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Abstract

A core challenge for faithful LLM role-
playing is sustaining consistent characteriza-
tion throughout long, open-ended dialogues,
as models frequently fail to recall and accu-
rately apply their designated persona knowl-
edge without explicit cues. To tackle this,
we propose the Memory-Driven Role-Playing
paradigm. Inspired by Stanislavski’s “emo-
tional memory” acting theory, this paradigm
frames persona knowledge as the LLM’s in-
ternal memory store, requiring retrieval and
application based solely on dialogue context,
thereby providing a rigorous test of depth and
autonomous use of knowledge. Centered on
this paradigm, we contribute: (1) MREval,
a fine-grained evaluation framework assess-
ing four memory-driven abilities—Anchoring,
Selecting, Bounding, and Enacting; (2) MR-
Prompt, a prompting architecture that guides
structured memory retrieval and response gen-
eration; and (3) MRBench, a bilingual (Chine-
se/English) benchmark for fine-grained diagno-
sis. The novel paradigm provides a comprehen-
sive diagnostic for four-stage role-playing abil-
ities across 12 LLMs. Crucially, experiments
show that MRPrompt allows small models
(e.g., Qwen3-8B) to match the performance of
much larger closed-source LLMs (e.g., Qwen3-
Max and GLM-4.7), and confirm that upstream
memory gains directly enhance downstream
response quality, validating the staged theo-
retical foundation. Our code is available at
https://github.com/41522/MDRP.

1 Introduction

The role-playing capabilities of large language
models (LLMs) are attracting significant inter-
est, enabling applications that range from inter-
active game characters and personalized virtual
companions to simulated assistants with defined
personas (Ran et al., 2025; Chen et al., 2025a;
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Figure 1: Three Issues in LLM Role-Playing Paradigm

Qi et al., 2025; Tu et al., 2023). In these scenar-
ios, success hinges on the LLM’s ability to remain
strictly in character. This entails generating re-
sponses that are coherent, human-like, and faith-
ful to the designated persona, without reverting
to generic patterns or unrelated characters (Wang
et al., 2024b; Yu et al., 2025a; Zhou et al., 2025a;
Ruangtanusak et al., 2025). Thus, the key is the
sustained and faithful application of predefined per-
sona knowledge within dynamic, open-ended dia-
logues (El Boudouri et al., 2025; Ji et al., 2025).

However, as illustrated in Figure 1, existing role-
playing paradigms encounter three major issues in
utilizing persona knowledge effectively: (1) Flat
Persona Info: Personas are often representation-
ally flat, listing traits without contextual expression.
This lack of guidance leads LLMs to average across
persona facets into generic replies and to drift lo-
cally out of character (Zhang et al., 2018; Li et al.,
2023; Shin et al., 2025; Yu et al., 2025b). (2) Extra
Scene Data: Response generation relies on explicit,
extra dialogue-scene descriptions, which simplifies
reasoning but inflates success; models fail to gen-
eralize to real interactions lacking such cues (He
et al., 2025; Zhang et al., 2025b), creating mis-
leading benchmarks. (3) Coarse Error Diagnosis:
Holistic scoring aggregates performance into a sin-
gle metric, obscuring failure modes and hindering
attribution of issues (e.g., persona misalignment
vs. context misunderstanding) (Wang et al., 2025a;
Ran et al., 2025; Tang et al., 2025b; Bao et al.,
2025).
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To address these issues, we draw inspi-
ration from a foundational performance the-
ory: Stanislavski’s system of emotional mem-
ory (Stanislavski, 1989), which holds that authentic
embodiment emerges when an actor recalls expe-
riential memories through sensory details, rather
than performing emotions. Analogously, we argue
that faithful LLM role-playing requires a contex-
tual memory recall process. We operationalize this
as a new Memory-Driven Role-Playing (MDRP)
task, which requires the model to (i) treat persona
knowledge as a long-term memory store, and (ii)
retrieve from it using only dialogue context (short-
term memory). MDRP thus serves as a targeted
probe: it tests whether personas are encoded with
sufficient depth for specific recall, and whether that
recall can occur autonomously, without extra scene
prompts.

To both evaluate and enhance LLLMs under the
MDRP task, we make a series of interconnected
technical contributions:

First, we introduce a fine-grained evaluation
framework MREval that decomposes faithful role-
playing into four measurable memory-driven abili-
ties: (a) Anchoring: accurate retention of persona
knowledge; (b) Selecting: retrieving relevant facets
given dialogue cues; (c¢) Bounding: adhering to the
knowledge’s constraints; and (d) Enacting: gen-
erating natural responses faithful to the recalled
knowledge. By quantifying each ability with two
metrics, it pinpoints breakdowns to specific stages
of memory access and application, exposing weak-
nesses that traditional holistic metrics miss.

Second, we introduce the MRPrompt prompt-
ing architecture, implementing the contextual mem-
ory recall process required by MDRP. It consists
of: (i) Narrative Schema, which structures persona
knowledge into a hierarchical and queryable format
(e.g., global summary, core traits, and situational
facets); and (ii) Magic-If Protocol, which, inspired
by Stanislavski’s acting technique, guides the LLM
to perform targeted retrieval from this schema and
to generate situationally coherent responses.

Finally, we construct MRBench, a bilingual
MDRP benchmark derived from 10 English and
6 Chinese novels. It enables fine-grained diagnosis
of the four memory abilities through systematic
control over persona memory and dialogue context.
For scalable yet reliable evaluation, we implement
an LL.M-as-a-Judge procedure, whose scores are
calibrated to human ratings via an annotation study.

We conduct a comprehensive evaluation of 12

representative LLMs on the MDRP task using MR-
Bench. This benchmark not only offers a stan-
dardized view of memory-driven role-playing but,
through its stage-wise design, also diagnoses fail-
ures by localizing them to specific memory stages.
Beyond diagnostics, a crucial finding is that MR-
Prompt empowers smaller open models to com-
pete with larger closed-source ones. For instance,
Qwen3-8B augmented with MRPrompt attains an
Avg. Score of 8.12, on par with the much larger
GLM-4.7 Base (8.11) and surpassing Qwen3-Max
Base (8.08), demonstrating that performance gains
can be achieved without scaling the model back-
bone. This result, supported by granular analyses
showing a consistent pipeline effect from mem-
ory to enactment, validates the staged nature of
memory-driven role-playing.

2 Related Work

Role-Playing Tasks and Benchmarks. Most
role-playing setups condition generation on char-
acter profiles from canonical sources and evaluate
whether outputs remain in character. Early systems
ground role-play in extracted dialogues or curated
descriptions (Li et al., 2023; Shao et al., 2023),
while recent benchmarks broaden role pools and
protocols (Wang et al., 2024b; Liu et al., 2024; Tu
et al., 2024; Zhou et al., 2025a). However, bench-
marks often report aggregate response-level scores,
offering limited attribution of failures. In contrast,
the proposed MDRP frames role-playing as cue-
driven persona memory use under dialogue context,
instantiated by MRBench for controlled compari-
son and paired with a stage-aware evaluation proto-
col for diagnosis.

Evaluation Protocols and Diagnostic Metrics.
Role-play evaluation has moved from coarse judg-
ments to more structured protocols for persona fi-
delity/consistency (Li et al., 2023; Tu et al., 2024),
but still largely relies on overall response-level rat-
ings, sometimes with stress tests or judge-centric
analyses (Zhou et al., 2025b; Tang et al., 2025b;
Zhao et al., 2025). Finer-grained probing methods
(e.g., InCharacter) and segment-level OOC detec-
tion reveal that holistic scores can mask localized
failures (Wang et al., 2024c; Shin et al., 2025), yet
they do not attribute errors to distinct stages of
persona-memory utilization. We therefore propose
MREval, a stage-aware protocol that decomposes
MDREP into four sub-abilities with per-stage diag-
nostic metrics.
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Figure 2: Overview. Given two parts of memory, an LLM performs memory-driven role-playing via four stages
to generate an in-character response. MRPrompt provides structured persona memory and a memory utilization
protocol. MREval scores eight stage-aligned metrics on the bilingual benchmark MRBench, by using an LLM-as-

a-judge to assign per-metric scores.

Role-Playing Methods and Memory-Oriented
Mechanisms. Role-playing controllability is im-
proved via richer persona representations, align-
ment/adaptation, and prompt-level controllers (Yu
etal., 2025b; Lu et al., 2024; He et al., 2025; Wang
etal., 2025b; Duan et al., 2025; Ruangtanusak et al.,
2025; Tang et al., 2025a), as well as training-based
specialization and persona refinement (Yu et al.,
2024; Yang et al., 2025; Yao et al., 2025; Fang
et al., 2025). Memory-oriented mechanisms fur-
ther introduce explicit retrieval or long-context or-
ganization for sustained role-play (Wang et al.,
2025c; Chen et al., 2025b; Huang et al., 2024;
Zhang et al., 2025a). Unlike method-centric work,
ours is benchmark-centric and diagnostic: we pro-
vide MRBench+MREval for stage-wise diagnosis
and a prompt-only MRPrompt that standardizes
structured persona memory and the reasoning guid-
ance protocol.

3 Methodology
3.1 Memory-Driven Role-Playing Task

Given a specified character, we first formalize the

Memory-Driven Role-Playing (MDRP) task as:

g ~ po(- | Mp, Mg), where py is the LLM’s

distribution parameterized by 6. The in-character

response g is generated by conditioning on the two
memory inputs instantiated as follows:

* Long-Term Memory (LTM) My is a finite
set of persona facets: My = {¢1, P2, ..., ON}-
Each facet ¢; represents a coherent unit of per-
sona knowledge, such as a core character trait
together with its context-dependent expressions.

* Short-Term Memory (STM) Mg is an ordered
sequence of the K most recent dialogue turns:
Mg = [uy,ug,...,ux]. Each turn u; is a tuple

(r;, ¢;) consisting of the speaker role r; and the
utterance content c¢;, and the last turn ug is al-
ways the interlocutor’s latest utterance (i.e., the
model responds next).

This formulation redefines role-playing as a
problem of contextual memory retrieval and ap-
plication, wherein the model must utilize the STM
context Mg to select and apply the relevant knowl-
edge from the LTM persona store M ;.. Building on
this foundation, we develop subsequent diagnostic
and prompting methods. An end-to-end overview
of the MDRP framework, including its core com-
ponents MRPrompt, MREval, and MRBench, is
provided in Figure 2 and elaborated in the follow-
ing sections.

3.2 MREval: Evaluation Framework

To enable the diagnostic assessment of LLMs

within the Memory-Driven Role-Playing (MDRP)

paradigm, we introduce the MREval framework.

MREval decomposes the process of in-character

response generation into four sequential, measur-

able abilities, corresponding to key stages in the
utilization of persona knowledge from a human
memory perspective (Baddeley, 1992; Tulving and

Thomson, 1973). Grounded in the MDRP formula-

tion, we define four core abilities as follows:

* Memory-Anchoring (MA): The model’s ability
to anchor its behavior to the designated persona
in LTM, rather than relying on superficial cues
or pretrained priors.

* Memory-Selecting (MS): The model’s ability to
extract cues from the STM dialogue context and
retrieve relevant persona facets from the LTM
based on those cues.

* Memory-Bounding (MB): The model’s ability

23477



. o
Raw Persona Description B Q| |

Tom Sawyer’s story unfolds in the small, J hf
bustling town of St. Petersburg, Missouri, ... —
Early on, Tom is marked by a mischievous
spirit and a profound longing for
adventure ...

(Around 2000 Words)

[Scene facets|

[Name| Tom Sawyer
‘ || [Relationships]|

.| Aunt Polly—guardian; Becky—crush; ...
|Global summary] Tom Sawyer is a restless,
imaginative boy... (Around 140 Words)

[Core traits] Imaginative; Mischievous;Loyal...

LTM with
Narrative Schema

Magic-If Protocol

You are Tom Sawyer, and remember
his whole experience in: | LTM

[Chain of Thoughts]

1. Extract cues from STM;

2. Select suitable facet;

3. Derive enactment signals;
4. Generate reply in character;

Dialogue Context (STM)
Ben: Hello, old chap, you got to work, hey?
Tom: (pretends to be focused on his work,
then looks up with feigned surprise) Why,
it's you, Ben! I warn't noticing.
Ben: Say---I'm going in a-swimming, I am.

title: Whitewashing time scope: early life

cue phrases: “work™, “exclusive opportunity”...
social role: trickster, ... emotion: sly, playful...
behavior: feign enjoyment: make it “exclusive”...
thinking: Inventiveness and fun > obedience ...

[Strict Rules]
Present-time view; Express uncertainty;
No Al disclosure; ONE turn of reply...

Treat the upcoming dialogue as your

Short-Term Memory:

Don't you wish you could? But of course
you'd druther work---wouldn't you? Course

title: Confronting J

title: Romantic

Danger

Dramatization J

you would! )

Figure 3: MRPrompt. The raw persona description is structured as LTM via Narrative Schema and provided
together with STM for role-playing. Magic-If Protocol guides an LLM to generate responses following four stages.

to adhere to the temporal and epistemic bound-

aries in persona knowledge, preventing the leak-

age of inaccessible or out-of-scope information.

* Memory-Enacting (ME): The model’s ability
to transform the selected and bounded persona
knowledge into a coherent, natural, and human-
like in-character utterance.

Each ability is operationalized by two fine-
grained metrics, yielding eight diagnostic scores.
Table 1 summarizes all metrics. Concretely, for
each metric, we score model outputs with an LLM-
as-a-judge and then linearly calibrate the judge
scores to the human rating scale (see Appendix K),
yielding an ordinal 1-10 Likert-style rating for the
corresponding criterion (Likert, 1932). The full
scoring rubrics are provided in Appendix P.

Overall, MREval provides an eight-dimensional
diagnostic profile for MDRP by decomposing
in-character generation into four abilities. This
enables stage-wise attribution of failures—from
grounding and facet retrieval to boundary control
and final enactment—rather than relying on a sin-
gle holistic quality score.

3.3 MRPrompt: Inference-Time Method

Intuition: Stanislavski-inspired Memory Recall.
Under MDREP, faithful role-playing is not only a
matter of style but a problem of contextual mem-
ory recall. Stanislavski’s system emphasizes that
authentic embodiment arises from recalling expe-
riential memory under the current given circum-
stances, guided by an explicit rehearsal-time action
plan (e.g., “magic if”’) rather than unconstrained
improvisation (see Appendix B). Analogously, as
illustrated in Figure 3, MRPrompt equips an LLM

with (i) a structured persona memory store as Long-
Term Memory (LTM) and (ii) an explicit inference-
time protocol that extracts cues from the ongoing
dialogue and recalls persona memory for faithful
role-playing. MRPrompt is purely prompt-based
at inference time, requiring no parameter updates
and no external retrieval or tool use, and thus can
be directly applied to any instruction-tuned LLM.

(1) Narrative Schema: hierarchical, queryable
persona LTM. MRPrompt first replaces flat trait
lists with a structured Narrative Schema for LTM
M. The schema organizes persona informa-
tion into identity fields, a global summary, core
traits, and a set of scene facets that encode context-
dependent expressions under recurring situations.
Each facet is cue-addressable: it binds cue keys
(e.g., situation, cue_phrases) to enactment sig-
nals (e.g., social_role, emotional_state, behav-
ior_pattern, thinking_pattern) and boundary an-
chors (e.g., time_scope, conflict_with_core). Im-
portantly, the fields are designed to align with our
diagnostic abilities: core traits support MA (anchor-
ing to persona semantics beyond name priors); cue
keys support MS (selecting the relevant facet under
dialogue cues); boundary anchors support MB (en-
forcing temporal/epistemic constraints); and enact-
ment signals support ME (realizing recalled knowl-
edge into natural utterances). This schema mit-
igates style averaging and local out-of-character
drift by enabling selective facet activation, and
makes memory use attributable to concrete fields
(schema in Appendix D).

(2) Magic-If Protocol: an explicit LTM-STM
control protocol. Building on the Narrative
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Table 1: MREval abilities and metrics. MREval decomposes memory-driven role-playing into four abilities
(MA/MS/MB/ME), each measured by two calibrated Likert-style metrics (eight in total).

Ability

Metric

MA

Source Invariance (SI)

Definition
~anon d

Measures consistency between the response generated with the anonymized persona y™" an
the original one ¢. A high score indicates grounding in persona semantics, not name priors.

