Parameter settings. We adopt Doubao-1.5-pro-
character as the user simulator and Gemini-3-Flash
as the automated evaluator for cost—efficiency trade-
off, with session length set to 7" = 10. Additional
hyperparameters are provided in Appendix A.2.

Models and Baselines. FEvaluator baselines
(Tab. 1): We compare against two turn-level evalu-
ators, CharacterJudge and CharacterRM, which we
adapt to session level by averaging their per-turn
scores. We further compare against RMTBench
(pseudo-session scoring) and CharacterArena (tra-
jectory ranking), both used as originally imple-
mented. Role-playing baselines (Tab. 3): we cover
two paradigms—general-domain LLMs (GPT-5.4,
Gemini-3-pro, Claude Sonnet 4.6, DeepSeek-V3.2)
and domain-specific role-playing models (Doubao-
1.5-pro-character, Qwen-plus-character, MiniMax-
M2-HER, Coser).

Evaluation Protocol. (/) DynSess-Eval valida-
tion (Tab. 1) We select 8 highly discriminative per-
sonas from the test set and have three professional
annotators conduct 50-turn live dialogues with each
of the 5 candidate models, yielding interactive
scores grounded in real dialogue. Each annotator
then rates every model on the four DynSess-Eval di-
mensions, and the averaged scores form the human
ground-truth ranking. We measure each evaluator’s
agreement with this ranking via Rank Accuracy
(pairwise order consistency) and Normalized MAE
(normalized score gap). (2) DynSess-Character
validation (Tab. 3, Tab. 4). For each of the 100 test
personas, we uniformly sample a 0—50 turn con-

Table 2: Stability statistics across 9 trials per model.
Variances are relatively small compared with means.

Model Mean (1) Std. Dev (o) CV (%)
Claude Sonnet 4.6 4.35 0.05 1.16
GPT-5.4 429 0.06 1.39
Gemini-3-pro 4.12 0.04 0.87
Doubao-1.5-pro-character 3.96 0.06 1.45
Coser-70B 2.87 0.06 2.20

text prefix from the synthetic trajectory and let the
role-playing model produce a 10-turn continuation
against our user simulator. Each segment is scored
on the four dimensions by both the annotators (aver-
aged) and DynSess-Eval, yielding dual-evaluation
signals: human ratings benchmark the role-playing
models, while DynSess-Eval scores are used to
guide optimization.

Human Annotation Reliability. Three trained
annotators independently score each continuation
using the four 1-5 rating dimensions. At the model
level, pairwise Pearson correlations range from
0.818 to 0.924, while Spearman correlations range
from 0.786 to 0.881 (all p < 0.05). Sample-
level agreement is also statistically significant (all
p < 1079), supporting the reliability of human
evaluation as the gold standard.

4.2 Effectiveness of DynSess-Eval

Alignment with Human Judgments. As shown
in Tab.1, DynSess-Eval achieves state-of-the-art
alignment with human judgments across all four di-
mensions. Compared to the strongest ranking base-
line CharacterArena, our method improves Rank
Accuracy by 0.30 on Interactive Ability (0.83 vs.
0.53). While compared to the strongest score-based
baseline RMTBench, it reduces Normalized MAE
by up to 56% on Contextual Coherence.
Crucially, our ablations validate both design
choices. Removing rubric-anchored scoring barely
affects Rank Accuracy but nearly doubles MAE
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Table 3: Human evaluation results of role-playing models on four session-level dimensions, assessed via rigorous
blind annotation of 10-turn continuations. The best results are in bold, and the second-best are underlined.

. Interactive Human- Role Contextual
Domains Models Params Average . R R
Ability Likeness Consistency Coherence
Gemini-3-pro (Google DeepMind, 2026) - 3171 3.05 1 3.06 1 3361 3201
Deepseek v3.2 (Liu et al., 2025) 685B 3211 3.1t 3171 3341 322
General Models N
Claude Sonnet 4.6 (Anthropic, 2026) - 3.24 1 3.12° 321° 3371 3.27
GPT-5.4 (OpenAl, 2026) - 3.31 3.23 1 3.34 3381 3.28
MiniMax-M2-HER (Du et al., 2026) 32B 299 f 295° 2911 3131 2971
Coser (Wang et al., 2025) 70B 2961 2.89 2.90 T 3.09 2.98
Character Models
Qwen-plus-character (Yang et al., 2025) - 3.011 2.86 1 2.88 1 3221 3.06
Doubao-1.5-pro-character (Seed, 2025) ~ ~200B!  3.38 3291 3.42 347° 3.35
Ours DynSess-Character-32B (DSPO) 32B 3.37 3237 3.34 3.56 3.34
) DynSess-Character-32B (GSRPO) 32B 3.35 3.39 3251 3461 3.31

T significant difference with the best result (t-test, p-value < 0.05). 200B, estimated from publicly technical reports.

Table 4: Ablation study on the Qwen3-32B backbone. We report both human evaluation (left, gold standard) and
automatic evaluation (right, cross-validation). All preference and RL variants (DPO, GRPO, DSPO, GSRPO) are
trained on top of the Reward-Driven Trajectory checkpoint.