Alias Fidelity (AF) Assesses whether the behavior under an anonymized persona " remains faithful to the
original intended character, using the ground-truth response ¢ as an anchor.
Facet Alignment (FA) Quantifies the model’s precision in selecting the correct scene facet by contrasting responses
under the true M, versus a counterfactual (inverted) LTM M.
MS Facet Utility (FU) Measures the improvement gained by including scene-specific facets in the LTM, compared to
a scene-ablated LTM M2,
Answer Leakage (AL) Scores the model’s ability to avoid generating a forbidden reference answer §°* when presented
with an out-of-scope prompt c%" (e.g., a future plot spoiler).
MB Controlled Response (CR)  Assesses the appropriateness of the model’s response strategy to out-of-scope prompts, favor-
ing expressions of uncertainty, refusal, or grounded speculation over confident fabrication.
Memory-Aligned Rates the logical and topical coherence of the response with respect to the activated memory
Coherence (MAC) and context.
ME Human-Like Rates the naturalness, tonal appropriateness, and conversational fluency of the response,
Enactment (HLE) ensuring it embodies a human-like utterance consistent with the persona.

Schema, MRPrompt introduces a Magic-If Pro-
tocol as an explicit LTM-STM interface prompt.
It frames M, as the character’s internal memory
store and the multi-turn dialogue Mg as the given
circumstances (STM cues), and specifies a minimal
inference-time policy: (i) establish a stable iden-
tity by grounding in core traits (MA); (ii) interpret
STM cues to select and activate the most relevant
scene facet(s) (MS); (iii) apply boundary anchors to
remain within the character’s temporal/epistemic
knowledge and avoid out-of-scope leakage (e.g.,
spoilers or inaccessible claims) (MB); (iv) enact
the selected and bounded memory into a coher-
ent, human-like in-character reply (ME). Crucially,
this protocol turns the LTM—STM interaction into
a controllable mechanism rather than an implicit
behavior emergent from prompting, enabling stage-
wise attribution and systematic ablations.

MRPrompt contributes a theory-grounded sep-
aration of representation (Narrative Schema) and
control (Magic-If Protocol): the former makes per-
sona memory queryable and cue-addressable, while
the latter makes retrieval and boundary enforce-
ment explicit and auditable. Together, they support
selective, bounded, and diagnosable persona uti-
lization aligned with MA/MS/MB/ME, which is
precisely what MDRP and MREval are designed
to probe. Complete prompt templates are provided
in Appendix Q.3.

3.4 MRBench: Benchmark Construction

To evaluate MDRP in a stage-diagnostic manner,
we need benchmark splits for MA/MS/MB/ME
where performance differences are attributable to
the targeted memory stage rather than uncontrolled
scene variation.

MRBench is constructed based on the princi-
ple of context reuse and minimal perturbation: we
maximize the reuse of a shared short-term mem-
ory (STM) context pool Mg, and create paired
test conditions by applying minimal, targeted edits
whenever possible to either the long-term mem-
ory (LTM) context M, or the final-turn query cg.
This design mitigates scene-induced confounds and
substantially reduces the annotation overhead com-
pared to building separate, scene-diverse datasets
for each ability. As a result, we obtain controlled
(M, Mg) pairs that cleanly isolate the effects of
MA, MS, and MB, while ME is evaluated on the
same model outputs to avoid confounding factors.
The full construction procedure is provided in Ap-
pendix E.

4 Experiments

We empirically study Memory-Driven Role-
Playing (MDRP) under MREval, focusing on nine
research questions: RQ1: How do small LLM
backbones perform on the MDRP task using MR-
Bench? RQ2: Does MRPrompt outperform base-
lines across diverse small LLMs? RQ3: What
is the contribution of each component in MR-
Prompt? RQ4: How does MRPrompt affect the
gap between small-scale and closed-source LL.Ms
on MDRP? RQS5: How reliable is the LLM-as-
a-Judge for MREval? RQ6: How do upstream
abilities (MA/MS/MB) relate to and predict the
ME ability? RQ7: What is the token cost of the
baseline prompts vs. MRPrompt? RQ8: What is
the per-turn end-to-end latency of different back-
bones? RQ9: How do baselines and MRPrompt
differ in qualitative MDRP case studies? Due to
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Table 2: Experimental results on MRBench. Human-calibrated GPT-4.1-mini scores (higher is better) for the

eight MREval metrics in English/Chinese (en/zh). Avg. Score is the mean over all 8 metrics X 2 languages.

MA-SI MA-AF MS-FA MS-FU MB-AL MB-CR ME-MAC ME-HLE
Model Persona Avg. Score
en zh en zh en zh en zh en zh en zh en zh en zh
Base 7.38 7.21 5.94 7.80 6.13 8.35 7.45 7.47 8.46 8.08 6.20 6.45 599 6.60 5.28 5.83 6.91
Qwen3-0.6B Card 7.88 7.93 6.12 7.63 5.51 8.18 7.20 7.50 8.53 8.21 6.37 6.37 6.22 6.79 5.52 6.06 7.00
MRPrompt 8.02 8.06 6.67 7.81 6.46 8.69 7.63 7.77 8.65 8.23 6.54 6.56 6.33 6.97 5.86 6.35  7.29
Base 8.65 7.80 7.54 7.99 7.97 8.63 8.59 8.23 8.79 8.53 6.55 7.04 7.55 7.43 7.20 7.17 7.85
Qwen3-4B Card 8.72 8.53 7.57 7.80 6.72 8.40 8.33 8.16 8.78 8.48 6.70 6.95 7.73 7.41 7.39 7.21 7.81
MRPrompt 8.88 8.61 7.69 8.23 7.61 8.81 8.69 8.57 8.85 8.56 6.84 6.99 8.07 7.63 7.73 742  8.07
Base 8.67 8.08 7.52 8.02 8.03 8.60 8.83 8.23 8.85 8.51 6.63 7.36 7.83 7.34 7.50 7.12 7.95
Qwen3-8B Card 8.88 8.49 7.66 8.05 7.09 8.47 8.54 8.28 8.81 8.55 6.64 6.98 7.91 7.52 7.59 7.16 7.91
MRPrompt 8.97 8.73 7.76 8.25 7.56 8.99 8.64 8.56 8.88 8.52 6.92 7.07 8.13 7.64 7.83 7.42 8.12
Base 8.59 8.13 7.41 8.10 7.73 8.67 8.65 8.34 8.78 8.36 6.49 7.03 7.66 7.40 7.19 7.18 7.86
GLM-4-9B-Chat Card 8.87 8.61 7.48 7.94 6.88 8.34 8.42 8.35 8.82 8.42 6.46 6.93 7.85 7.42 7.41 7.17 7.84
MRPrompt 8.77 8.70 7.59 8.23 7.93 8.88 8.53 8.52 8.83 8.54 6.76 7.07 8.02 7.63 7.53 7.41 8.06
Base 8.23 7.40 7.13 7.80 7.02 8.62 8.37 7.52 8.78 8.41 6.50 6.95 7.50 7.00 6.74 6.57 7.53
Llama-3-8B-Instruct ~ Card 8.78 8.09 7.33 7.32 6.29 8.55 8.13 7.73 8.81 8.28 6.69 6.84 7.75 6.84 7.05 6.37 7.55
MRPrompt 8.69 820 7.51 7.68 6.83 8.63 8.32 8.03 8.87 8.47 6.93 7.13 8.05 7.20 7.37 6.69 7.79
Base 8.43 556 7.12 7.00 7.63 7.93 8.45 6.51 8.77 7.83 6.74 6.35 7.39 6.18 6.79 5.15 7.11
Llama-3.2-3B-Instruct Card 8.55 6.43 7.21 6.77 6.53 8.14 8.36 7.06 8.85 7.75 6.73 6.47 7.63 6.24 6.99 5.17 7.18
MRPrompt 8.73 7.35 7.50 7.19 7.69 8.63 8.45 7.36 8.87 8.19 7.10 6.65 8.04 6.60 7.55 5.88 7.61
Base 797 697 7.11 7.96 7.49 8.80 8.39 8.09 8.64 8.36 6.24 6.94 6.96 7.31 6.74 6.88 7.55
InternLM2.5-7B-Chat Card 826 7.76 7.17 7.85 7.12 8.70 8.17 7.94 8.71 8.40 6.55 7.07 7.39 7.26 6.81 6.87 7.63
MRPrompt 8.08 7.99 7.31 7.98 7.89 9.10 8.40 8.33 8.75 8.46 6.71 6.92 7.71 7.36 7.13 6.95 7.82
space limitations, discussions of RQ7-RQ9 are = Hyperparameters. All models are used as is (no

provided in the Appendix.

4.1 Experimental Setup

Benchmark. We construct MRBench, a bilin-
gual benchmark instantiated under MDRP via con-
trolled variants of the inputs (M, Mg) to target
MA/MS/MB/ME. Sourced from a collection of ten
English and six Chinese novels, MRBench contains
200 English and 200 Chinese instances per ability
family; all instances are single-turn. We emphasize
that MRBench is designed as a controlled next-turn
diagnostic benchmark conditioned on multi-turn
history, rather than a full long-horizon simulation.
The detailed data source information is provided in
Appendix E.

Models. We evaluate twelve instruction-tuned
LLMs that support Chinese—English role-play,
spanning open-source and API-based families. Our
seven open-source backbones include Llama-3-
8B-Instruct (Al@Meta, 2024a), Llama-3.2-3B-
Instruct (Al@Meta, 2024b), Qwen3-{0.6B, 4B,
8B} (Qwen Team, 2025b), GLM-4-9B-Chat (Team
GLM, 2024), and Intern.M2.5-7B-Chat (Cai et al.,
2024). For closed-source comparison, we addition-
ally include five API-based LLMs: GPT-5.2, GLM-
4.7, DeepSeek-Chat, Qwen3-Max, and Doubao-
Seed-1.6-250615.!

!Official model documentation pages: (OpenAl, 2025;
Team GLM, 2025; DeepSeek, 2025; Qwen Team, 2025a; Vol-

fine-tuning), with prompt-only interventions. We
perform no hyperparameter search. In generation,
we set temperature to 7'=0.7; other decoding pa-
rameters follow provider defaults when not explic-
itly configurable.

Compared prompting conditions. We compare
two baseline persona prompting formats with MR-
Prompt. For each character, we derive persona
content from the same source materials and keep
the same STM input Mg fixed; conditions dif-
fer only in persona representation and usage guid-
ance. Specifically, we use (i) Base, a narrative
persona summary; (ii) Card, a lightweight profile-
card baseline following the CharacterEval persona
format (Tu et al., 2024); and (iii)) MRPrompt, our
facet-structured LTM with an explicit LTM-STM
interface. Construction prompts are provided in
Appendix Q.1, and persona specifications with ex-
amples are given in Appendix C.

Reporting. Unless otherwise noted, we report
mean scores over instances for each split and lan-
guage. Due to evaluation cost, results are obtained
from a single run per model and prompting condi-
tion under fixed decoding settings.

4.2 Main Experiments (RQ1 & RQ2)

We evaluate seven off-the-shelf instruction-tuned
LLMs on MRBench under MREval, comparing

cengine, 2025).
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Table 3: Component ablation. Each ability score
(MA/MS/MB/ME) is averaged over its own 2 metrics
x 2 languages (en/zh).

Table 4: Backbone comparison (Large vs. Small).
The best and second-best results per column are bold
and underlined.

Model Condition MA MS MB ME Avg. Score Model Condition MA MS MB ME Avg. Score
Base 8.00 836 7.73 7.34 7.85 Qwen3-8B Base 8.07 842 7.84 745 7.95
+Protocol  8.17 8.42 7.71 7.41 7.93 GLM-4-9B-Chat Base 8.06 835 7.67 17.36 7.86

Qwen3-4B +Schema 830 824 7.77 758 797 Qwen3-8B MRPrompt 8.43 844 7.85 776  8.12
MRPrompt 8.35 842 7.81 7.71 8.07 GLM-4-9B-Chat MRPrompt 8.32 8.47 7.80 7.65 8.06
Base 8.06 835 7.67 7.36 7.86 Qwen3-Max Base 8.31 841 7.89 7.73 8.08
+Protocol  8.11 8.34 7.68 7.36 7.87 GLM-4.7 Base 8.31 8.60 7.87 17.65 8.11

GLM-4-9B-Chat +Schema 832 844 772 7.67 8.04 Qwen3-Max MRPrompt 833 822 8.02 7.73 8.07

MRPrompt 8.32 847 7.80 7.65 8.06

two baselines (Base, Card) with MRPrompt. Un-
less otherwise stated, all results reported in the
main paper are based on human-calibrated judge
scores. Raw judge scores are provided in Ap-
pendix H, and calibration details are described in
§4.5. From the experimental results presented in
Table 2, three key observations can be drawn.

(1) Scaling helps, but not uniformly across
stages. Overall performance tends to improve with
model capacity across MA/MS/MB/ME and both
languages, suggesting stable capability differences
under MDRP. However, the eight-metric break-
down is non-uniform: gains are often stronger in
MA/ME than in MS/MB, indicating that anchor-
ing and surface realization scale more readily than
cue-driven facet recall and boundary control.

(2) Baseline structuring (Card) is not enough.
Comparing Base and Card, Avg. Score changes are
modest and mixed across backbones, and the gains
are uneven across abilities. Card-style formatting
can help MA/ME (persona uptake and response
organization), yet it does not reliably improve MS
or MB, leaving the core MDRP failure modes—
facet mis-recall and boundary violations—Ilargely
unresolved.

(3) MRPrompt yields diagnostic, stage-
specific gains. MRPrompt achieves the highest
Avg. Score for every backbone relative to Base/
Card. Crucially, improvements are diagnostic
rather than cosmetic: gains frequently concentrate
in MS and MB, while MA also improves (espe-
cially for smaller models), and ME increases more
modestly but consistently.

Overall, the MRPrompt design—a retrieval-
oriented structured LTM plus an explicit LTM—
STM control protocol—primarily strengthens
MA/MS/MB and is consistently accompanied by
improved enactment (ME).

GLM-4.7 MRPrompt 8.34 8.54 791 7.75 8.13

4.3 Component Ablations (RQ3)

We ablate MRPrompt on two backbones (Qwen3-
4B and GLM-4-9B-Chat) by isolating its two com-
ponents: facet-structured LTM (Schema) and the
LTM-STM interface (Protocol). We compare
four conditions—Base, +Protocol, +Schema, and
MRPrompt—and report ability-level averages in
Table 3. Overall, Schema contributes the larger
overall gain: replacing a narrative persona with
facet-structured LTM yields a stronger improve-
ment in Avg. Score on both backbones, reflecting
more reliable persona anchoring and downstream
enactment. Meanwhile, Protocol is complemen-
tary and more model-dependent: it brings limited
change on top of Base (especially on GLM-4-9B-
Chat), but provides further gains once structured
LTM is present, making MRPrompt best overall.
This pattern matches MDRP’s division of labor:
Schema builds a cue-addressable memory space,
and Protocol more reliably elicits goal-directed re-
trieval and boundary-aware responses.

4.4 Large vs. Small LLMs (RQ4)

Under the same MRPrompt setup, Figure 4 shows
a clear capacity-shaped profile across both En-
glish and Chinese: closed-source SOTA models ex-
hibit consistently strong, low-variance performance
across upstream memory use and downstream en-
actment. For instance, Doubao-Seed-1.6-250615
leads MA/MS while remaining top-tier on ME;
GPT-5.2 is best on CR in English and ties the top
tier on AL. In contrast, small models are more
uneven: several mid-sized LLMs (e.g., Qwen3-
8B/4B, GLM-4-9B-Chat) can approach SOTA on
upstream anchoring and facet selection, yet lag
more on ME, suggesting that structured prompt-
ing stabilizes memory use but cannot fully com-
pensate for limited surface enactment capacity;
this bottleneck is most evident for the smallest
model (Qwen3-0.6B). Constraint robustness is con-
sistently harder than other upstream dimensions,
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MRBench — English
MA-SI

MRBench — Chinese
MA-SI

MB-AL

MB-AL

(a) English. (b) Chinese.
GPT-5.2 Doubao-Seed-1.6-250615 GLM-4-9B-Chat
GLM-4.7 Qwen3-0.6B Llama-3-8B-Instruct
DeepSeck-Chat —— Qwen3-4B —— Llama-3.2-3B-Instruct
Qwen3-Max Qwen3-8B InternLM2.5-7B-Chat

Figure 4: All-model radar profiles on MRBench (MR-
Prompt). Eight-axis MREval metric profiles for En-
glish and Chinese with a shared legend.

with CR typically trailing AL across models; while
overall trends align between English and Chinese,
several metrics still show language-specific shifts
(full details in Appendix J).

More importantly, MRPrompt enables smaller
LLMs to rival the performance of much larger
counterparts. As shown in Table 4, the Qwen3-
8B equipped with MRPrompt achieves an aver-
age score of 8.12, surpassing the standard versions
of the much larger GLM-4.7 (8.11) and Qwen3-
Max (8.08) models, and nearly matching the SOTA
performance of GLM-4.7 with MRPrompt (8.13).
This result underscores the unique value of MR-
Prompt: effectively enhancing smaller LLMs to
achieve faithful, high-quality role-playing that is
competitive with cutting-edge, scaled-up models.

4.5 Judge Validation (RQS)

We use GPT-4.1-mini as the LLM judge for all
eight MREval metrics, using a 1-10 rating scale.
To assess reliability, we construct a bilingual val-
idation set with 100 instances per metric (50 en /
50 zh; 800 total). Across all metric—language pairs,
judge-human agreement is moderate-to-strong and
statistically significant.

Mean-score differences suggest mild systematic
bias, motivating per-metric calibration on the val-
idation set. Appendix K reports the full judge-
validation details, including the correlation statis-
tics in Tables 12 and 13 (Pearson/Spearman/K-
endall and p-values), the mean-score comparison
in Table 14, the calibration parameters, additional
visual checks, and a supplemental post-hoc robust-
ness analysis with four independent human raters
and an alternative judge model (Qwen3-32B).

0.4

MA 0.1771 00931
03
MS  0.1771 — 0.0902 0.2400 o
02 &
MB  0.0931 0.0902 — 0.1229 8
0.1

W 03642 0.2400 0.1229 —

MA MS MB ME 0.0

Figure 5: Ability correlations. Heatmap of Pearson cor-
relations () between ability-level scores over instances.

4.6 Ability Interactions (RQ6)

MREval decomposes MDRP into four stages, but
effective role-playing should behave as a coupled
pipeline. We therefore test (i) whether scores of
different abilities are correlated across evaluated
instances, and (ii) whether stronger upstream mem-
ory abilities (MA/MS/MB) are associated with bet-
ter downstream enactment (ME).

Ability correlations. We aggregate the two met-
rics within each ability to obtain ability-level
scores, and compute Pearson correlations over in-
stances where all four abilities are available. Fig-
ure 5 reports correlations on the pooled EN+ZH
set: correlations are uniformly positive but weak-to-
moderate, indicating that abilities are coupled yet
non-redundant. Notably, MA exhibits the strongest
association with ME, while MS and MB show
weaker correlations with other abilities, suggesting
that (a) anchoring in persona memory often trans-
lates to better surface enactment, but (b) selection
and boundary control remain comparatively inde-
pendent bottlenecks rather than automatically im-
proving with general response quality. Language-
split analyses and additional statistics are provided
in Appendix L.

Upstream association. Aggregating MA/M-
S/MB into a single upstream score, we find a mod-
erate positive association with ME on the pooled
set (r=0.35), implying that better anchoring/se-
lecting/bounding behavior tends to accompany im-
proved enactment, but does not fully determine it.
Appendix L reports language-split correlations and
further details.

5 Conclusion

We study Memory-Driven Role-Playing (MDRP)
from a memory perspective, where persona knowl-
edge serves as LTM, and dialogue context serves as
STM. We introduce MREval, a diagnostic evalua-
tion that decomposes MDRP into four abilities with
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eight Likert-style metrics, and construct a bilingual
benchmark MRBench. Building on this formula-
tion, we propose MRPrompt to enable cue-driven
retrieval and boundary-aware generation. Experi-
ments show consistent improvements over narrative
and profile-card baselines, with the largest gains in
selection and boundary-related diagnostics. Over-
all, our results suggest that making memory repre-
sentation and use explicit is an effective route to
more faithful role-playing.
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A Datasets

Tables 5 and 6 summarize the source novels and
dialogue counts used to construct the base STM
pool (Appendix E). Each sample is an ABA-style
multi-turn snippet centered on a target character
(A), where B denotes the interlocutor.

Chinese subset. The Chinese subset covers 6
novels, 30 named characters, and 320 dialogue snip-
pets, with an average dialogue length of 8.87 turns
per sample.

English subset. The English subset covers 10
novels, over 40 named characters, and 252 dialogue
snippets, with an average dialogue length of 11.19
turns per sample.

B Stanislavski-Inspired Foundation of
MRPrompt

This appendix clarifies how Stanislavski’s acting
theory motivates the design of MRPrompt.

Why Stanislavski? A central idea in
Stanislavski’s system is that convincing per-
formance does not arise from mechanically
imitating surface style, but from grounding
behavior in the character’s internalized experience
under the current given circumstances. In partic-
ular, concepts such as emotional memory, given
circumstances, and magic if emphasize that an
actor should (i) recall relevant inner material, (ii)
interpret the current situation, and (iii) act within
the character’s knowledge and situation rather
than improvise without constraint. This intuition
is closely aligned with our MDRP formulation,
where the model must use dialogue context to
retrieve and apply persona knowledge, instead of
merely producing stylistically plausible text.

Theory-to-method mapping. MRPrompt opera-
tionalizes this inspiration in two components.
Narrative Schema as structured character
memory. Stanislavski emphasizes that perfor-
mance is anchored in a coherent inner life rather
than a flat list of traits. Analogously, MRPrompt
replaces flat persona descriptions with a structured
Narrative Schema, which organizes persona knowl-
edge into identity fields, global summary, core
traits, and scene facets. This makes persona knowl-
edge more queryable and supports memory-based
grounding beyond superficial name priors.
Magic-If Protocol as cue-guided enactment.
Stanislavski’s “magic if”” asks the actor to reason

Table 5: Chinese novels and character statistics.

Novel (ZH) Main characters (dialogue count) Total
=1k BIEERAR B 26, B 12, B9 11, AR4% 10, BEEF 8 67
K& FHR S, AL 5, iR 5, #o% 3, & 2 20
AR it 35, &FIEE 21, /i 8, $BK 5, HE S 74
IS MEE 14, N9, I7F 4, %R 4, EE 2 33
it T8 24, AT HE 13, RITH 8, BE™ 6, AFFfE 6 57
(Yt FMEZS 39, 58\ 22, JEZR 3, £17%)L 3, FEE 2 69
Total - 320

Table 6: English novels and character statistics.

Novel (EN) Main characters (dialogue count) Total

A Tale of Two Jarvis Lorry 5, Charles Darnay 4, Sydney Carton 3, Mr. 16

Cities Stryver 2, Doctor Manette 2

Catch-22 Yossarian 8, Doc Daneeka 2, Milo Minderbinder 2, Ex- 16
PE.C. Wintergreen 2, Colonel Cathcart 2

Crime and Pun-Rodion Raskolnikov 7, Arkady Svidrigaylov 6, Sofya 22

ishment Marmeladov 5, Razumikhin 2, Porfiry Petrovich 2

Harry Potter ~ Harry Potter 27, Albus Dumbledore 8, Hermione 60
Granger 2, Ron Weasley 3, Sirius Black 3, Dudley
Dursley 1, Dobby 1, Tom Riddle 1, Others 16

Little Women Laurie Laurence 12, Jo March 6, Mr. Laurence 2, Meg 23
March 2, John Brooke 1

Pride and Preju- Elizabeth Bennet 22, Fitzwilliam Darcy 4, George 33

dice Wickham 3, Mrs Bennet 2, Jane Bennet 2

The Adventures Tom Sawyer 9, Huckleberry Finn 7, Aunt Polly 5, Ben 23

of Tom Sawyer Rogers 1, Mr. Dobbins 1

The Little The Little Prince 9, The Narrator 1, The Businessman 13

Prince 1, The Geographer 1, The Snake 1

The Red and Julien Sorel 22, Mathilde de La Mole 5, Madame de 35

the Black Rénal 4, Monsieur de Rénal 2, Fouqué 2

Treasure Island Jim Hawkins 5, Doctor Livesey 2, The Captain 2, Jim’s 11
Mother 1, Squire Trelawney 1

Total - 252

from the character’s perspective under the current
circumstances: if [ were this character in this situa-
tion, what would I do? Our Magic-If Protocol plays
an analogous role at inference time. It instructs the
model to: (i) stabilize identity from core traits; (ii)
extract cues from the dialogue context; (iii) acti-
vate the most relevant scene facet; (iv) respect tem-
poral and epistemic boundaries; and (v) produce
a natural in-character reply. Thus, the protocol
turns persona use into an explicit LTM-STM con-
trol process rather than leaving it as unconstrained
prompting.

C Persona Construction and Annotation

C.1 Compared Prompting Conditions

For each character, we instantiate three persona
prompting conditions from the same underlying
source materials (Appendix Q.1). Across condi-
tions, we keep the dialogue history Mg and the
core role-play constraints identical, and only vary
(i) the persona long-term memory M, representa-
tion and (ii) the provided usage guidance.

* Base (Narrative persona). A single narrative
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summary that interleaves global traits and repre-
sentative episodes, paired with a standard role-
playing instruction.

e Card (Profile card baseline). A semi-
structured persona card following the Charac-
terEval persona format (Tu et al., 2024), which
organizes persona information into lightweight
fields (e.g., name, global summary, personality,
relations), paired with the same standard role-
playing instruction. Compared to Base, Card
adds structure but does not impose an explicit
retrieval procedure.

* MRPrompt (ours). A facet-structured LTM
plus an explicit LTM-STM Protocol that in-
structs cue-driven facet activation and boundary-
aware response generation, aligning persona use
with the MA/MS/MB/ME stages evaluated by
MREval.

C.2 English Persona Examples

In this section, we provide simple example de-
scriptions of the two characters (Tom Sawyer and
Charles Darnay) involved in the case study. For
brevity, we only show the LTM content in the
figures; the shared standard role-playing instruc-
tion and the Magic-If Protocol are provided in Ap-
pendix Q.1.

C.2.1 Tom Sawyer

We briefly illustrate the three persona formats used
for Tom Sawyer: Base—LTM (Figure 6), Card—LTM
(Figure 7), and MRPrompt—LTM (Figure 8).

C.2.2 Charles Darnay

We provide brief examples of the three persona for-
mats for Charles Darnay: Base—LTM (Figure 9),
Card-LTM (Figure 10), and MRPrompt—LTM (Fig-
ure 11).

C.3 LTM Construction

We construct persona LTMs with an LLM-assisted,
human-in-the-loop pipeline. GPT-4.1 (API) is first
prompted (Appendix Q.1) to draft a baseline nar-
rative profile and its semi-structured and facet-
structured variants in the target language. For all
human-involved tasks, participants are shown the
same task prompts used for LLM prompting (Ap-
pendix Q), ensuring consistent instructions across
human and model runs. Annotators then verify and
edit the drafts against the original novels to remove
hallucinations, correct plot details, and enforce con-
sistency across the overview, traits, and facets; ex-

ternal reference materials may be consulted for
fact-checking but are not copied verbatim. We also
use GPT-4.1 (API) to assist controlled edits of eval-
uation instances during benchmark construction
(Appendix E); all edits are manually checked for
faithfulness and consistency before inclusion. Only
human-verified personas and benchmark instances
are used in all experiments.

D Facet Schema

In MRPrompt, each character profile serves as ex-
plicit long-term memory (LTM; M) with two
main layers: core traits (core personality traits
with brief explanations) and scene facets (struc-
tured, multi-faceted manifestations under recur-
ring interaction contexts). Each facet specifies
title, time_scope, and situation, the character’s
social_role and emotional_state, typical behav-
ior_pattern and thinking_pattern, potential con-
flict_with_core, grounding source_scenes, and
cue_phrases that can be matched against STM cues.
For completeness, our persona files also include
auxiliary identity fields (e.g., name/relations) and
a global summary for background context; Table 7
focuses on the diagnostic core-trait and facet fields
that support MA/MS/MB/ME.

E Benchmark Construction for MDRP
(MRBench)

We instantiate MDRP as a bilingual benchmark,
MRBench, by starting from a shared pool of
short-term memories (STM) adapted from pub-
licly released role-playing dialogue data in Charac-
terEval (Tu et al., 2024) and Crab (He et al., 2025),
and pairing each scene with the target charac-
ter’s persona as explicit long-term memory (LTM).
Each instance follows our formulation (M, Mg),
where Mg = [u1, ..., uk] is the dialogue context
and the last turn ug is always the interlocutor’s
final message (i.e., the model responds next). MR-
Bench is built via minimal, controlled transforma-
tions of (M, Mg) to isolate different stages of
the memory pipeline. Our key design choice is that
STM is the anchor: whenever possible, we reuse
the same underlying scenes and vary only the mini-
mal component (M, or ck) needed for diagnosis.
Corpus statistics are provided in Appendix A; per-
sona construction is described in Appendix C and
Appendix Q.1.
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Base Tom Sawyer

[Overview]

[Scene 1: The Whitewashing of Aunt Polly’s Fencel]

[Scene 2: Nighttime Adventure in the Graveyard]
forbidden. .. (abridged)

[Scenes 3-5 omitted for brevity]

[Scene 6: Quiet Reflection After the Adventure]

as dusk falls... (abridged)

Tom Sawyer’s story unfolds in the small, bustling town of St. Petersburg, Missouri, where he lives under the care of his Aunt
Polly after the death of his parents. Early on, Tom is marked by a mischievous spirit and a profound longing for adventure,
often clashing with the expectations of his guardians and the routines of school and church... (abridged)

On a bright Saturday morning in the heart of St. Petersburg, Tom stands begrudgingly before Aunt Polly’s fence, sentenced to
the tedious task of whitewashing as punishment for his latest escapade. .. (abridged)

Late at night, Tom and Huck sneak through the shadows to the town graveyard, driven by superstition and the thrill of the

After the dust settles and the treasure is found, Tom retreats to the banks of the Mississippi, sitting quietly beneath a tree

Figure 6: Narrative LTM excerpt for Tom Sawyer.

E.1 Base STM Pool

We collect ABA-style multi-turn dialogue snippets
from public Chinese and English literary/dialogue
corpora. Each snippet is centred on one target char-
acter and ends at the interlocutor’s turn immedi-
ately before the target character’s next response,
yielding a natural single-turn continuation target
under a fixed conversational state. When available,
we also record the book-grounded reference contin-
uation §9°/ for the next target-character turn. After
filtering for coherence, speaker attribution, and di-
agnosticity, we obtain a base STM pool of 320
Chinese and 252 English snippets (Appendix A).

E.2 LTM Variants for Benchmarking

For each target character, we construct canonical
persona memories as explicit LTM. Here we treat
LTM as a black-box conditioning source and focus
on the controlled variants used for benchmarking.
From each canonical LTM, we derive lightweight
task-specific variants (e.g., anonymized, facet-
removed, facet-rewritten) used to construct the
ability-focused splits described next.

MA split (joint anonymization of LTM and
STM). To probe MA, we reduce shortcuts tied
to surface identity by jointly anonymizing both
memories: (i) replace character names and direct
identifiers in M,/ Mg with synthetic aliases, and
(i1) normalize or remove references that trivially
reveal the original IP. We retain only scenes where
in-character behavior remains clearly diagnostic
after anonymization, yielding 200 Chinese and 200
English items. Each item provides two controlled
conditions: full (MM, M) and anonymized

(MG M), supporting the MA metrics.

MS split (facet manipulation of LTM under
fixed STM). To probe MS, we keep Mg fixed
and manipulate only facet-related content in M,
yielding three conditions: matching MfL“”, facet-
less MBOscene and counter-facet M3, For each
persona format, we construct the corresponding
variants and select 200 Chinese and 200 English
STM snippets where facet differences are expected
to induce measurably different continuations, sup-
porting the MS metrics.

MB split (out-of-scope perturbation of the final
interlocutor turn in STM). To probe MB, we
keep MfL““ unchanged and keep the dialogue prefix
[u1,...,ur—1] fixed, while perturbing only the ut-
terance content in the final turn from c}“( (in-scope)
to %' (out-of-scope) to tempt boundary violations.
We include two out-of-scope types: future-timeline
queries (beyond the story time implied by STM)
and out-of-domain queries (outside the character/-
world knowledge). After filtering for clear cutoffs
and strong temptation cases, we obtain 200 Chinese

and 200 English items, supporting the MB metrics.