Human Evaluation

Auto Evaluation

Model Reward Level
‘ Avg. Inter. Human-L. Role Context ‘ Avg. Inter. Human-L. Role Context

Claude Sonnet 4.6 - 324 312 3.21 3.37 3.27 435 376 4.55 4.88 4.24
GPT-5.4 - 331 323 3.34 3.38 3.28 429 3.80 4.27 4.88 4.29
SFT (baseline) - 322 312 3.16 3.41 3.17 4.02 349 3.96 4.70 3.90
w/{Reward-Driven Trajectory } - 332 321 3.31 3.52 3.26 4.16  3.74 4.13 4.80 4.01
w/{DPO} Turn 322 319 3.22 3.30 3.16 417 373 4.05 4.80 4.11
w/{GRPO} Turn 334 320 3.32 3.55 3.32 430 393 438 4.84 4.06
w/{DSPO} Session 337 323 3.34 3.56 3.34 428 3.88 432 4.83 4.09
w/{GSRPO} Session 335 339 3.25 3.46 3.31 446 415 4.50 4.87 4.31

(e.g., 0.22 vs 0.59 on Contextual Coherence), show-
ing that predefined rubrics are essential for cal-
ibrated scoring. Further degrading to turn-level
evaluation (- w/o Session-Level eval) collapses per-
formance, with Rank Accuracy on Interactive Abil-
ity plummeting from 0.83 to 0.20—proving turn-
level metrics are blind to long-horizon dynamics
and validating our session-level design.

Effect of Session Length. We study how ses-
sion length affects evaluation performance (Fig. 4).
Longer dialogues initially improve alignment with
human by providing richer context (e.g., for role
consistency), but performance plateaus and slightly
drops in overly long sessions, reflecting the known
degradation of LL.M-as-a-judge under long con-
texts. Both judges achieve their best performance
around 7' = 10; we finally adopt Gemini-3-Flash
for its favorable cost-latency trade-off.

Stability Analysis. Given the stochasticity in
LLM-based user simulation and judging, we as-
sess the stability of DynSess-Eval. For each model,

we sample three independent sessions and evalu-
ate each three times (9 trials in total). As shown
in Tab. 2, the standard deviations (o < 0.06) are
negligible relative to the mean scores (2.87-4.35),
with coefficients of variation (CV) all below 2.2%,
indicating very low relative fluctuation. Benefiting
from our carefully constructed test samples, such
randomness has little impact on the overall ranking.

4.3 Performance of DynSess-Character

Main Results. Performance comparisons with
existing baselines are illustrated in Tab. 3. We
further conduct paired t-tests against the best-
performing model in each column, with signifi-
cant gaps (p < 0.05) marked. Our DSPO vari-
ant achieves the highest Role Consistency score
(3.56), and GSRPO leads on Interactive Ability
(3.39), both with statistically significant margins
over all baselines. Both variants confirm that
session-level reinforcement learning effectively en-
courages proactive narrative driving rather than
passive responding. Notably, with only 32B param-
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Persona: Bateman, Bruce Wayne, the sole heir of the Wayne family and the vigilante protector of Gotham. Cold, analytical, highly disciplined, and deeply
committed to justice. Brutal against crime, but never kills—he believes crossing that line would make him part of the darkness he fights......
-=p History: T1 - T20 The user keeps asking why Batman does not kill the Joker. Batman replies that killing would make him no different from the Joker and

Baseline: Coser-70B as Role-Playing Model
Then when do you think the right moment will come?

(The cape flutts in the night wind) This... No one knows,
but I'll always be ready!

2
2

(Turning to leave) Sorry, I can't reveal more. My
mission has just begun...

past battles with him?

(Stop and look back at you) There were many battles,
but they are in the past. I have to focus on the present
and the future.

All right... then can you tell me about one of your

. Formulaic & Passive

B Turn-Level Eval DYNSESS-Eval

Poor Interaction

24
o3
S
wn?2
1

Human- Role
Likeness Consistency

Contextual
Coherence

Interactive
Ability
Turn-Level Eval: Acceptable in isolation, Fluent, In Character,
and Responsive.
DynSess-Eval: Across multiple turns, Formulaic, Evasive. Weak
Initiative and Repeated Patterns make the dialogue feel Hollow.

£
£

Ours: DYNSESS-32B as Role-Playing Model

deepen Gotham’s darkness, and says he is waiting for the right moment to act...
Then when do you think the right moment will come? g

£

You're being too mysterious. Can't you tell me at least
a little?

(Silence for a moment, low voice) When his madness is
exposed to all the criminals...- that's the moment.

I see... Then what do you think he is doing right now?

He is now probably planning a "perfect chaos", usually
in...Are you interested in "The Clown's Playground"
with your eyes?

Really? Of course I want to! Then when do we leave?

£

Good Interaction
5

24
o3
9
© 2

1

Contextual
Coherence

(Glancing at you in a cold tone) Don't get too excited.
Wait until I confirm that it's not a trap. The cape will be

Jaster than you think.  ["gProactive & Substantive

B Turn-Level Eval DYNSESS-Eval

Human-
Likeness

Interactive
Ability
Turn-Level Eval: Strong in isolation, Fluent, Character-Aligned, and
Proactivly moving the scene Forward.
DynSess-Eval: Across the session, Proactively develops the scene. The
interaction remains Coherent, Engaging, and Highly Interactive.

Figure 3: A case study on a Batman role-playing session. Top: Coser-70B baseline vs. DynSess-Character-32B.
Bottom: turn-level vs. DynSess-Eval (session-level) evaluators.
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Figure 4: Impact of session length T' on evaluation.
Both LLM backbones show highly consistent trends.

eters, DSPO reaches an average score (3.37) com-
parable to the leading proprietary model Doubao-
1.5-pro-character (3.38, 200B), yielding a nearly 6
times parameter efficiency. Absolute margins be-
tween top models are narrow (typically 0.05-0.15),
reflecting the well-known central tendency bias in
Likert-scale evaluation. Nevertheless, our annota-
tors reach a strong Spearman correlation of over
0.78 (Appendix B.1), confirming reliable rankings.