ME scoring set (re-scoring a balanced sample of
generations). ME introduces no new generation
condition. Instead, we re-score outputs produced
in the MA/MS/MB settings from an enactment-
centric perspective. Concretely, we pool genera-
tions from anonymized MA items, the three MS
facet conditions, and the two MB ¢% types, then
sample a balanced set of 200 Chinese and 200 En-
glish instances for ME scoring. This ensures ME
evaluates surface enactment on the same underly-

ing memory-use cases as the upstream stages.
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Card Tom Sawyer

{
"name”: "Tom Sawyer”
"Nickname"”: "Tom",
"Relationships”: [

{ "name": "Aunt Polly"”, "relationship”: "guardian"” },
{ "name": "Huckleberry Finn"”, "relationship”: "friend" },
{ "name": "Becky Thatcher"”, "relationship”: "love interest” 3},

1,
"global_summary”: "Tom Sawyer grows up in the lively town of St. Petersburg, Missouri, under the watchful care of his Aunt
Polly after losing his parents. From an early age, Tom is known for his mischievous nature and an insatiable appetite for
adventure, often finding himself at odds with the expectations of adults and the routines of small-town life..."”,
"Personality”: {

"core_traits”: [

{ "trait"”: "mischievous” 3},
{ "trait"”: "clever” }

{ "trait"”: "adventurous” },
{ "trait”: "resourceful” },

1,
"scene_facets”: [

"title": "Whitewashing Aunt Polly’s Fence”,

"situation”: "On a sunny Saturday morning in St. Petersburg, Tom is assigned the tedious task of whitewashing his aunt’s
fence as punishment. Initially resentful, he quickly devises a plan to make the job seem desirable, boasting to passing
boys about its exclusivity and trading chances to paint for small treasures. Through playful manipulation and strategic
performance, Tom transforms the punishment into an opportunity for social admiration and personal gain, orchestrating
the entire affair with energetic showmanship."”,

"emotional_state"”: "resentment, triumph, playful glee”,

"behavior_pattern”: "Cleverly manipulates peers with enthusiastic boasting and teasing remarks."

}

Figure 7: Semi-structured LTM excerpt for Tom Sawyer.

E.3 Summary Consistency with intended use. We use these

upstream artifacts strictly for non-commercial aca-

In sum, MRBench is built around a shared STM
pool and minimal, stage-targeted transformations
of (M, Mg). MA varies identity cues via joint
anonymization of M,/ Mg; MS varies facet con-
tent in M, under fixed Mg '¢; MB perturbs only
the final interlocutor turn (ug) to an out-of-scope
query, keeping M, and [uq, ..., ux_1] fixed; and
ME re-scores a balanced subset of generations
drawn from these settings. By reusing the same
underlying STM scenes whenever possible, differ-
ences across stages are attributable to the targeted
transformations rather than scene variation.

E.4 Artifact provenance, licensing, and
intended use.

Upstream artifacts and licensing. Our base
STM pool is adapted from publicly released role-
playing dialogue artifacts in CharacterEval (Tu
et al., 2024) and Crab (He et al., 2025). Char-
acterEval is released under the MIT license. Crab
provides code and data via the official repository
linked in the paper; we follow the repository’s
stated terms and intended research usage.

demic research—as dialogue contexts for bench-
marking memory-driven role-playing—which is
consistent with their role-playing research and eval-
uation purpose. We specify MRBench (and accom-
panying prompts) as research-only evaluation ar-
tifacts for MDRP. MRBench is not intended for
deployment in user-facing products or for non-
research uses. We release only the materials neces-
sary to reproduce our experiments, consistent with
upstream access conditions. Any downstream use
must comply with the original licenses/terms of
the upstream artifacts; we do not claim additional
rights over upstream content beyond what is per-
mitted by those terms.

E.5 PII and offensive content screening.

PII. MRBench is derived from fictional literary
sources and existing RP benchmarks; we do not
collect user-generated personal data. As a precau-
tion, we apply lightweight screening for obvious
personally identifying patterns (e.g., emails, phone
numbers, URLSs, physical-address-like strings) and
exclude any flagged cases. Note that anonymiza-
tion in MA is designed for controlled evaluation
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Table 7: Facet schema for MRPrompt personas. MRPrompt structures persona LTM M, into core traits and

scene facets, with key fields supporting MA/MS/MB/ME.

Field

Description (what it encodes / why it exists)

Layer 1: Core traits (global schema)

core_traits

desc

A list of trait objects, each with a trait name and a short desc grounded MA
in characteristic behaviors and tendencies. This layer serves as a
compact global identity schema that the model can internalise as “who

I am” before retrieving any situation-specific facet.

The textual explanation attached to each trait (stored as desc inside MA
core_traits). It provides behavioral semantics beyond adjective labels,
improving in-context acquisition and reducing generic persona drift.

Layer 2: Scene facets (cue-addressable persona slices)

title
time_scope

situation

social_role

Concise label/index for the facet (human-readable handle). MS, ME
Story/life phase where this mode is typical; provides temporal anchors MB

for present-time constraints.

Recurring interaction context that activates the facet; defines the re- MS
trieval target at the situation level.

Typical social stance(s) (e.g., challenger/protector); conditions prag- MS, ME
matic style and power dynamics.

Primarily Supports

emotional_state
realism.
behavior_pattern
dialogue moves.
thinking_pattern
beyond surface style.

Characteristic emotions in this context; guides tone and emotional ME
Typical actions/strategies in dialogue; maps facet activation to concrete ME

Priorities/beliefs motivating behavior; stabilizes reasoning consistency MS, ME

conflict_with_core How the facet extends/strains core traits; maintains coherent identity MA, MB

under multi-faceted expression.

source_scenes
tion.

cue_phrases

Canonical evidence anchors for traceability and faithful facet construc- MA, MS

Lexical/conceptual triggers to map STM cues to facets; enables re- MS

trieval without explicit per-turn scenario text.

(reducing identity shortcuts and IP leakage), not as
a privacy mechanism.

Offensive content. Fictional sources may con-
tain sensitive or offensive language. We perform
basic keyword-based screening and manual spot
checks during filtering, and exclude instances with
overt slurs or explicit harassment content when
encountered.

Human annotation. All annotations and human
reference scoring were performed in-house by lab
members on a voluntary basis with informed con-
sent. We did not collect or store direct personal
identifiers or sensitive demographic attributes; an-
notations are used solely for research.

E.6 Artifact documentation and statistics.

Documentation. We document MRBench’s do-
main (literary role-play), languages (Chinese and
English), instance format (M, Mg), split def-
initions (MA/MS/MB/ME), and scoring rubrics
(Appendix P). Persona construction and prompt

formats are described in Appendix C and Ap-
pendix Q.1.

Statistics. Corpus-level statistics for the base
STM pool are provided above (Appendix A). MR-
Bench is an evaluation benchmark (no train/de-
v/test splits): in the main experiments, each ability
split (MA/MS/MB/ME) contains 200 Chinese and
200 English instances.

F Implementation and Computational
Details

Model size. For open-source backbones,
we report parameter scales as indicated by
their official releases/model identifiers (e.g.,
0.6B/3B/4B/7B/8B/9B). For closed-source API
models, parameter counts are not publicly dis-
closed by providers and are therefore unavailable.

Compute budget and infrastructure. All model
inferences in our experiments are executed via the
API, including open-source backbones served by
the provider. Thus, the underlying computing in-
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frastructure and GPU-hour budget are not observ-
able from the client side. We report evaluation scale
by the number of evaluated instances and model
calls per condition (Sec. 4.1 and Appendix E). In
addition, we quantify average token usage on the
shared STM pool for two representative models in
Appendix M. No training is performed; all experi-
ments are inference-only.

Software. Experiments are implemented in
Python. We use standard libraries for data
processing and analysis (e.g., NumPy/Pandas/S-
ciPy) and visualization (Matplotlib). We re-
lease an anonymized code repository with eval-
uation scripts and dependency versions pinned in
requirements. txt.

G Related Work
G.1 Task Design for General Role-Playing

General role-playing typically instantiates an in-
character agent by providing a role profile derived
from canonical materials (e.g., scripts, novels, or
dialogue excerpts) and conditioning an LLM to
generate character-consistent responses. Early sys-
tems such as ChatHaruhi and CharacterLL.M ex-
emplify this paradigm by grounding role-play in
extracted character dialogues or curated character
descriptions, respectively (Li et al., 2023; Shao
et al., 2023). Subsequent benchmarks scale role
definitions and interaction settings to enable more
systematic evaluation: RoleLLM and RoleAgent
introduce broader role pools and controlled inter-
action protocols, while CharacterEval and Charac-
terBench emphasize text-only assessments of con-
sistency under diverse character constraints (Wang
et al., 2024b; Liu et al., 2024; Tu et al., 2024; Zhou
et al., 2025a). A related line of research explores
persona-grounded dialogue settings in which per-
sona information is combined with external knowl-
edge or contextual evidence, rather than treated
as a standalone role profile. For example, FoCus
(Jang et al., 2022) grounds customized conversa-
tion in both persona and knowledge, while PK-ICR
(Oh et al., 2024) studies interactive retrieval over
persona- and knowledge-related contexts. Despite
strong progress in task coverage and benchmarking
practice, most task designs still treat role-play qual-
ity as an aggregate construct (e.g., overall fidelity,
coherence, naturalness), rather than explicitly iso-
lating memory-centric competencies. Our work
is related to both profile-conditioned role-play and
persona-grounded dialogue, but differs in emphasis:

rather than optimizing general grounded response
generation under mixed information sources, we
reframe role-play as a memory-driven cognitive
task (MDRP) and evaluate models through a de-
composed memory-ability lens.

G.2 Evaluation Metrics and Diagnostic
Protocols

Evaluating whether an agent remains in charac-
ter has evolved from reference-based overlap to-
ward more diagnostic, protocol-driven measure-
ments of persona fidelity and consistency (Li et al.,
2023; Tu et al., 2024; Wang et al., 2024a). Be-
yond holistic judgments, several lines of work pro-
pose finer-grained diagnostics. InCharacter eval-
uates personality fidelity through interview-style
probing grounded in psychological traits (Wang
et al., 2024c¢), and atomic-level evaluation reveals
that response-level scores can mask localized out-
of-character segments in longer generations (Shin
et al., 2025). Other analyses examine failure modes
and evaluator biases in role-play scoring (Zhou
et al., 2025b), as well as robustness and safety is-
sues such as character hallucination under adver-
sarial prompts or safety degradation after role-play
adaptation (Tang et al., 2025b; Zhao et al., 2025).
While these metrics substantially sharpen persona-
fidelity measurement, they seldom attribute errors
to memory-theoretic causes (e.g., weak acquisition
of provided persona facts, noisy retrieval, failure to
suppress out-of-scope knowledge, or poor expres-
sion of remembered content). Our MREval targets
this gap by aligning evaluation with a memory-
ability taxonomy and corresponding fine-grained
metrics, enabling ability-level diagnosis rather than
only aggregate in-character scores.

G.3 Role-Playing Methods and Memory
Mechanisms

Methodologically, role-playing agents are im-
proved via richer persona representations, align-
ment objectives, training/adaptation strategies,
and prompt-level controllers. Representative ap-
proaches include profile—dialogue alignment (Yu
et al., 2025b), self-alignment for eliciting arbi-
trary roles (Lu et al., 2024), configurable role con-
trols (He et al., 2025), and coordination for es-
tablished roles (Wang et al., 2025b). Training
and adaptation techniques further span parameter-
efficient specialization (Yu et al., 2024), role-
adaptive representation learning (Yang et al., 2025),
dynamic persona refinement (Yao et al., 2025), and
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reward-based preference alignment (Fang et al.,
2025); prompt optimization and role-aware rea-
soning also enhance controllability without full
retraining (Duan et al., 2025; Ruangtanusak et al.,
2025; Tang et al., 2025a). Within this landscape,
memory and retrieval are increasingly treated as
core infrastructure: RoleRAG grounds generation
via structured retrieval (Wang et al., 2025c), and
MOOM targets maintaining and organizing mem-
ory in ultra-long role-play dialogues (Chen et al.,
2025b); some pipelines explicitly separate what the
character knows from how the character speaks
(Han et al., 2026). Recent work further explores
affect- or experience-conditioned retrieval, inject-
ing emotional signals into memory retrieval for
role-playing agents (Huang et al., 2024) or retriev-
ing counselor-specific experiential memories in
multi-persona, multi-strategy adolescent counsel-
ing settings (Zhang et al., 2025a). However, these
methods typically operationalize memory as an
architectural component (stores, retrievers, plan-
ners) rather than a set of separable abilities that can
be systematically measured and compared across
models and prompting conditions. In contrast, our
contribution is benchmark-centric and diagnostic:
we provide MRBench+MREval for stage-wise di-
agnosis and systematic comparison across methods
and models, and we introduce a prompt-only MR-
Prompt (facet-structured persona memory with an
explicit LTM—-STM control protocol) as a standard-
ized prompting condition aligned with Memory-
Anchoring/Selecting/Bounding/Enacting (MA/M-
S/MB/ME).

H Raw Judge Scores

To ensure transparency and facilitate replication,
we report the raw (uncalibrated) GPT-4.1-mini
judge scores for the main-text setting. Table 8 lists
raw per-metric scores for the main experiment (7
models x 3 prompting conditions). For concise-
ness, we report only calibrated (mapped) scores in
Appendix I for (i) component ablations, (ii) back-
bone comparisons under Base vs. MRPrompt, and
(iii) the full MRPrompt results over all models.
Given the per-metric, per-language linear calibra-
tion parameters (@, ¢, by, ¢) in Table 15, the corre-
sponding raw judge scores can be recovered via the
inverse transform: s;7%, = (sle’ﬁ — am ) /bm e

I Mapped Scores

This section reports the calibrated (mapped) GPT-
4.1-mini judge scores for our ablations and model
comparisons. Table 9 lists calibrated per-metric
scores for component ablations, Table 10 reports
the full MRPrompt results over all evaluated mod-
els (including closed-source APIs), and Table 11
provides a focused Base vs. MRPrompt compari-
son across representative open-/closed-source back-
bones.

J Scaling and Prompting Effects:
Closed-Source vs. Small-Scale LLMs on
MDRP (RQ4)

Motivation. We study scaling effects on MDRP
under MRPrompt and ask whether MRPrompt can
narrow the performance gap between small-scale
open models and stronger closed-source baselines,
as measured by MREval.

Closed-source models and inference setup.
We access all closed-source models via the
Zhizengzeng API: GPT-5.2 (gpt-5.2), GLM-
4.7 (glm-4.7), DeepSeek-Chat (deepseek-v3. 2),
Qwen3-Max (gqwen3-max), and Doubao-Seed-1.6-
250615 (doubao-seed-1-6-250615). Decoding
follows the main setup (temperature 7'=0.7 when
supported; otherwise provider defaults). All
models share the same MRBench instances and
MREval scoring and calibration pipeline (Ap-
pendix K).

Results and analysis. Table 10 and Figure 4
show a capacity-shaped profile under MRPrompt:
closed-source API models are often in the top tier
and exhibit relatively low-variance performance
across metrics. In particular, Doubao-Seed-1.6-
250615 leads all MA columns and is best on
downstream enactment (ME), while also topping
most MS columns. GPT-5.2 remains close behind
Doubao with fewer weak spots.

Crucially, Table 11 reveals that MRPrompt can
substantially narrow the gap between small-scale
and closed-source models when compared under
realistic prompting baselines. For example, Qwen3-
8B with MRPrompt reaches an overall Avg. Score
of 8.12, matching (and slightly exceeding) the
GLM-4.7 Base baseline (8.11) and surpassing the
Owen3-Max Base baseline (8.08). This “small-
model + MRPrompt =~ large-model + Base” effect
is especially visible in upstream memory ground-
ing/selection columns (MA/MS). At the same time,
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Table 8: Raw GPT-4.1-mini judge scores. Per-metric ratings before calibration.

MA-SI MA-AF MS-FA

MS-FU MB-AL MB-CR ME-MAC ME-HLE

Model Persona en zh en zh en zh en zh en zh en zh en zh en zh Ave. Score
Base 748 7.71 6.72 8.89 5.46 8.64 6.84 7.47 896 893 428 6.46 7.15 791 559 697 7.22
Qwen3-0.6B Card 8.20 8.64 6.98 8.76 4.59 8.40 6.47 7.50 9.12 9.14 490 6.28 7.41 8.20 5.89 7.25 7.36
MRPrompt 8.40 8.81 7.75 8.90 5.92 9.11 7.11 7.82 9.38 9.17 551 6.70 7.54 8.48 6.31 7.59 7.78
Base 9.29 8.48 899 9.04 8.04 9.03 851 837 9.70 9.62 5.54 7.74 8.95 9.20 7.96 8.57 8.56
Qwen3-4B Card 940 9.42 9.03 8.89 6.28 8.71 8.13 8.28 9.67 9.55 6.09 7.55 9.16 9.16 8.20 8.61 8.51
MRPrompt 9.62 9.52 9.20 9.22 7.54 9.28 8.66 8.77 9.84 9.67 6.60 7.63 9.55 9.51 8.62 8.86 8.88
Base 9.33 8.84 895 9.06 8.12 8.99 8.86 836 9.83 9.60 5.84 8.43 9.28 9.06 8.34 8.5l 8.71
Qwen3-8B Card 9.63 9.37 9.15 9.08 6.81 8.81 8.44 843 9.75 9.65 5.85 7.61 9.37 9.34 8.45 8.56 8.64
MRPrompt 9.75 9.68 9.29 9.24 7.46 9.52 8.59 8.76 9.90 9.61 6.89 7.79 9.62 9.53 8.74 8.87 8.95
Base 9.21 891 8.80 9.12 7.70 9.08 8.60 8.49 9.68 9.36 5.32 7.72 9.08 9.15 7.95 8.58 8.55
GLM-4-9B-Chat Card 9.61 9.53 890 9.00 6.51 8.63 827 851 9.77 946 523 7.49 9.30 9.19 8.22 8.57 8.51
MRPrompt 9.47 9.64 9.06 9.22 7.98 9.37 8.43 8.71 9.79 9.64 6.28 7.79 9.49 9.51 8.37 8.85 8.85
Base 8.70 796 8.41 8.89 6.70 9.01 8.19 7.53 9.67 9.44 536 7.54 8.89 853 7.39 7.85 8.13
Llama-3-8B-Instruct ~ Card 948 8.85 8.69 8.52 5.68 891 7.84 7.78 9.75 9.24 6.05 7.30 9.18 8.28 7.78 7.61 8.18
MRPrompt 9.36 8.99 894 8.80 6.44 9.03 8.12 8.13 9.88 9.53 6.90 7.92 9.53 8.84 8.18 8.00 8.54
Base 8.99 5.59 8.39 8.27 7.56 8.06 8.30 6.34 9.66 856 6.24 6.23 8.77 7.27 7.46 6.16 7.62
Llama-3.2-3B-Instruct Card 9.15 6.71 8.51 8.09 6.02 835 8.17 698 9.83 8.44 6.19 6.49 9.04 7.36 7.70 6.18 7.70
MRPrompt 9.41 7.90 8.93 8.42 7.65 9.02 8.31 7.34 9.87 9.11 7.53 6.90 9.52 7.92 8.40 7.03 8.33
Base 8.33 7.40 8.37 9.01 7.36 9.26 8.22 820 937 937 442 7.51 827 9.01 7.39 822 8.11
InternLM2.5-7B-Chat Card 8.74 8.43 8.46 893 6.85 9.13 790 8.02 9.52 943 554 7.81 8.77 8.93 7.48 8.21 8.26
MRPrompt 8.49 8.72 8.66 9.03 7.93 9.68 8.24 8.48 9.61 9.52 6.13 7.47 9.13 9.09 7.88 8.30 8.52

Table 9: Component ablation (full results). Mapped scores for the 8 MREval metrics.
. MA-SI MA-AF MS-FA MS-FU MB-AL MB-CR ME-MAC ME-HLE
Model Condition Avg. Score
n zh en zh en zh en zh en zh en zh en zh en zh

Base 8.65 7.80 7.54 7.99 7.97 8.63 8.59 8.23 8.79 8.53 6.55 7.04 7.55 7.43 7.20 7.17 7.85
Qwen3-4B +Protocol  8.69 8.26 7.57 8.15 8.06 8.57 8.78 8.25 8.75 8.46 6.67 6.97 7.74 7.41 7.36 7.14 7.93
+Schema 8.87 8.55 7.59 8.18 7.41 8.76 8.48 8.31 8.82 8.45 6.83 6.96 7.94 7.54 7.54 7.29 7.97
MRPrompt 8.88 8.61 7.69 8.23 7.61 8.81 8.69 8.57 8.85 8.56 6.84 6.99 8.07 7.63 7.73 7.42 8.07
Base 8.59 8.13 7.41 8.10 7.73 8.67 8.65 8.34 8.78 8.36 6.49 7.03 7.66 7.40 7.19 7.18 7.86
GLM-4-9B-Chat +Protocol  8.67 8.23 7.43 8.09 7.81 8.60 8.62 8.32 8.81 8.41 6.50 6.99 7.64 7.35 7.22 7.22 7.87
+Schema 8.83 8.57 7.66 8.21 7.84 8.86 8.55 8.51 8.84 8.46 6.73 6.86 8.13 7.57 7.61 7.36 8.04
MRPrompt 8.77 8.70 7.59 8.23 7.93 8.88 8.53 8.52 8.83 8.54 6.76 7.07 8.02 7.63 7.53 7.41 8.06

the benefit of MRPrompt is not uniform across
backbones (e.g., Owen3-Max shows comparable
Avg. Score under Base vs. MRPrompt), suggest-
ing that stronger proprietary models may already
internalize parts of the structure that MRPrompt
explicitly scaffolds.

Despite the narrowed gap, downstream enact-
ment remains the main separator for the smallest
models: Qwen3-0.6B shows sharp degradation on
ME (both MAC and HLE) even under MRPrompt,
indicating that structured prompting can stabilize
memory use but cannot fully compensate for lim-
ited surface enactment capacity. A second consis-
tent pattern is that constraint robustness is com-
paratively harder than other upstream dimensions:
across models, CR tends to sit below AL, suggest-
ing that resisting boundary pressure and maintain-
ing rule-consistent behavior remains a key failure
mode even when persona anchoring is strong. Fi-

nally, the scaling trends are broadly aligned across
English and Chinese, while still exhibiting metric-
level language variation (e.g., FA is often higher in
Chinese for multiple models).

K Automatic Judge Validation, Score
Calibration, and Supplemental
Robustness Check (RQ5)

Is the LLM-as-a-Judge reliable for MREval, how
do we align its scores to the human scale, and are
the conclusions robust beyond the primary calibra-
tion setup? We use GPT-4.1-mini (API) to score
all eight MREval metrics, and validate it against
bilingual human ratings. To improve scoring stabil-
ity, we set the decoding temperature to 0 and use
default settings for the remaining generation param-
eters. This appendix summarizes: (i) judge—human
agreement on the primary 800-instance bilingual
reliability set (Tables 12—-14); (ii) a per-metric cal-
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Table 10: RQ4 results (MRPrompt). Mapped scores for the 8 MREval metrics across all models.

MA-SI MA-AF MS-FA MS-FU MB-AL MB-CR ME-MAC  ME-HLE
Model Persona
en zh en zh en zh en zh en zh en zh en zh en zh
GPT-5.2 MRPrompt 8.87 8.18 7.73 8.20 8.14 9.04 8.66 843 892 8.66 747 735 821 7.55 785 721
GLM-4.7 MRPrompt 8.83 838 7.75 8.38 798 9.03 8.67 846 889 865 7.12 699 820 7.71 771 736
DeepSeek-Chat MRPrompt 8.89 837 7.73 830 7.02 7.64 842 794 889 863 733 746 820 7.54 7.63 721
Qwen3-Max MRPrompt 8.97 8.12 7.88 834 7.76 836 8.63 8.13 892 8.69 7.19 726 824 7.61 7.88 7.20
Doubao-Seed-1.6-250615 MRPrompt 9.13 8.85 8.05 843 847 9.10 894 8.73 891 860 696 7.25 836 7.83 8.18 7.54
Qwen3-0.6B MRPrompt 8.02 8.06 6.67 7.81 6.46 8.69 7.63 7.77 865 823 654 656 633 697 586 6.35
Qwen3-4B MRPrompt 8.88 8.61 7.69 823 7.61 881 8.69 857 885 856 6.84 699 807 7.63 7.73 7.41
Qwen3-8B MRPrompt 897 873 7.76 825 7.56 899 8.64 856 888 852 692 7.07 8.13 7.64 7.83 7.42
GLM-4-9B-Chat MRPrompt 8.77 870 7.59 823 793 888 853 852 883 854 6.76 7.07 8.02 7.63 7.53 7.41
Llama-3-8B-Instruct MRPrompt 8.69 820 7.51 7.68 6.83 8.63 832 8.03 887 847 693 7.3 805 7.20 7.37 6.69
Llama-3.2-3B-Instruct MRPrompt 8.73 7.35 7.50 7.19 7.69 8.63 845 736 887 8.19 7.10 6.65 8.04 6.60 7.55 5.88
InternLM?2.5-7B-Chat MRPrompt 8.08 7.99 731 798 789 9.0 840 833 875 846 671 692 771 736 7.13 6.95

Table 11: RQ4 backbone comparisons (full results). Mapped scores for Base vs. MRPrompt. Best/second-best

are bold/underlined.

... MA-SI MA-AF MS-FA MS-FU MB-AL MB-CR ME-MAC ME-HLE
Model Condition Avg. Score
zh en zh en zh en zh en zh en zh en zh en zh
Qwen3-8B Base 8.67 8.08 7.52 8.02 8.03 8.60 8.83 8.23 8.85 8.51 6.63 7.36 7.83 7.34 7.50 7.12 7.95
GLM-4-9B-Chat Base 8.59 8.13 7.41 8.10 7.73 8.67 8.65 8.34 8.78 8.36 6.49 7.03 7.66 7.40 7.19 7.18 7.86
Qwen3-8B MRPrompt 8.97 8.73 7.76 8.25 7.56 8.99 8.64 8.56 8.88 8.52 6.92 7.07 8.13 7.64 7.83 7.42 8.12
GLM-4-9B-Chat MRPrompt 8.77 8.70 7.59 8.23 7.93 8.88 8.53 8.52 8.83 8.54 6.76 7.07 8.02 7.63 7.53 7.41 8.06
Qwen3-Max Base 8.96 8.05 7.84 8.37 8.45 8.29 8.75 8.14 8.87 8.49 6.77 7.41 8.21 7.59 7.87 7.25 8.08
GLM-4.7 Base 8.81 8.29 7.77 8.36 7.98 9.02 8.77 8.62 8.88 8.51 6.71 7.38 7.98 7.69 7.66 7.27 8.11
Qwen3-Max MRPrompt 8.97 8.12 7.88 8.34 7.76 8.36 8.63 8.13 8.92 8.69 7.19 7.26 8.24 7.61 7.88 7.20 8.07
GLM-4.7 MRPrompt 8.83 8.38 7.75 8.38 7.98 9.04 8.67 8.46 8.89 8.65 7.12 6.99 8.20 7.71 7.71 7.36 8.13

ibration that maps judge scores onto the human
rating scale (Table 15); and (iii) a supplemental
post-hoc robustness check using four independent
human raters and an alternative judge model on a
representative 100-instance subset (Tables 19)

Reliability set. We construct a controlled relia-
bility set by sampling 100 evaluated instances per
metric (stratified across evaluated models and per-
sona settings). Each metric set contains 50 Chinese
and 50 English instances, yielding 800 total in-
stances (8 metrics x 100). For each instance, the
judge is given the same inputs as in the main eval-
uation (persona file, dialogue context, and model
response) and produces a 1-10 score using the iden-
tical rubric and prompt.

Human reference for primary calibration. The
primary calibration set is annotated by a single
bilingual annotator, who is familiar with all 16 nov-
els and the metric rubrics. During scoring, the
annotator was blind to the underlying model, per-
sona condition, and GPT-4.1-mini scores, and rated
all samples in randomized order separately for each
metric. We emphasize that this human annotation
is used as a targeted calibration-and-validation step
for the automatic judge, rather than as a compre-

hensive manual re-evaluation of all model outputs.
This design allows us to estimate judge—human
agreement and fit per-metric calibration parameters
at manageable annotation cost.

Agreement on the primary calibration set. For
each metric—language pair, we compute Pearson r,
Spearman p, and Kendall 7 between GPT-4.1-mini
scores and human scores, reported in Tables 12 and
13. We also report the mean scores of GPT-4.1-
mini and the human annotator in Table 14. Overall,
correlations are moderate-to-strong and statistically
significant, supporting the utility of GPT-4.1-mini
as a scalable evaluator for MREval.

Calibration. To correct mild systematic bias, we
fit a separate least-squares linear mapping for each
metric—language pair:

HUMANSCORE = @y ¢ + by, ¢ - JUDGESCORE,

ey
using the 50 samples in that language from the
primary 800-instance reliability set as training data.
We then apply (@, ¢, b ¢) to calibrate all GPT-4.1-
mini scores reported in the main experiments. The
fitted parameters for all metric—language pairs are
listed in Table 15. Here, a,, ¢ captures additive bias
and b,,, ¢ captures scale sensitivity.
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Visual check. Figure 12 provides per-sample
comparisons for representative metric—language
pairs, plotting GPT-4.1-mini and human scores and
additionally showing the fitted calibration line.

Supplemental external robustness check. We
conduct an additional post-hoc reliability study on
a representative 100-instance subset. In this supple-
mentary analysis, the same evaluation instances are
independently rated by four human raters, and we
additionally score them with an alternative judge
model, Qwen3-32B. Importantly, this robustness
check is used only for external validation: it does
not alter the original calibration parameters or the
main experimental results reported in the paper.

Inter-human consistency and judge-model sen-
sitivity. On the 100-instance subset, the four hu-
man raters show strong group-level consistency,
with Cronbach’s @ = 0.8583 and ICC(2,k) =
0.8577, while single-rater reliability is moderate
(ICC(2,1) = 0.6012). This suggests that individ-
ual rater noise exists but is substantially reduced
when multiple raters are aggregated. Using the
mean score of the four raters as the human consen-
sus, GPT-4.1-mini remains positively aligned with
human judgment (Spearman p = 0.3938, Pear-
son r = 0.6299), and the alternative judge model
Qwen3-32B shows similar directional agreement
(Spearman p = 0.4887, Pearson r = 0.6418).
These results suggest that our conclusions are not
tied to a single idiosyncratic judge model. Also,
the supplemental 100-instance robustness check is
used only to verify external consistency of the eval-
uation protocol and judge model choice; it does not
replace the primary calibration procedure above.

L. Language-split Ability Correlations
(RQ6)

This appendix provides language-split correlation
analyses that complement the pooled results in §4.6.
We compute ability-level scores by averaging the
two metrics within each ability (MA/MS/MB/ME),
and restrict to instances where all four abilities are
available to ensure comparability. We then com-
pute Pearson correlations separately for English
(n=1470) and Chinese (n=1092).

Pearson correlation matrices. Table 16 reports
the English correlation matrix, and Table 17 re-
ports the Chinese matrix. Both exhibit the same
qualitative pattern as the pooled analysis: positive,

weak-to-moderate coupling across abilities, with
the strongest association typically involving ME.

Upstream—-ME correlations. We additionally re-
port language-split Pearson correlations between an
aggregated upstream score (mean of MA/MS/MB)
and ME: rgn=0.34 and rzy5=0.38.

M Efficiency Analysis: Token Budget
(RQ7)

To verify that MRPrompt gains are not driven by
longer prompts, we measure token usage under the
three persona conditions (Base, Card, MRPrompt)
on the same shared STM pool. Table 20 reports
the average prompt/completion/total tokens (En-
glish/Chinese) under each condition, aggregated
across instances. Overall, MRPrompt does not sub-
stantially increase total tokens compared to the
baselines, indicating that its gains come primarily
from structured memory representation and proto-
col guidance rather than longer prompts.

N Latency Analysis and Deployment
Feasibility (RQS8)

MRPrompt is executed as a single-pass, prompt-
only generation method: it does not rely on a multi-
call pipeline, external tool use, or explicit “think-
ing”/reasoning stages during inference.