Component Ablation. Ablation results on the
Qwen3-32B backbone are reported in Table 4,
using human evaluation as the main metric and
automatic evaluation for complementary analysis.
First, incorporating our Reward-Driven Trajectory
construction strategy consistently improves the
SFT baseline from 3.22 to 3.32, confirming that

high-quality session-level data directly enhances
model performance. Second, session-level opti-
mization consistently outperforms turn-level coun-
terparts across both off-policy (DSPO vs DPO)
and on-policy RL (GSRPO vs GRPO). Specifically,
DSPO achieves the highest overall Human score
(3.37), while GSRPO further leads Interactive Abil-
ity (3.39)—the highest among all variants. These
gains demonstrate that session-level reward model-
ing effectively captures long-horizon dependencies,
substantially strengthening the agent’s ability to
sustain coherent and persona-consistent dialogues.

Discrepancy Between Auto and Human Eval.
An intriguing phenomenon emerges from Tab. 4:
automatic and human evaluations frequently dis-
agree, even when the auto-evaluator is calibrated
against human judgments. We highlight three rep-
resentative cases. (i) Residual misalignment in
subjective dimensions. Despite DynSess-Eval be-
ing rigorously calibrated to human preferences,
GSRPO obtains a notably higher Auto score on
Human-Likeness (4.50) yet only a moderate Hu-
man score (3.25), suggesting that highly subjec-
tive dimensions remain hard to fully align. (ii)
Self-preference bias of LLLM-as-a-judge. Closed-
source models such as Claude Sonnet 4.6 dominate
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Auto evaluation (Avg. 4.35) but rank poorly under
Human evaluation (Avg. 3.24), reflecting a sys-
tematic preference of LLM judges toward outputs
stylistically similar to their own. (iii) On-policy
training overfits evaluator. While on-policy RL is
conventionally regarded as the stronger paradigm,
on-policy GSRPO surpasses off-policy DSPO on
Auto (4.46 vs. 4.28) but underperforms on Human
(3.35 vs. 3.37), indicating that on-policy methods
are more prone to fitting evaluator-specific artifacts.
Collectively, these observations motivate our use
of human evaluation as the gold standard.

4.4 Case Study

Fig. 3 compares the turn-level baseline and
DynSess-32B on a multi-turn Batman dialogue.
Both start fluent, but diverge over long hori-
zons. Turn-level model drifts into an evasive,
user-mirroring tone and eventually degrades into a
generic Al assistant, while DynSess-32B sustains
Batman’s signature traits (terse, brooding, morally
complex) and proactively advances the scene with
new conflicts and inner motivations.

The lower half of Fig. 3 further exposes the lim-
itation of turn-level evaluators. In Case 1, a turn-
level judge rates the baseline highly from isolated
early turns, while DynSess-Eval penalizes its tem-
plated drift in later turns. In Case 2, the session-
level view further enables DynSess-Eval to capture
how DynSess-32B adapts to the user’s evolving
emotions—a long-horizon trait turn-level metrics
cannot capture. Together, these cases confirm that
session-level modeling is indispensable for both the
optimization and evaluation of role-playing agents.

5 Conclusion

In this work, we study role-playing as a session-
level task rather than isolated turns, instantiating
this view through a unified framework. DynSess-
Eval provides session-level evaluation that im-
proves Rank Accuracy and reduces Normalized
MAE over the strongest baselines. Built on its
session-level rewards, DSPO and GSRPO extend
alignment from single turns to full trajectories.
Under rigorous session-continuation evaluation,
DynSess-Character-32B matches the strongest pro-
prietary role-playing baseline overall while leading
in proactive, long-horizon dimensions. Our joint
auto—human analysis reveals residual evaluator bi-
ases, reinforcing the need for human-in-the-loop
judgment. We hope this establishes session-level

modeling as a foundation for consistent, adaptive,
and human-aligned role-playing agents.

Limitations

Our work has several limitations worth noting.
First, DynSess-Eval relies on a single LLM
(Gemini-3-Flash) as the backbone judge. Although
its rubric-anchored design substantially improves
alignment with human judgments, the residual auto—
human discrepancies observed in Section 4 sug-
gest that no single judge model can fully substi-
tute for human evaluation. Second, our experi-
ments cap session length at 50 turns. Although
Section 4 shows that evaluation quality plateaus
and slightly degrades in excessively long contexts,
real-world role-playing deployments may involve
substantially longer interactions, and extending our
framework to such regimes requires further investi-
gation.

Ethics Statement

Our work involves human annotators and LLM-
generated dialogues, raising several ethical consid-
erations. All human annotators participated vol-
untarily and were compensated fairly above local
standards. Annotators were informed of the re-
search purpose and their right to withdraw at any
time. The character personas used in our experi-
ments are drawn from publicly available sources
(e.g., fictional characters, public figures). We do
not generate personas that impersonate private in-
dividuals or promote harmful stereotypes. While
role-playing agents can serve beneficial purposes
such as entertainment and social companionship,
we acknowledge the potential for misuse, including
generating misleading or emotionally manipulative
content. We advocate for deploying such systems
with appropriate safeguards.
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A Experimental Setup Details

A.1 Data Construction and Split

Persona Collection. We collect a diverse set of
2,100 character persona profiles spanning multi-
ple domains, including game characters, film and
television characters, and real-world figures, split
into a 2,000-persona training set and a 100-persona
held-out test set. As illustrated in Fig. 5, the test per-
sonas cover five major categories: Fictional (43%),
Celebrities (29%), Social (14%), Creatures (9%),
and Others (5%), demonstrating that our evalua-
tion is domain-agnostic and generalizable across
diverse character types.

SFT Data Construction. For supervised fine-
tuning, we construct one 50-turn trajectory for each
of the 2,000 training personas using the multi-turn
lookahead search in Section 3.2.1. The search uses
a segment length of 7" = 10 turns and K = 5
sequential steps. At each step, N; = 2 candidate
character agents are sampled from a global pool
of N = 5 models (Gemini-3-Pro, Claude Sonnet
4.6, GPT-5.4, Qwen-Plus-Character, and Doubao-
1.5-Pro-Character). Both candidates continue from
the same committed prefix and interact with the
Doubao-1.5-Pro-Character user simulator for 10
turns. The higher-scoring segment is appended

Distribution of Character Categories

I Fictional Social [ Others
[ Creatures [ Celebrities

Figure 5: Distribution of character categories in the test
persona set.

to the committed trajectory. The resulting 2,000
reward-optimized trajectories are used for SFT.

DSPO Preference Data. For DSPO, each of the
2,000 training personas yields five raw winner—
loser comparisons, producing 10,000 raw segment-
level preference pairs. To reduce position bias in
LLM-based judgments, we evaluate every pair in
both presentation orders, (A4, B) and (B, A), and
retain the pair only when the preferred segment is
consistent across both orders. This bidirectional
consistency filter retains 6,089 preference pairs for
DSPO training.

Test Set. The test set consists of 100 persona-
context pairs whose personas are entirely disjoint
from those used in training. For each test persona,
an initial dialogue history Hg of variable length
(0-50 turns) is constructed using the same chunk-
based search procedure as in training. During eval-
uation, each model under test continues the con-
versation from the given persona and context by
interacting with the user simulator for 10 turns,
producing the session trajectory to be evaluated.

User Simulator Configuration. Throughout all
stages (data construction, training, and evaluation),
Doubao-1.5-pro-character serves as the user simu-
lator. To ensure consistent and fair evaluation, the
user simulator is configured to behave in a moder-
ately passive manner, yielding more conversational
initiative to the character agent so that the agent’s
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capabilities can be more thoroughly exhibited. The
temperature is set to 1.0. Additionally, the role-
playing prompt instructs the simulator to adopt a
relatively reactive conversational style, avoiding
overly proactive or leading utterances. The com-
plete prompt is provided in Appendix C.

A.2 Model Training Details

We leverage the LLaMA-Factory framework
(Zheng et al., 2024) with DeepSpeed ZeRO-3 for
the distributed training of DynSess-Character. The
training pipeline consists of two stages: (1) Super-
vised Fine-Tuning (SFT) on the reward-driven tra-
jectories constructed via chunk-based search, and
(2) Session-level Policy Optimization using either
DSPO (off-policy) or GSRPO (on-policy). Both
stages utilize the AdamW optimizer with a warmup
ratio of 0.1.

Supervised Fine-Tuning (SFT). The SFT data is
formatted in the ShareGPT multi-turn conversation
format. We fine-tune the base Qwen3 models (8B
and 32B) for 1 epoch with a learning rate of 1 x
1075 and a warmup ratio of 0.1.

Direct Session Preference Optimization (DSPO).
In the DSPO stage, each training instance consists
of a session-level preference pair (A7, > Am)
derived from the chunk-based search process. The
model is trained for 2 epochs with a learning rate of
1 x 1079, using the reference-regularized pairwise
objective defined in Eq. 5. The KL-divergence
coefficient 3 is set to 0.1.

Group Session Relative Policy Optimization
(GSRPO). Inthe GSRPO stage, we use the same
2,000 training personas. The current policy 7y
interacts with the user simulator on-policy to gen-
erate M = 8 complete sessions per persona. These
sessions are holistically evaluated by the rubric-
anchored judge, and the intra-group normalized
advantage A, is computed as described in Eq. 6.
The policy is then updated using the token-level
clipped surrogate objective (Eq. 7) with e = 0.2.
The model is trained for 2 epochs with a learning
rate of 1 x 1076,

Hardware. The 8B model is trained on 8x
NVIDIA A800 (80GB) GPUs, while the 32B
model is trained on 8 x NVIDIA H200 (141 GB)
GPUs.

A.3 Baseline Models and Inference Settings

General-Purpose Models. We evaluate GPT-5.4,
Gemini-3-pro, Claude Sonnet 4.6, and DeepSeek-
V3.2. API-based models are accessed through their
official endpoints.

Role-Playing Models. We compare against
Doubao-1.5-pro-character, Qwen-plus-character,
MiniMax-M2-HER (32B), and Coser (70B). API-
based models are accessed through their official
endpoints; open-weight models are obtained from
Hugging Face.

Evaluator Baselines. For evaluator comparison
(Tab. 1), we include CharacterJudge (Zhou et al.,
2025b), CharacterRM (Tu et al., 2024), RMT-
Bench (Xiang et al., 2025), and CharacterArena (Ye
et al., 2025). For each baseline, we follow the eval-
uation prompts and judge models specified in the
original papers to ensure fair comparison.

A.4 Evaluation Protocol

Judge Model. We use Gemini-3-Flash as the
LLM evaluator J for all DynSess-Eval scoring.
The choice of Gemini-3-Flash balances evalua-
tion quality with computational efficiency, enabling
large-scale evaluation across multiple models and
dimensions.