To evaluate deployment feasibility more directly,
we measure per-turn end-to-end latency, defined as
the elapsed wall-clock time from sending an infer-
ence request to receiving the final generated token.
For each model, we report the average latency un-
der English and Chinese evaluation settings. These
measurements are intended as a practical reference
for deployment-oriented comparison.

Results. Table 18 reports the measured latency.
We observe a clear pattern: smaller open backbones
are substantially faster than larger or closed-source
models in our setup. For example, Qwen3-4B,
Qwen3-8B, and GLM-4-9B all remain around 2—
3 seconds per turn, whereas larger closed models
such as GLM-4.7, Qwen3-Max, and GPT-5.2 are
notably slower. This pattern is consistent across
both English and Chinese settings.

Implications for deployment. Combining these
latency measurements with the main results yields
an encouraging deployment takeaway. MR-
Prompt substantially improves smaller backbones
on MREval, and in several cases makes them
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Table 12: Correlations between human ratings and GPT-4.1-mini ratings for MA/MS metrics (English and Chinese).

MA-SI MA-AF MS-FA MS-FU
en zh en zh en zh en zh
Pearson 0.814 0.723 0.660 0.577 0.796 0.853 0.711 0.877
p-value 6.812x10713 2.980x107° 1.830x10~7 1.171x107° 4.704x10~12 3.745x10~'% 7.131x1079 7.186x10~'7
Spearman p 0.554 0.570 0.532 0.552 0.688 0.543 0.614 0.662
p-value 2.993x107° 1.574x107° 7.082x107° 3.251x107° 3.464x10~8 4.702x107° 2.115x107% 1.624x10~7
Kendall 7 0.515 0.528 0.514 0.516 0.595 0.514 0.584 0.646
p-value 5.470%x107° 4.934x107° 1.283x107% 9.377x107° 3.497x10~7 6.361x107° 1.238x107° 1.384x1076

Table 13: Correlations between human ratings and GPT-4.1-mini ratings for MB/ME metrics (English and Chinese).

MB-AL MB-CR ME-MAC ME-HLE
en zh en zh en zh en zh
Pearson 0.860 0.547 0.526 0.711 0.715 0.822 0.776 0.858
p-value 1.263x1071% 3.881x107° 8.696x107° 7.084x107? 5.339x1079 2.511x10713 3.669x10~'1 1.716x101°
Spearman p 0.524 0.508 0.538 0.668 0.512 0.520 0.657 0.536
p-value 9.540x107° 1.636x10~* 5.669x107° 1.157x10~7 1.425x10~* 1.093x10~* 2.171x10~7 5.933x10°°
Kendall 7 0.506 0.489 0.471 0.588 0.478 0.493 0.623 0.503
p-value 2.298x107% 3.554x107% 7.045x107° 2.270x107% 2.501x107* 1.839x10~* 1.273x107% 9.909x107°

competitive with much stronger baselines, while
preserving materially lower latency. This makes
small-to-mid-sized backbones an attractive oper-
ating point for real-time or near-real-time role-
playing systems, such as gaming NPCs, where both
character quality and interaction responsiveness
matter.

Caveat. These latency values should be inter-
preted as deployment-oriented measurements rather
than fully controlled systems benchmarks. In par-
ticular, closed-source APIs may differ in backend
infrastructure, request routing, batching strategy,
and serving load. Therefore, the absolute numbers
are environment-dependent, but the overall trend
remains informative for practical model selection.

O Additional Qualitative Case Studies
(RQ9)

This appendix reports the qualitative materials for
RQ9, which complement the main quantitative re-
sults by inspecting concrete MDRP behaviors un-
der MREval. We analyze two representative char-
acters (Tom Sawyer; Charles Darnay) using GLM-
4-9B-Chat, comparing Base, Card, and MRPrompt.
For each case, we present the extended dialogue
context (M), the gold continuation Qg"ld, and the
three model outputs g.

Tom Sawyer: facet-aligned success. Table 21
illustrates the “whitewashing” episode, where Tom
should theatrically concede only after Ben has fully

taken the bait. Under Base, the model follows
the plot but injects meta narration (e.g., “‘breaking
character”) and adopts an apologetic tone, diluting
Tom’s manipulative bravado. Card improves liveli-
ness but remains generic, failing to clearly preserve
the “exclusive opportunity” framing that motivates
Ben’s eagerness. In contrast, MRPrompt yields
a short, in-character concession (“But don’t say
I didn’t warn you”) that preserves Tom’s playful
dominance and aligns with the intended facet, qual-
itatively consistent with the MS/ME gains observed
in RQ1-RQ3.

Charles Darnay: residual flattening. Table 22
examines Darnay’s promise to withhold his present
name. In the novel, this moment carries dra-
matic irony and latent moral tension; a faithful
continuation should acknowledge the oddity and
weight of the constraint while remaining defer-
ential. All three conditions largely smooth this
tension into a generic vow. Base is polite but
non-committal about the unusual request; Card
slightly misattributes the secrecy (“your secret”);
MRPrompt best tracks the object of the promise
(the name) and ties compliance to Lucie’s happi-
ness, yet still under-expresses the implied inner
unease. This case highlights a remaining failure
mode: even when persona voice is grounded, mod-
els may under-realise implicit narrative constraints
(suppressed information and deferred revelation)
as rhetorically salient dialogue.
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Table 14: Mean scores of GPT-4.1-mini and the human annotator for each metric and language on the reliability set.

MA-SI  MA-AF  MS-FA

en zh en zh en zh en

MS-FU MB-AL MB-CR ME-MAC ME-HLE

zh en zh en zh en zh en zh

GPT-4.1-mini 9.22 9.46 9.10 9.12 7.32 9.26 8.56 8.64 9.64 9.82 7.10 7.86 9.54 9.12 8.34 8.44

Human

8.60 8.56 7.62 8.10 7.46 8.80 8.62 8.46 8.76 8.66 6.98 7.10 8.06 7.38 7.50 7.06

Table 15: Linear calibration parameters (a,, ¢, b, ¢) for each metric and language.

MA-SI MA-AF MS-FA
en zh en zh en zh en

MS-FU
zh en zh en zh en zh en zh

MB-AL MB-CR ME-MAC ME-HLE

a (intercept) 2.133 1.238 1.189 -3.676 2.245 2.113 2.793 1.136 4.464 2.226 5.016 3.474 -0.183 1.488 0.757 -0.018

b (slope)

0.701 0.774 0.707 1.291 0.712 0.722 0.681 0.848 0.446 0.655 0.277 0.461 0.864 0.646 0.809 0.839

Table 16: Pearson correlation matrix of ability scores
on the English subset. (n=1470)

MA MS MB ME

MA 1.0000 0.1487 0.0993 0.3495
MS 0.1487 1.0000 0.0794 0.2286
MB 0.0993 0.0794 1.0000 0.1059
ME 03495 0.2286 0.1059 1.0000

Table 17: Pearson correlation matrix of ability scores
on the Chinese subset. (n=1092)

MA MS MB ME

MA 1.0000 0.2902 0.0892 0.3940

MS 0.2902 1.0000 0.0365 0.2663

MB 0.0892 0.0365 1.0000 0.1421

ME 03940 0.2663 0.1421 1.0000
Takeaways. Overall, the case studies support

the main quantitative story. When success is pri-
marily driven by scene-conditioned facet selec-
tion and persona-faithful micro-decisions (Tom),
MRPrompt produces more locally appropriate, in-
character continuations than Base/Card. When suc-
cess depends on subtle management of latent long-
term information (Darnay), even MRPrompt can
converge to fluent but flattened outputs, consistent
with RQ4: upstream gains tend to improve ME, but
do not guarantee fine-grained realization of sup-
pressed knowledge and internal conflict.

Persona references. Brief persona descriptions
for these two characters are provided in Ap-
pendix C.2.1 and Appendix C.2.2; full persona
files are included in the supplementary material.

Table 18: Per-turn end-to-end latency (seconds) for rep-
resentative backbones in English and Chinese.

Model EN(s) ZH(s)
GLM-4.7 4.58 6.32
Qwen3-Max 5.45 6.18
DeepSeek-Chat 2.87 4.13
GPT-5.2 7.22 9.47
Qwen3-0.6B 247 2.55
Qwen3-4B 2.73 2.39
Qwen3-8B 2.83 2.77
GLM-4-9B 2.42 1.75

P MREval Metrics and Rubrics

Table 23 summarizes the eight MREval metrics and
their corresponding scoring rubrics. Each metric is
rated on a 1-10 Likert-style scale (higher is better),
using 1/5/10 anchor descriptions.

Q Prompts

Q.1 Prompt Templates for Character Profiles

Figures 13—15 present the prompt templates used
to construct (i) narrative character profiles, (ii)
semi-structured persona cards, and (iii) our facet-
structured long-term memory (LTM) personas.

Q.2 Prompt Templates for MRBench Split
Construction (MA/MB)

Figures 16 and 17 show the prompt templates used
to construct the evaluation instances for the MA
and MB splits in MRBench.

Q.3 Prompt Templates for Character
Role-playing

Figures 18 and 19 report the shared standard role-
playing instruction and our specific LTM-STM
control protocol.
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Table 19: Pairwise Pearson correlations among two judge models and four human raters on the supplemental
100-instance subset.

GPT-4.1-mini Qwen3-32B  Human; Humany Humang Humany

GPT-4.1-mini 1.00 0.79 0.75 0.49 0.43 0.45
Qwen3-32B 0.79 1.00 0.67 0.50 0.47 0.51
Human; 0.75 0.67 1.00 0.51 0.56 0.62
Humans 0.49 0.50 0.51 1.00 0.70 0.54
Humang 0.43 0.47 0.56 0.70 1.00 0.69
Humang 0.45 0.51 0.62 0.54 0.69 1.00

Table 20: Average token usage on the shared STM pool. Prompt (M ;+M g+constraints), completion (¢), and
total tokens per model-persona—language (en/zh).

Model Persona Prompt Comp Total
en zh en zh en zh
Base 3726.14 2873.16 65.39 53.02 3791.53 2926.19
Qwen3-4B Card 2866.16 2585.43 60.61 47.22 2926.77 2632.65
MRPrompt 3037.74 2825.49 65.40 56.79 3103.14 2882.28
Base 3673.54 2699.86 56.35 49.35 3729.89 2749.21
GLM-4-9B-Chat Card 2822.13 2455.76 58.46 48.02 2880.59 2503.78

MRPrompt 2994.50 2694.10 53.13 52.60 3047.63 2746.70

Q.4 Prompt Templates for MREval Judging

Since the eight MREval metrics target different
aspects of role-playing behavior, we require a set
of metric-specific judging prompt templates. Due
to space limitations, we omit these templates from
the appendix; the full prompt specifications are
provided in the supplementary material.
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Table 21: Tom Sawyer case. Full context and continuations under three persona conditions.

Element

Text

Full dialogue context

Ben Rogers: (approaches Tom with a skip in his step) Hello, old chap, you got to work, hey?

Tom Sawyer: (pretends to be focused on his work, then looks up with feigned surprise) Why, it’s you,
Ben! I warn’t noticing.

Ben Rogers: Say—I’m going in a-swimming, [ am. Don’t you wish you could? But of course you’d
druther work—wouldn’t you? Course you would!

Tom Sawyer: (looks thoughtful) What do you call work?

Ben Rogers: (looks confused) Why, ain’t that work?

Tom Sawyer: (resumes whitewashing casually) Well, maybe it is, and maybe it ain’t. All I know, is, it
suits Tom Sawyer.

Ben Rogers: (looks skeptical) Oh come, now, you don’t mean to let on that you like it?

Tom Sawyer: (continues painting with exaggerated care) Like it? Well, I don’t see why I oughtn’t to like
it. Does a boy get a chance to whitewash a fence every day?

Ben Rogers: (watches Tom intently) Say, Tom, let me whitewash a little.

Tom Sawyer: (pretends to consider reluctantly) No—no—I reckon it wouldn’t hardly do, Ben. You see,
Aunt Polly’s awful particular about this fence—right here on the street, you know—but if it was the back
fence I wouldn’t mind and she wouldn’t. Yes, she’s awful particular about this fence; it’s got to be done
very careful; I reckon there ain’t one boy in a thousand, maybe two thousand, that can do it the way it’s
got to be done.

Ben Rogers: (eagerly) No—is that so? Oh come, now—Ilemme just try. Only just a little—I’d let you, if
you was me, Tom.

Tom Sawyer: (hesitates dramatically) Ben, I’d like to, honest injun; but Aunt Polly—well, Jim wanted to
do it, but she wouldn’t let him; Sid wanted to do it, and she wouldn’t let Sid. Now don’t you see how I'm
fixed? If you was to tackle this fence and anything was to happen to it—

Ben Rogers: (interrupts eagerly) Oh, shucks, I'll be just as careful. Now lemme try. Say—I’1l give you
the core of my apple.

Tom Sawyer: (pretends to be reluctant) Well, here—No, Ben, now don’t. I’'m afeard—

Ben Rogers: (desperately) I'll give you all of it!

Gold continuation

Tom Sawyer: [Success! Time to graciously concede.] (hands over the brush with feigned reluctance) Well, I suppose... if you’re sure
you want to, Ben.

Base output

Tom Sawyer: (smiles, breaking character) OK, Ben. But just a little bit, and then you’ll have to stop. I don’t want to be accused of
sharing if I didn’t.

Card output Tom Sawyer: (playfully) Alright, Ben! I reckon you can handle a little fence painting. Just don’t mess it up, or I'll have to whitewash
the whole town next!
MRPrompt output Tom Sawyer: (smiles, gives in playfully) Alright, Ben! But don’t say I didn’t warn you. (starts to hand over the brush)
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MRPrompt Tom Sawyer

"name”: "Tom Sawyer”
"Nickname”: "Tom”,
"Relationships”: [

{
"name”: "Aunt Polly",
"relationship”: "guardian”,
"attitude”: "protective, exasperated, loving”
i
{
"name”: "Huck Finn",
"relationship”: "closest friend and confidant”,
"attitude”: "loyal, adventurous, brotherly"”
i
{
"name"”: "Becky Thatcher”
"relationship”: "romantic interest”,
"attitude”: "infatuated, idealizing, remorseful”
i

]

,
"global_summary”: "Tom Sawyer is a restless, imaginative boy whose life on the Mississippi River is marked by a string of
mischievous adventures, dramatic gestures, and a stubborn pursuit of justice...”,
"Personality”: {
"core_traits": [
{
"trait”: "Imaginative and inventive”,
"desc”: "Tom constantly dreams up elaborate schemes, stories, and games, transforming mundane situations into
opportunities for excitement and profit, as seen in his whitewashing ploy and island adventures.”

)

{
"trait”: "Manipulative charm”,
"desc”: "He is skilled at convincing others to do his bidding, using theatrical flair and psychological insight to turn
situations to his advantage, particularly with peers and authority figures.”

}

1,
"scene_facets": [
{

"title": "Scheming and Improvisation for Personal Gain",
"time_scope”: ["early_life"],
"situation”: "Whenever Tom is tasked with chores, faces dull routines, or sees an opportunity to manipulate, he turns
the situation into a game or a profit-making venture through clever improvisation.",
"social_role”: ["trickster”, "negotiator”, "peer influencer"],
"emotional_state”: "playful, sly, self-satisfied”,
"behavior_pattern”: "Feigns enjoyment, exaggerates his abilities, persuades others to take over his burdens while
extracting rewards; uses storytelling and performance to reshape perceptions.”,
"thinking_pattern”: "Inventiveness and fun > obedience; cleverness > hard work; values being perceived as exceptional.”,
"conflict_with_core”: "Aligned with his imaginative and manipulative traits, but occasionally risks alienating peers or
drawing negative attention from authority.”,
"source_scenes”: ["The Famous Whitewashing Scheme”, "Pirate games on Jackson's Island"],
"cue_phrases”: ["boring chores"”, "chance to impress”, "outsmarting friends”, "exclusive opportunity"]

Figure 8: Facet-structured LTM excerpt for Tom Sawyer.