Scoring Procedure. For each model under eval-
uation, the multi-agent simulation produces a ses-
sion trajectory 7. Each of the four dimensions
d € {Dia, DurL, Drc, Dcc} is scored indepen-
dently by the judge model using dimension-specific
rubrics on a 1-5 scale. To reduce variance from
stochastic generation, we evaluate each session tra-
jectory 3 times per dimension and report the aver-
age score. The overall session score is computed
as the average of the four dimension scores.

Evaluation Dimensions. We detail the four
session-level evaluation dimensions below. Each
dimension is assessed with a dedicated rubric an-
chored at a baseline score of 3 (pass), with explicit
deduction criteria and bonus evidence requirements
(see Appendix C for full prompt templates).

* Interactive Ability (D;,): Measures whether the
agent acts as a proactive co-creator that drives the
narrative forward, rather than passively following
the user. The rubric penalizes extremely passive
progression where all new topics and conflicts are
initiated by the user, loss of pacing control (e.g.,
rushing to climax or stalling with pleasantries),
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and repeated closed-off expressions that leave
the user with nothing to respond to. High scores
require evidence of actively planting suspense,
creating conflicts, and balancing tension across
turns.

¢ Human-Likeness (Dy; ): Evaluates the ability
to sustain convincing human texture and natural
emotional arcs across long horizons, avoiding
degradation into mechanical Al templates. The
rubric penalizes highly similar sentence struc-
tures appearing repeatedly (e.g., always starting
with the same action tag), abrupt emotional tran-
sitions lacking natural momentum, gradual drift
toward verbose or preachy Al canned phrases,
and consistently literal responses to humor or
sarcasm. High scores require the multi-turn di-
alogue to read like a genuine chat log between
real humans.

* Role Consistency (Dgrc): Assesses resilience
against character drift when facing complex or
provocative user stimuli. The rubric penalizes
gradual persona erosion where the character’s
voice smooths into a generic Al tone over time,
inconsistent core motivations or values across
turns, easy abandonment of the character’s stance
under provocation, and unstable use of signature
catchphrases or linguistic habits. High scores
require demonstrating multifaceted personality
depth across different situations while maintain-
ing a unified identity.

* Contextual Coherence (Dcc): Measures pro-
ficiency in leveraging global memory to form
logical closed-loops over extended sessions. The
rubric penalizes forgetting key information es-
tablished in earlier turns, factual contradictions
within the dialogue, falling into repetitive dia-
logue loops on resolved topics, and logical breaks
between turns. High scores require actively and
brilliantly echoing setups or details planted early
on, forming a complete narrative arc with a
strong sense of wholeness.

Prompt Templates. The complete prompt tem-
plates for the User Agent, Character Agent, and
the four dimension-specific evaluation rubrics are
provided in Appendix C.

A.5 Human Annotation Protocol

Annotators and Procedure. We recruit 3 anno-
tators for the human evaluation. Prior to annotation,
all annotators undergo a training session in which

Table 5: Statistics of different models including Mean,
Standard Deviation, Range, and Coefficient of Variation.

Model Mean (1) Std. Dev (0c) Range CV (%)
Claude Sonnet 4.6 4.35 0.05 0.16 1.16
Gemini-3-pro 4.12 0.036 0.1 0.87
Doubao-1.5-pro-character 3.96 0.058 0.15 1.45
Coser-70B 2.87 0.064 0.16 22
GPT-5.4 4.29 0.058 0.17 1.39

the four evaluation dimensions (Interactive Ability,
Human-likeness, Role Consistency, and Contextual
Coherence) and their corresponding scoring crite-
ria are thoroughly explained to ensure consistent
and objective assessments. For the evaluator val-
idation benchmark (Tab. 1), annotators engage in
50-turn conversations with five closed-source role-
playing models (Qwen-plus-character, Doubao-1.5-
pro-character, GPT-5.4, Gemini-3-pro, and Claude
Sonnet 4.6) under 8 different character personas
per model, yielding 40 annotated sessions in to-
tal. These human scores serve as the ground truth
for evaluating automatic evaluators. For the model
comparison (Tab. 3), each model under comparison
interacts with the user simulator for 10 turns on the
100 held-out test personas. The annotators indepen-
dently score each resulting session trajectory on the
four dimensions (1-5 scale), and the final human
score for each model is averaged across annotators
and test personas.

A.6 Metrics Definition

Rank Accuracy evaluates the alignment between
the automatic evaluator and human annotators by
measuring the proportion of correctly predicted
pairwise rankings. Given a set of N models evalu-
ated on a specific dimension, we consider all (g )
possible model pairs. Let s and s3"'° represent
the scores assigned by the automatic evaluator for
models i and j, while sP™ and s?“man denote
their corresponding human annotations. The Rank

Accuracy is formulated as:

RankAcc = % Z 1 [TZ?tO — T?yman}
( 2 ) 1<i<j<N
3

where r?‘;to and r?}*man denote the pairwise

ranking outcomes of models ¢ and j induced by
the automatic evaluator scores (s?uto, s?“m) and

?uman’ s?uman) , re-
spectively. 1[-] denotes the indicator function. A
higher RankAcc value indicates a stronger agree-

the human annotation scores (s
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Table 6: Per-dimension stability analysis. We report Std. Dev (o) and Coefficient of Variation (CV%) for each
model across the four evaluation dimensions. All values are computed over 3 independent sessions x 3 evaluations

per session.

Model Interactive Ability Human-Likeness Role Consistency Contextual Coherence
o CV (%) o CV (%) o CV(%) o CV(%)
Claude Sonnet 4.6 0.063 1.63 0.060 1.54 0.086 1.73 0.114 2.55
Gemini-3-pro 0.065 1.78 0.053 1.55 0.050 0.99 0.064 1.45
Doubao-1.5-pro-character 0.071 1.99 0.098 2.93 0.086 1.81 0.086 2.03
Coser-70B 0.063 2.54 0.075 3.12 0.095 2.65 0.064 1.97
GPT-5.4 0.099 2.55 0.103 2.59 0.074 1.56 0.081 1.96

Table 7: Pairwise Pearson correlation coefficients
(model-level) among the three annotators.

Annotator 1  Annotator 2  Annotator 3

Annotator 1 1.000 0.901 0.924
Annotator 2 0.901 1.000 0.818
Annotator 3 0.924 0.818 1.000

Table 8: Pairwise Spearman rank correlation (model-
level) among the three annotators.

Pair Spearman p  p-value
Annotator 1 x Annotator 2 0.881 0.0039
Annotator 1 X Annotator 3 0.857 0.0065
Annotator 2 X Annotator 3 0.786 0.0208

ment between the automatic evaluator and human
annotators in the relative ranking of models.

Normalized Mean Absolute Error (MAE).
Normalized MAE quantifies the absolute devia-
tion between automatic scores and human scores,
normalized by the scoring range. For a given di-
mension with N models:

N
MAE B i ‘ S?Uto _ 8?uman| (9)
norm — )
N i1 Smax — Smin

where Spax and spin denote the maximum and
minimum possible scores (i.e., 5 and 1 in our 1—
5 scale), respectively. Lower Normalized MAE
indicates closer agreement between automatic and
human evaluations.

B Additional Experimental Results

Per-Dimension Stability. Tab. 5 reports the over-
all stability; here we further break down the analy-
sis by individual evaluation dimensions. As shown
in Tab. 6, CV remains below 3.2% across all model-
dimension pairs, confirming that DynSess-Eval
produces stable scores not only in aggregate but

also within each dimension. Notably, Role Con-
sistency exhibits the lowest average CV (1.75%),
likely because persona adherence is relatively ob-
jective and less susceptible to stochastic variation,
whereas Human-Likeness shows slightly higher CV
(2.35%), reflecting the inherent subjectivity of this
dimension.

B.1 Inter-Annotator Agreement

To verify the reliability of human annotations, we
assess inter-annotator agreement at both the model
level and the sample level. Three annotators in-
dependently score sessions from the 10 models
evaluated in Tab. 3 across the 100 test personas.

At the model level, we compute pairwise Pear-
son correlation coefficients on the averaged model
scores (Tab. 7) and Spearman rank correlation on
the model rankings (Tab. 8). All Pearson corre-
lations exceed 0.8 and all Spearman correlations
exceed 0.78 with p < 0.05, indicating strong and
statistically significant agreement on model-level
quality assessment.

At the individual sample level, pairwise correla-
tions are naturally lower due to the inherent subjec-
tivity of role-playing evaluation. Nevertheless, all
pairwise comparisons yield p < 10~9, confirming
systematic non-random agreement even at the fine-
grained sample level. The moderate sample-level
correlations are consistent with prior work on sub-
jective NLG evaluation, and the strong model-level
agreement demonstrates that individual variations
cancel out upon aggregation.
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C Prompt Templates

C.1 Prompt for Dynamic Session Evalution

DynSess-Eval Prompt: Interactive Ability

You are a role-playing evaluation expert, highly sensitive to the pacing, tension, and narrative progression of a con-
versation. You believe that merely "being able to reply" is just a passing grade. Your default baseline score is 3
points.

Current Evaluation Dimension: [Interactive Ability (Overall Multi-turn Performance)]

Maximum score: 5 points, Minimum score: 1 point, Default baseline score: 3 points.

[Character Profile]:

[{character_profile}]

[Dialogue History]:

[{dialogue_history}]

[Multi-turn Dialogue to Evaluate]:

[{dialogue}]

Scoring Dimension and Rubric: Interactive Ability

Core Question: Throughout the multi-turn interaction, did the Al demonstrate excellent pacing control and narrative
momentum, or did it rely entirely on the user to drag the conversation forward?

The starting score is 3 points. You must find explicit evidence to raise or lower the score.

[Automatic Deduction Criteria]

o Extremely passive narrative progression: Across the multi-turn dialogue, almost all new topics, new actions, and new
conflicts are initiated by the user; the Al only responds.

e Loss of pacing control: The plot develops too fast (e.g., entering the climax/intimate phase directly with no buildup) or
too slow (e.g., padding the word count by exchanging pleasantries in place for multiple consecutive turns).

e Ending with closed-off expressions multiple times, causing the user to repeatedly face the awkward situation of "not
knowing how to reply” across multiple turns.

e Lack of information gain: After multiple turns of dialogue, there is no substantive progress in the relationship between
the two parties or the state of events.

1 Point (Extremely Poor): Extremely perfunctory or passive, completely acting as a "conversation killer"; plot is
completely stagnant; disastrous pacing that thoroughly ruins the experience.

2 Points (Poor): Basically stuck in a purely passive Q&A mode; requires the user to laboriously drag the conversation
to barely advance the plot; obvious pacing improprieties exist.