Base Charles Darnay

[Overview]
Charles Darnay’s life unfurls as a journey between two worlds—aristocratic France and revolutionary England-marked by moments

of quiet conviction, moral struggle, and sacrificial love...(abridged)

[Scene 1: Darnay’s trial for treason at the 0ld Bailey]
The trial takes place in a crowded London courtroom, charged with tension and suspicion toward foreigners. Darnay sits in the
dock, accused of passing British secrets to France, facing the threat of execution...(abridged)

[Scene 2: Confession to Dr. Manette on his wedding morning]
On the morning of his marriage to Lucie, Darnay requests a private audience with Dr. Manette in the Manette home. .. (abridged)

[Scenes 3-5 omitted for brevity]
[Scene 6: Rescue by Sydney Carton and aftermath]

On the eve of execution, Darnay is drugged and smuggled out of prison by Sydney Carton, who takes his place at the
guillotine. .. (abridged)

Figure 9: Narrative LTM excerpt for Charles Darnay.
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Card  Charles Darnay

{

"name”: "Charles Darnay”,

"Nickname”: "Charles Darnay”,

"Relationships”: [
{ "name": "Lucie Manette”, "relationship”: "wife"” 3},
{ "name”: "Dr. Alexandre Manette”, "relationship”: "father-in-law / mentor" 3},
{ "name": "Sydney Carton”, "relationship”: "saviour / rival” },

1,

"global_summary”: "Charles Darnay, born Charles Evrémonde, grows up amid the oppression and cruelty of the French aristocracy.
Haunted by his family's legacy, he rejects his birthright and escapes to England, where he builds a new identity as a French
tutor...”,
"Personality”: {

"core_traits": [

{ "trait"”: "principled” 3},

{ "trait": "self-sacrificing” },
{ "trait": "restrained” },

{ "trait”: "honest"” 3},

1,
"scene_facets": [

"title": "Trial for Treason at the 0ld Bailey”,

"situation”: "In a crowded London courtroom, Charles Darnay stands trial for treason, accused of passing British secrets
to France. He faces the threat of execution, with evidence against him largely circumstantial and the atmosphere
charged with suspicion against foreigners. Throughout the proceedings, Darnay remains composed and courteous, answering
questions with precision and never implicating others. He draws strength from the presence of Dr. Manette and Lucie in
the audience. Relief floods him when Sydney Carton cleverly exposes the weakness of the prosecution’s case, leading to
Darnay’s acquittal. Afterward, Darnay thanks Carton and Stryver quietly, avoiding dramatic displays. The experience
leaves him shaken and newly aware of his precarious position in England, but his resolve to live honorably is
strengthened.”,

"emotional_state”: "anxiety, restraint, relief”

"behavior_pattern”: "Maintains calm, dignified speech and refuses to implicate others even under pressure.”

Figure 10: Semi-structured LTM excerpt for Charles Darnay.

Table 22: Charles Darnay case. Full context and continuations under three persona conditions.

Element Text

Full dialogue context Charles Darnay: Doctor Manette, I have come to speak to you about a matter of great importance to me.
Doctor Manette: (with evident constraint) Is Lucie the topic?
Charles Darnay: Yes, sir. I want to express that I love your daughter fondly, dearly, disinterestedly,
devotedly.
Doctor Manette: (turning away) Not that, sir! Let that be! I adjure you, do not recall that!
Charles Darnay: Doctor Manette, I understand the unique bond you share with Lucie. I would never
seek to come between you.
Doctor Manette: (after a pause) I do not doubt your loving Lucie; you may be satisfied of it.
Charles Darnay: Sir, I would never dream of separating Lucie from you. My hope is to join your family,
not divide it.
Doctor Manette: Have you spoken to Lucie?
Charles Darnay: No, sir. Nor have I written to her. I wanted to speak with you first.
Doctor Manette: Your self-denial is to be referred to your consideration for her father. Her father thanks
you.
Charles Darnay: Doctor Manette, I know the depth of Lucie’s love for you. I only hope to add to that
love, not diminish it in any way.
Doctor Manette: If she should ever tell me that you are essential to her perfect happiness, I will give her
to you. But you must promise me something.
Charles Darnay: Of course, sir. What is it you wish me to promise?
Doctor Manette: You must not tell me your present name. If your suit should prosper, you shall tell me
on your marriage morning. Do you promise?

Gold continuation Charles Darnay: [This is an odd request, but I must respect it.] Willingly, Doctor Manette. You have my word.

Base output Charles Darnay: Yes, sir, I promise. And I assure you, it is with the greatest respect and honor that I make this promise.

Card output Charles Darnay: I promise, Doctor Manette. I will keep your secret until our marriage day, if it be as you wish.

MRPrompt output Charles Darnay: I promise, sir. My name will remain my own until the day we marry. It is but a small thing, in the grand scheme of
your approval and Lucie’s happiness.
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MRPromn Charles Darnay
{
"name”: "Charles Darnay"”,
"Nickname"”: "Charles Darnay”,
"Relationships”: [
{
"name”: "Lucie Manette”,
"relationship”: "wife",
"attitude”: "devoted, protective”
3,
{
"name”: "Dr. Alexandre Manette”,
"relationship”: "father-in-law”,
"attitude”: "respectful, honest”
3,
{
"name”: "Sydney Carton”,
"relationship”: "friend and savior”
"attitude”: "grateful, humbled”
3,
1,
"global_summary”: "Charles Darnay, born Charles Evrémonde, is a man shaped by the struggle to distance himself from his
family's aristocratic abuses and to build a life of integrity during the chaos of the French Revolution...",
"Personality”: {
"core_traits": [
"trait": "Principled Integrity”,
"desc”: "Darnay consistently chooses honesty and moral responsibility, even when it threatens his safety or social
standing, as shown in his renunciation of his family name and transparent dealings with Dr. Manette.”
3
"trait": "Selflessness”,
"desc”: "He habitually prioritizes the happiness and wellbeing of others over his own desires, evident in his approach
to love and willingness to sacrifice for Lucie and her family."”
iy
1,
"scene_facets"”: [
{
"title": "Rejecting Privilege and Pursuing Moral Independence”,
"time_scope”: ["early_life”, "pre-revolution”],
"situation”: "Whenever confronted with the legacy of his aristocratic family, Darnay chooses to distance himself from
privilege and injustice, openly renouncing his heritage and seeking to establish an honorable life apart from it."”,
"social_role"”: ["scion”, "confessor”, "prospective son-in-law"],
"emotional_state”: "conflicted, resolute, remorseful”,
"behavior_pattern”: "Speaks quietly but with conviction; initiates difficult conversations; refuses secrecy or denial;
prioritizes transparency even when uncomfortable."”,
"thinking_pattern”: "Moral responsibility > family loyalty; honesty > personal comfort; future integrity > past
privilege."”,
"conflict_with_core”: "Aligned with core traits of integrity and responsibility, but underpinned by enduring guilt and
the need to atone for inherited wrongs.”,
"source_scenes”: ["Scene 1: Renouncing His Aristocratic Heritage”, "Elements of Scene 4: Returning to Revolutionary
Paris"],
"cue_phrases”: ["family legacy"”, "confession”, "aristocratic title”, "renunciation”, "making amends"]
i
]
3
3

Figure 11: Facet-structured LTM excerpt for Charles Darnay.
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Figure 12: Per-sample comparisons between GPT-4.1-mini scores and human scores for representative metric—

language pairs, with the fitted linear calibration line.

Prompt Chinese; abridged

system_prompt_zh = (
"RR—AR TN A GRE LY KENF ISR, -
"RABA AR A 77 Mo R SR B T e P 2 DA AR
LR, MARES RIS A -
YRGS R E L SR A (o BTG T xx, RIH A E PRI
K BRMAOTES,
"R B T AR EN A B, T I B AL PSR
o "
R IR AR TSON FAFEE, NEH AT fR
F& < markdown BERSNIF . "

)

user_prompt_zh = (
FUEEIE R/ ({novel}) FHIMAE [{character_name}] #
55—y [AESE M A KL summaryl s \n\n”
"EEESK: \n"

"L BRI LR ISON WR, Hax Rl & — T2
BE: \"summary\" - \n"
2. summary DAURZBRERICR, HoBTHREEEE T~ (R

HEME . ATH < BB - SR

"REE IR RS ST R E - \n”

3. [ E EIRES T eHL S TRl | FEED 6
A T xxx1] - \n”

"4, [AEMNET: B 14--15 BABIEMBGALEF S50 L
(BT, MAEMARTRESER) - \n"

"s. BATHEX]: LI R BT, BESETE /i
5 OEE S TS UIERE - BESISETRE; ¢
"SR REF IR, B0 REA 9--10 BUEHAE, B
FIZIZHEFE - \n”

"6, LN AL JSON (N—ANTHZEH; FREANEE; 1
VEHAT; ISON AN AR SCF) - \n”

SiE

el

H

pPrompt English; abridged

)

system_prompt_en

user_prompt_en = (

(

"You are an expert at writing long-form character dossiers
for fictional characters in novels and films/TV. "

"You specialize in revealing a character’s personality and
development through *xkey canonical plot eventsxx, "
"not through abstract trait labels or generic summaries.
"Your job is to select x*iconic scenes** and narrate how
the character grows, changes, and thinks internally, "
"presenting their life as x*plot-driven storytelling*x
rather than a list of traits. "

"Your output must be a valid JSON string. Do not output any
explanations, markdown, or extra text.”

f"Now write an **unstructured long-term memory summary*x
for the character \"{character_name}\" "

f"from the novel \"{novel}\".\n\n"

"Important requirements:\n”

"1. Output must be a JSON object with **only*x one
top-level key: \"summary\".\n"

"2. The summary must be a long multi-paragraph text
*xgrounded in specific canonical plot eventsxx "

"(major life events, actions/lines, emotions, concrete
scenes), not abstract trait lists.\n”

"3. Use a #**fixed heading format*x: start with
\"[Overview]\", then at least 6 \"[Scene X: xxxJ\"
facets.\n"

"4. [Overview]: use 8--9 paragraphs to cover life
trajectory and core personality changes
(scene-supported).\n"

"5. Each [Scene X]: a concrete canonical episode,
describing time/place/background, emotion,
speaking/behavioural style, "

"thinking/decision process; note and explain any contrast
with [Overview]; write with rich detail.\n”

"6. Output must be valid JSON only (double quotes, newlines
allowed, no extra text outside JSON).\n”

Figure 13: Prompt template for narrative character profiles (Base-LTM).
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Table 23: MREval metrics and scoring rubrics

Metrics

Explanations

Rubrics

MA-SI (Source
Invariance)

Measures consistency between
the response generated with the
anonymized persona """ and
the original one §. A high
score indicates grounding in
persona semantics, not name
priors.

1: The two answers differ greatly in meaning, i.e., the
model almost entirely relies on pretrained memory and
clearly ignores the task-provided LTM/STM; 5: The two
answers differ but both look reasonable, i.e., the model
mixes task memory with pretrained memory, partially using
LTM/STM but often dragged by old knowledge; 10: The
two answers are almost semantically identical, i.e., the
model mainly builds its answer on task LTM/STM with
minimal interference from pretrained name-based memory.

MA-AF (Alias
Fidelity)

Assesses whether the behavior
under an anonymized persona
7" remains faithful to the
original intended character, us-
ing the ground-truth response

%% as an anchor.

1: Once names and identity cues are removed, the an-
swer’s meaning and style drift drastically, indicating the
model has not truly learned the task memory; 5: After de-
identification, key information is partly preserved but tone
or details become noticeably unstable; 10: After removing
names, the answer keeps key content, tone, and reasoning
path largely consistent, showing stable task memory learn-
ing under anonymization.

MS-FA (Facet
Alignment)

Quantifies the model’s preci-
sion in selecting the correct
scene facet by contrasting re-
sponses under the true My,
versus a counterfactual (in-
verted) LTM M.

1: Outputs under different scene-facet configurations are
almost the same, with no clear distinction between origi-
nal/reversed facets; 5: There are some differences in tone or
stance, but they are unstable and each output only weakly
matches its intended facet; 10: Under the same STM, out-
puts for different facet settings are clearly separable and
each is highly faithful to the expected personality and be-
haviour of its own facet.

MS-FU (Facet
Utility)

Measures the improvement
gained by including scene-
specific facets in the LTM,
compared to a scene-ablated
LTM M7,

1: With scene facets added, the answer is almost indistin-
guishable from, or even worse than, the no-facet version;
5: Some improvement in alignment is visible, but there
are still many generic behaviours or misused scenes; 10:
Under the same STM, adding scene facets makes the an-
swer clearly more consistent with the persona, tone, and
behavioural expectations, with role-playing quality signifi-
cantly better than the no-facet setting.

MB-AL (An-
swer Leakage)

Scores the model’s ability to
avoid generating a forbidden
reference answer 9° when
presented with an out-of-scope
prompt c%' (e.g., a future plot

spoiler).

1: Frequently leaks future plot points or out-of-book infor-
mation, effectively using an omniscient view instead of the
character’s current-time perspective; 5: Generally respects
the timeline but occasionally inserts slightly ahead-of-time
knowledge or mild spoilers; 10: Always answers strictly
from the current time point, only using available memories
and never revealing future or out-of-scope facts.

MB-CR
(Controlled
Response)

Assesses the appropriateness
of the model’s response strat-
egy to out-of-scope prompts,
favoring expressions of uncer-
tainty, refusal, or grounded
speculation over confident fab-
rication.

1: When faced with clearly out-of-memory/time-range
questions, tends to fabricate confident answers with no
self-restraint; 5: Sometimes expresses uncertainty, but the
justification is vague or still mixed with speculation; 10:
Clearly recognizes out-of-scope questions and responds
with polite, explicit, memory-boundary-based refusal or
uncertainty instead of hallucination.

ME-MAC
(Memory-
Aligned
Coherence)

Rates the logical and topical
coherence of the response with
respect to the activated mem-
ory and context.

1: Despite having memory input, the answer is badly mis-
aligned with context or persona, with logical jumps and
serious structural confusion; 5: Overall related to the rele-
vant memory, but with rough transitions, missing steps, or
partially broken reasoning; 10: After memory alignment,
the answer is well-structured, causally reasonable, and in-
ternally consistent, highly aligned with LTM/STM.

ME-HLE
(Human-Like
Enactment)

Rates the naturalness, tonal
appropriateness, and conversa-
tional fluency of the response,
ensuring it embodies a human-
like utterance consistent with
the persona.

1: Language is stiff and template-like, lacking emotional
detail and conversational rhythm, overall feeling mechan-
ical; 5: Basically natural, with some perceivable emotion
and tone shifts, but still somewhat mechanical or flat; 10:
Word choice, tone, and pacing are close to real human di-
alogue, showing rich yet controlled emotional expression
while making good use of memory.
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Prompt Chinese; abridged

system_prompt_zh =
"R — %ﬁkluu’l‘iilﬁ‘ﬁﬁé ERAIRIFIRR . "
"ITEVREE B FEA A ARSI KEALIZ summary (BETAE
BRAREZ DR |, "
" X%Wﬁa ZHEHCRIL, ([ERESARES -
"R EARNRE IR OB, RS A RATR:
") EEfZSIE&%i?FDA%ﬁI‘ﬁJE’JMET, 5 B EGRR — (&
R Eyﬁﬁ’])\%f

"2) FIHET 1%&5’]@%174 (core_traits) , J7fH FiF#EA
S *?JT\E)\R; !
"3) REETREMENCHIS TS E” (scene_facets) , F5t

FF R— A DU BARIETT

"I E: FREGLIxHREE frx, RAVFHEA name /
Nickname / Relationships / global_summary / "
"Personality iXJL/MHZHE, ”

"7E Personality WA fL¥F core_traits il scene_facets, H%
A FEN B B RIS -

"E SR RS BT TSON, RRE
Markdown - "

)

B E TR ST 5

user_prompt_zh = f"""

FAfE [{namey] MIJRLA summary Q1R :

{summary}
£55: TEAMFELSZMMERERPIEERT, € summary K485
LI/

- global_summary: 7-8 BYilEH5AET5HERZE(L;

- core_traits: 4-8 MME% trait W% (L trait FE)

- scene_facets: 8-10 Mk RFH WMERIZFEXIET; RE
WFE /- B BTN, FAHMEMZR) -

(R4S A% JSON ORAIGIHNTRZ ) | 45100:
{
"{{name}}": {

"name": "..."
"Nickname”:
"Relationships”: [{”name
"global_summary”: "...",
"Personality”: {
"core_traits”: [{"trait":"..."}],
"scene_facets”: [{
"title”~”4..”,
"situation”:"...",

"emotional_state":"...",
"behavior pattern”"'. V!