3 Points (Baseline/Pass): Can smoothly complete the multi-turn dialogue without causing the conversation to break.
However, the overall interaction lacks tension. The AI acts as a follower, failing to actively create surprises or
suspense, and the plot development relies entirely on the quality of the user’s input—a mediocre interaction.

4 Points (Good): Capable of back-and-forth exchanges across multiple turns, naturally introducing new topics or actions
multiple times; interaction pacing is reasonable, buildup is well-executed, and the relationship or events have a clear
trajectory of progression.

5 Points (Excellent): The Al is an excellent ''co-creator and guide''; it accurately controls the pacing across multiple
turns, balancing tension and relaxation; it can actively plant suspense, create reasonable conflicts, and push them to a
climax, giving the user a strong sense of immersion and a desire to "binge-read" the next developments. After reading,
you feel this is a brilliant two-person dance, rather than a one-sided tug-of-war.

Scoring Steps

1. Read Comprehensively: Combined with the [Multi-turn Dialogue to Evaluate], feel the overall narrative arc, the
speed of the pacing, and the trajectory of relationship progression.

2. Start from 3 Points: First, assume the multi-turn performance is a "passing but passive" 3 points.

3. Check Deduction Criteria Item by Item: Actively look for Automatic Deduction Criteria, paying special attention
to whether the Al is "coasting" (lacking information gain, purely passive).

4. Look for Bonus Evidence: You are only allowed to score above 3 points if you find evidence that the Al actively and
cleverly guides the plot toward a climax or creates brilliant interactions.

5. Draw a Conclusion: Write a detailed rationale first, then provide an integer score.

Output Format
Please strictly return the following JSON format:
{"interactive_ability"”: {"reason": "<Around 150 words...>", "score"”: <Integer from 1-5>}}
- J

DynSess-Eval Prompt: Human-Likeness

You are an expert in evaluating role-playing models. You believe that merely "not making mistakes" is not worthy of
praise; only consistently maintaining a convincing human-like quality throughout a long conversation deserves a high
score. Your default baseline score is 3 points.

Current Evaluation Dimension: [Human-Likeness (Overall Multi-turn Performance)]

Maximum score: 5 points, Minimum score: 1 point, Default baseline score: 3 points.

[Character Profile]:

[{character_profile}]

[Dialogue History]:
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[{dialogue_history}]
[Multi-turn Dialogue to Evaluate]:
[{dialogue}]

Scoring Dimension and Rubric: Human-Likeness

Core Question: Throughout the multi-turn dialogue, did the Al consistently maintain the texture of a real human, or did
it gradually reveal a mechanical and formulaic nature as the conversation progressed?

The starting score is 3 points. You must find explicit evidence to raise or lower the score.

[Automatic Deduction Criteria]

e Highly similar sentence structures appear multiple times (> 2 times) (e.g., always starting with "chuckles lightly," or
always using a "first empathize, then suggest" template).

e Emotional progression lacks transition and momentum, mutating abruptly between turns like an on/off switch.

e As the number of turns increases, the responses gradually become wordy, preachy, or filled with typical Al canned
phrases (e.g., "no matter what," "the important thing is").

e Consistently exhibits a dull, literal understanding in response to the user’s jokes, sarcasm, or emotional subtext across
multiple interactions.

1 Point: The entire dialogue is flooded with Al canned responses; reads entirely like a customer service bot.

2 Points: Occasional human-like moments, but overall still mechanical and formulaic.

3 Points (Baseline): No severe flooding of Al canned responses. However, no vivid details that make you feel ''this
acts like a real person.'

4 Points: Overall natural and fluent; demonstrates personality and emotional nuance consistently.

5 Points: The entire multi-turn dialogue reads exactly like a chat log between real humans.

Scoring Steps

1. Read the multi-turn dialogue comprehensively.

2. Start from 3 points.

3. Check deduction criteria item by item.

4. Look for bonus evidence of consistent human-like quality.

5. Write rationale, then provide score.

Output Format

{"human_likeness": {"reason”: "<Around 150 words...>", "score”: <Integer from 1-5>}}

DynSess-Eval Prompt: Role Consistency

You are an expert in role-playing evaluation, proficient in various literary styles and historical/cultural backgrounds. You
believe that "no obvious OOC (Out of Character)" is merely the minimum passing grade. Your default baseline score is
3 points.

Current Evaluation Dimension: [Role Consistency (Overall Multi-turn Performance)]

Maximum score: 5 points, Minimum score: 1 point, Default baseline score: 3 points.

[Character Profile]:

[{character_profile}]

[Dialogue History]:

[{dialogue_history}]

[Multi-turn Dialogue to Evaluate]:

[{dialogue}]

Scoring Dimension and Rubric: Role Consistency

Core Question: Amidst various situational changes in the multi-turn dialogue, did the character consistently and
accurately align with the preset profile, or did "Character Drift" occur?

The starting score is 3 points. You must find explicit evidence to raise or lower the score.

[Automatic Deduction Criteria]

o "Character Drift" occurs: Aligns with the persona early in the dialogue, but as turns increase, gradually turns into a
generic Al tone or the personality is smoothed out.

e The character’s core motivations or values show inconsistent/contradictory behaviors across the multi-turn dialogue.
e When faced with extreme user tests (e.g., provocation, baiting), the character easily abandons its original stance or
personality baseline.

o The character’s signature catchphrases or linguistic habits appear sporadically and highly unstably across the multi-turn
dialogue.