)
n n

non non

,"relationship”:"..."}],

1
}
3
}

F: AHARS summary J7fERIHTE KL,
JSON FMANEE AT SCF -

nnn

pPrompt English; abridged

system_prompt_en = (
"You are an expert in designing *semi-structured* persona
cards for large language models. "
"You will be given a long, episodic character summary with
an [Overview] and several [Scene X] sections. "
"These are already story-like. Your goal is NOT to perform
complex psychological modeling, but to combine your
knowledge to: "
" (1) compress the information into a concise and readable
persona card; "
" (2) list a small set of short core trait labels
(core_traits) for quick persona grasp; "
" (3) keep several representative key-scene entries
(scene_facets) that stay close to concrete episodes
" in terms of time/background, emotion, and behaviour.

"

"The allowed top-level keys are strictly limited to:
" name / Nickname / Relationships / global_summary /
Personality. "

"Inside Personality, only core_traits and scene_facets are
allowed, and each must use a simple internal structure. "
"Always output valid JSON only, with no extra commentary."”

)

user_prompt_en = f"""
Original summary for "{name}":
{summary?}

Task: compress into a weakly structured persona card:

- global_summary: 6-7 paragraphs;

- core_traits: 4-8 short trait labels (trait only);

- scene_facets: 8-10 key-scene entries (close to original
scenes; keep time/background, emotion, typical behaviour;
may merge similar scenes).

Output ONLY valid JSON with this schema (do not add/remove

keys):

{

”{{name}}“' {
"name":"...",
"Nickname”:"...",
"Relatlonshlps”'[{”name
"global_summary":"...",
"Personality”:{

"core_traits”:[{"trait":"..."}],
"scene_facets": [{
"title":"...",
"situation”:"..."
"emotional state”-”‘ R
"behavior_pattern”:"..."

bl

non non

,"relationship”:"..."}],

3
3
}

Rules: do not invent contradicting major events;
output JSON only.

wnn

Figure 14: Prompt template for the semi-structured Card persona (Card—LTM).
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Prompt Chinese; abridged

system_prompt_zh =

MR %A%'ﬁﬁﬁ%@fi?% ?‘Ef?Ekﬁ WL AR Prompt English; abridged
WS HATE . ARSI AR ER - =

"RRE BIFEA A E RSSO summary (BLETTA AR system_prompt_en = (

VRIS S EXBE) | "You are an expert in personality and narrative modeling. "
" Xmﬁg@a ﬁﬁ“ﬁlgi{”. TEATBIRE [ RIE KA "You will be given a long, episodic character summary that
RIS R B RS aﬁ'ﬁ;: wo already contains an [Overview] and several [Scene X]

- B R O 4 paragraphs. 4 4

n) EEZBHLIEEE A NS TSR (scene eIZsisp?ragraphs are story-like and grounded in concrete

facets) LT . "Your job is **notxx to paraphrase them, but to:\n"

"3) R —ANERLL JSON persona, BT TR R H " (1) identify the underlying stable traits,\n”

+ fil &R R R RFIRA - " (2) cluster similar situations into a small set of scene
" ST H PR ATER TSON, RAEEL S TR AR SUF B facets, \n"

Markdown . " " (3) output a structured JSON persona that makes those

) facets explicit for downstream retrieval.”
"Always output valid JSON only, with no extra commentary."”

user_prompt_zh = f""" )
At [{name}] JEIA summary:
{summary} user_prompt_en = f"""
Original summary for "{name}":
155 EARBELS EMMEERMPTHRT, B summary #i%H {summary}
(B8 Y
%ﬁ%ﬁperzﬁ JEONZJTZETVEMUW):%L i Task: reorganize into a structured persona with reusable

scene facets (merge/summarize across similar scenes).
Output ONLY the following JSON schema (do not add/remove

{
”{{name}}" ( top-level keys):
"name”:"..." .
”N1ckname”-”. R " "
"Relatlonshlps”'”. . (optional)", {{”ameg?,, € "
"global_summary”:"... (1-2 paragraphs; abstract view)", ,,Eami o
"Personality”:{ o CKNAME "C - : "
"core_traits”:[{"trait”:"..." "desc”:"..."}] Relationships”: . (optional)",

"scene_facets”: [ global_summary”.”... (1-2 paragraphs; abstract view)",
{ - . "Personality”:{
nritle”:” " "core_traits":[{"trait":"...","desc":"..."}],

) " "
; ne_f, :
"time_scope”:[...], scene_facets”: [

"situation”:"...", { ntitle”:". "

"social_role”:[...], "time st':o.é’.’ i ]

"emotional_state”:"...", P
won " "situation”:"...

"behavior_pattern PN

”th1nk1ng pattern”:".. ." "social_| role '[ .,

B
"conflict_with_core”:"...", ,emotional _state wonow

"source_scenes":[...], ?Eha\lilor Pa::ern”‘” &
"cue_phrases”:[...] 1nking_pattern R

non "

3 "conflict_with_core”:"...",
] "source_scenes":[...],
3 "cue_phrases”:[...]
} }
]
}
}

AT )
1) NHESR summary FERIFED; RgEal - Mg 5855 )
JEEGH Rules: sta i igi ; i

. N : y faithful to the original summary; core_traits
2) core_traits ﬁﬂéﬁyAiFE’]“ﬁJ:ﬁE%" W 4-8 \/1\: should be true abstractions (aim ~4-8);
3) scene_‘facetskfﬁr - - AEFHEITR, AT ERSIREY) produce 5-8 scene_facets that cover major situational
s %I%‘%fﬁiaﬂ; patterns (merge similar scenes; single out crucial ones);
4) TR ATE JSON, JSON AN HATA SCF - output valid JSON only.

nnn nun

Figure 15: Prompt template for the facet-structured persona LTM used in MRPrompt (MRPrompt-LTM).
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Prompt Chinese

prompt_zh = """

RE—PIEXAETER . 115 LHERNRELET
(context) ~ E Ml (topic) %% [HH (expected_output) HE H«H
A A N B A TFEI IRAS, s NS S TR
B o

LR

1) FHEAHREFEEE (context) - JFIATH (topic) FIHHER]
5 (expected_output) -

2) VRFRER IO IR DUF [RGB o B 2 (U
X Lepg R IR T) -

{mapping_lines}

3) FERIEEA: FREMALN: {main_role}, KR

%: {virtual_role}. RFINRMT (HXRS%) | (Hifx+IEL
AR A) & Xoxw, AT AR A U — 2
{json.dumps(virt_profile, ensure_ascii=False, indent=2)}

4) BIHEESR: xR — 1 JSON W5 (REAEFESNSIAR
R A&

{{"context": "<rewritten context>", "expected_output”:
"<rewritten expected_output>", "topic": "<rewritten
topic>"}}

5) ERIEHERUHEEREL R (Flln gs. NE?) RIFIER,
FITFEIRESR, BANEE T MRS TR -

6) fE“context”FEH, Mhwx—MRITHF (“\\n”) »x RS MULIE
BEWEE, HFATNERAL RIZLT .

TR SRRSO
<ORIGINAL_CONTEXT>
{orig_context}
</ORIGINAL_CONTEXT>

<ORIGINAL_EXPECTED>
{orig_expected}
</ORIGINAL_EXPECTED>

<ORIGINAL_TOPIC>
{orig_topic}
</ORIGINAL_TOPIC>

MEFHES, 25 JSON-

nnn

Prompt English

prompt_en = f"""

You are an expert in rewriting dialogue text. Task: rewrite
the given dialogue context, topic, and expected output so
that *xonly character names are replaced by the mapped
virtual namesx* while preserving meaning, tone and logic.

Instructions:

1) The following mapping lists original names and their
corresponding virtual names (replace only names present in
this mapping):

{mapping_lines}

2) Main role: original name = {main_role}, virtual name =
{virtual_role}. Here is the virtual character profile (for
style/reference only):

{json.dumps(virt_profile, ensure_ascii=False, indent=2)}
3) Output requirement: **only** return a single JSON object,
nothing else, exactly in this form:

{{"context": "<rewritten context>", "expected_output"”:
"<rewritten expected_output>", "topic": "<rewritten
topic>"}}

4) Ensure speaker labels (e.g., "Name: ...") remain correct;
ensure fluent, natural sentences; leave no residual original
names.

5) In the “context” field, separate each speaker’s utterance
with **a single newline character (“\\n”)*x, and do not
insert extra blank lines.

Original context:
<ORIGINAL_CONTEXT>
{orig_context}
</ORIGINAL_CONTEXT>

Original expected output:
<ORIGINAL_EXPECTED>
{orig_expected}
</ORIGINAL_EXPECTED>

Original topic:
<ORIGINAL_TOPIC>
{orig_topic}
</ORIGINAL_TOPIC>

Begin rewriting now and output strict JSON.

wnn

Figure 16: Prompt template for constructing the MA evaluation dataset.

Prompt Chinese

prompt_zh = f"""

RN A —BE S AR ER -

BINELE: history (WHEHH) -~ query (HBETHEEX SHREKN
—f]) FMIEFREE: role- scenario- novel_name-

IH9EET history + scenario + novel_name HIWF role KX HijHT
B (fRTiUiRd) |

SRIG AR HE A HE & R AV BRI {desired_type} -

N5 desired_type J& future_experience,

[T {role_play} 7& 3 Fil 8] s 2 J5 7 AT B4 7 24
R desired_type f& unknown_field,

(AR Y {role_play} FAKIIR /ARG -

R query HIZTEAN {role_ask} #&in,
I B SCAL A BIZE history H1 -

i HE A% TSON:

{{
"question”: "{role_ask}: ...",
"answer”: "...",
"meta”: AR [E] U B LS ME B
3}

answer HLEATEIZFEAE M EINH,

T A AR 5 75 v/ R AU T B 2R 5
FEAHME {role_play} Z Hui.

TR BRI B R E R, A R -

nnn

Prompt English

prompt_en = f"""

You are an expert in temporal consistency and character
knowledge boundaries.

Input includes history, query, role, scenario, novel_name.
First briefly determine the role's current timeline based on
history + scenario + novel_name,

then STRICTLY follow the script-specified desired_type:
{desired_type}.

If desired_type is future_experience,

produce a question concerning an event only after the
current timeline of {role_play};

If desired_type is unknown_field,

produce a question outside the {role_play}'s known domain.

Question must be asked by the 'from' speaker of query
{role_ask}
and must NOT appear anywhere in history.

Output ONLY a valid JSON:

{{

"question”: "{role_ask}: ...",

"answer”: "..."

"meta”: "brief timeline note or extra info”
3}

The content in answer is not a role-play response,

but rather the standard answer to the question itself as
presented in the book/scientific domain.

It should be given directly, without speaking through the
voice of {role_play}

or doing any other explanation.

wnn

Figure 17: Prompt template for constructing the MB evaluation dataset.
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Prompt Chinese

role_system_zh = f'''{role_information}

TREAER {role} IR BN G HrxSE 2L (role} )

T7 A BERIAT B ek o
RERDARZ— AL TREEMERLT, BIVEREAE.
FERE RN

1. AREEIZ xxdbBLL "{role}: " FFhwx, HAREA & HAMHTL -
2. FEEES, R UE A LURFRIE:

- [ 1 3R {role} KPLIENES (B% . WLMA)

- () FR {role} MITHIEEN (Bh{E. K. £IH)

TEAEAE IR IR GEA, TR U R -

3. TRRFFAEIRS. HH {role} HUIES - UKL
fiE -

4. FETH o R SE BREN B . DEAERBOMIE G, B
BHMbAELS

5. BRI TR 2. DELL (role} HIEBHEE .
6. BT

ASRAR BB R AR S A AN, 6 SE RN TEH B A AT 4 22
KEJEE -

Prompt English

role_system_en = f'''{role_information}

You are now {role}. You must act and speak **exactly** as
{role} would in a role-playing conversation.

Do not mention you are an AIL. Do not break character under
any circumstance.

STRICT RULES:

1. Your answer MUST start with "{role}:"” and cannot contain
any other prefix.

2. In your reply, you may use:

- [ 1 to represent {role}'s mental activity (thoughts, inner
monologue)

- () to represent {role}'s behavioral activity (actions,
gestures, expressions)

Use them naturally when appropriate, not mechanically every
time.

3. Stay fully in character. Use {role}'s tone, speaking
style, and personality traits.

4. Only output ONE complete turn of dialogue. Do NOT create
extra turns or speak for other roles.

5. NEVER explain what you are doing. Just respond as {role}.
6. Respond in English.

If your answer does not follow these rules exactly, you must
immediately correct yourself and rewrite the response.

Figure 18: Original prompt template for character role-playing.

23509




Prompt Chinese

role_system_zh = f"""

[AEKICIZ /7 Long-Term Memory])

UTFHZARRTHAE [{role}] M—HKENLILHIA, AEH—EZR
% ; oD NKE R 5T AR RIS T AR R (RIE R RERS R4

{rble_information}
REZ LT ERKEREZ (LTM) o TEEER, (R

1. UL [REKIRCIL] FrEBIEA ANBRCE il

- BoLHER S O EX

- EENER 5 ARER

- FERREGR T A AT RGNS (R DIm)

2. EEETORGHMEZRINEN S [AEEIICIZ / Short-Term
Memory]

- XN IE R AT Y AT B R

- IREERIERIEPRINE, BITHABTAZ [{roley] T W—FE
E/%ﬁ, WIS Z R ICECRIPERS DI (154~ 15 17K

) o
- WRHABIRICA AR IE, WARE R %A AR, SF—
AN EE BT DT R FIAEAS AT IR -

(185 A R ]
RIERL A [{role}] o FERENXFIEAFIRUFIALLL {roley HISH
VUIEFATE), G LAER AT S = AR -

FEAGHI:

1. PREIEE LI, [{roley: | ke

2. YRATLAEF

- [C 1] #R {roley WICIEES) (OHE - BRESARE)
- [()] FR {roley MihfE- KIEHEHITH
TEEREERNREH, MAEEAEH -

3. HEH—5 (roley HI5EERHE.:

- REREAL A AT,

- REEE T —5XE;

- REBRH A AR UGHET S AU -

4. fRIGEE HREET

- bER (AEEEEZ] L

- BAHMEZRINE (TERRIR SR UEEI0Z] st
ANELAHE E e A TR H X A7 2 S B AR S

5. WARFHEFE N EIRE TR Y 7 S 2 5 AR RF
RRIE LA [REZIE {role} ] MLATEE:

- A RARIARHRE - LB AN ;

- REfeEa—HERRHOREEHRRER .

TE AR ST LR, DA S .

nn

Prompt English

role_system_en = f"""

[Long-Term Memory: Character Card]

The following is the long-term memory (LTM) for the
character "{role}".

It includes their life history, core personality, and
several scenario-based facets:

{role_information}

You have already internalized the above LTM.
When answering, you must:

1. Treat the Long-Term Memory as your stable persona
baseline:

- core traits and values,

- important life events and relationships,

- typical emotions, behaviours, and speaking styles in
different situations (persona facets).

2. Treat the upcoming multi-turn dialogue as your Short-Term
Memory (STM):
- it reflects the current scene and interaction;
- from this dialogue alone, infer which facet of your
persona is currently active,
and reflect it in your emotion, behaviour, and speaking
style.
- if no facet fits well, choose the most appropriate one
based on your understanding of the character

[Role-Playing & Generation Rules]

You are now {role}. You must act and speak exactly as {role}
would.

Do NOT mention that you are an AI or a language model. Do NOT
step out of character.

STRICT RULES:

1. Your reply MUST start with "{role}:" and no other prefix.
2. You MAY use:

- [ 1 to denote {role}'s inner thoughts (mental activity,
internal monologue);

- () to denote {role}'s actions, gestures, or expressions.
Use them naturally when appropriate, not mechanically in
every sentence.

3. Output exactly ONE turn of {role}'s reply:

- Do NOT speak for other characters;

- Do NOT continue the next turn of the dialogue;

- Do NOT add out-of-story narrator comments.

4. Your answer MUST rely only on:

- the [Long-Term Memory: Character Card] above, and

- the given multi-turn dialogue (as current Short-Term
Memory) .

Do NOT invent concrete facts that clearly go beyond these
memories.

5. If other speakers ask about events that clearly belong to
the future

(beyond the time point of the current scene),

you should answer from {role}'s present-time perspective:

- express uncertainty, hesitation, or reasonable speculation;
- do NOT narrate a fixed future outcome as if it were already
known.

Respond in natural English as {role}.

wnn

Figure 19: Memory-augmented prompt template for character role-playing (Magic-If Protocol).
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