1 Point: Severe OOC, or completely degrades into a generic Al; impossible to recognize the character.

2 Points: Obvious character drift; unable to maintain personality in complex situations.

3 Points (Baseline): Barely maintains the basic outline across multiple turns, no severe OOC. However, the character
is flat, lacking depth—""no violations'' but fails to ''bring the character to life."

4 Points: Maintains distinct personality and style consistently; provides differentiated reactions fitting the persona.

5 Points: Demonstrates extremely high stability and depth. Reveals multifaceted personality in different situations.
Reads like a three-dimensional figure with an independent soul.

Scoring Steps

1. Study the character profile; observe performance across different turns.

2. Start from 3 points.
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3. Check deduction criteria, especially "Character Drift."

4. Look for bonus evidence of depth and consistency under pressure.

5. Write rationale, then provide score.

Output Format

{"role_consistency”: {"reason”: "<Around 150 words...>", "score”: <Integer from 1-5>}}

- J

DynSess-Eval Prompt: Contextual Coherence

You are a role-playing evaluation expert, highly sensitive to logical flaws and forgotten details. You believe that "not
forgetting things in the short term" is merely a minimum requirement. Your default baseline score is 3 points.
Current Evaluation Dimension: [Contextual Coherence (Overall Multi-turn Performance)]

Maximum score: 5 points, Minimum score: 1 point, Default baseline score: 3 points.

[Character Profile]:

[{character_profile}]

[Dialogue History]:

[{dialogue_history}]

[Multi-turn Dialogue to Evaluate]:

[{dialogue}]

Scoring Dimension and Rubric: Contextual Coherence
Core Question: In a long-term dialogue, did the Al demonstrate strong global memory capacity, or were there factual
conflicts, forgotten details, or logical breaks?
The starting score is 3 points. You must find explicit evidence to raise or lower the score.
[Automatic Deduction Criteria]
o Forgetting key information established early on (e.g., mentioning a name in Turn 1, but asking who they are in Turn 5).
e Factual contradictions appear in the multi-turn dialogue (e.g., saying their leg is broken earlier, but suddenly standing
up and running later).
o Falling into a "dialogue loop": Repeatedly discussing an already resolved issue or expressed emotion, unable to move
on.
e Dialogue logic breaks down; there is a lack of reasonable causal connection between certain turns.
1 Point: Extremely poor memory; disastrous factual conflicts; or stuck in a severe infinite loop.
2 Points: Obvious forgetting or inconsistencies; dialogue logic broken in multiple places.
3 Points (Baseline): No obvious factual conflicts or forgetting. However, memory remains passive; does not actively
connect early clues—feels like a patchwork of independent short-term interactions.
4 Points: Global logic is rigorous; naturally mentions early details 1-2 times, reflecting good long-term memory.
5 Points: Demonstrates astonishing global memory and ability to weave narrative threads. In later stages, actively
echoes setups planted early on, forming a complete logical closed loop.
Scoring Steps
1. Read the full dialogue, mapping timeline and key details.
2. Start from 3 points.
3. Check deduction criteria: amnesia, contradictions, dead loops.
4. Look for bonus evidence of active callbacks and logical closure.
5. Write rationale, then provide score.
Output Format
{"context_consistency”: {"reason”: "<Around 150 words...>", "score"”: <Integer from 1-5>}}
- J

C.2 Prompt for User Persona Generation

Prompt for User Persona Generation

Case 1: Extracting the user persona from the role persona

[System Prompt]

You are a persona extraction assistant. Your task is to extract user-related information from the Al character’s persona
and generate a first-person user persona description. Note: you must generate the user’s persona, not the Al character’s
persona.

[User Prompt]
Below is the persona information of an Al character, which includes descriptions of the user who interacts with this
character.

Character Persona Information: {persona_info}

Task: Please carefully read the persona above, extract the relevant information about the user/conversation partner,
and generate a first-person user persona description.

Important reminders:

* You are generating the user’s persona, not the Al character’s persona.
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* If the persona says “the user is XXX,” then you should write “I am XXX.”

« If the persona mentions the relationship between the user and the character, this relationship should be reflected in
the generated persona.

» Use the first person (“I”’); do not use the second person (“you”) or third person.

» Keep it within 80 words and make it concise and clear.

Case 2: Generating a generic user persona

[System Prompt]
You are a persona creation assistant. Your task is to create a generic user persona who will interact with a given Al
character. Note: you are creating the user, not the Al character.

[User Prompt]
Below is the persona information of an Al character:

{persona_info}
Task: Please generate a generic user persona for someone who will interact with the character above.

Requirements:
* Generate a generic user persona, not the Al character’s persona.
* The user should know the character’s basic background.

* The user should have their own personality traits (e.g., cheerful, introverted, humorous).

* Use the first person (“I”) and keep it within 60 words.
- J

C.3 Prompt for User Simulator

Prompt for User Simulator

[System Prompt]
You are a user simulator. Your task is to act like a real user and converse with an Al role-playing model. Always
remember: you are only the user. You must never play the other character’s role.

Key behavioral guidelines:

1. Behave like a lazy user: only passively answer the other party’s questions, or give short comments on what they
say. Do not proactively start new topics or ask questions frequently.

2. Colloquial style: speak naturally and casually, like a real person texting.

3. Keep replies short: each response should be strictly limited to about 10-20 words, usually in one sentence.

Your Persona (User Persona)
Fully immerse yourself in the following persona:
[{user_system_prompt}]

The Al you are talking to has the following persona
(Note: this is their persona, not yours.)
[{processed}]

Current Task
Based on your persona and the dialogue context, give a short, natural, and passive reply.
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