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Abstract

Existing LLM-based role-playing methods of-
ten rely on superficial textual descriptions
or simplistic metrics, inadequately modeling
both intrinsic and extrinsic character dimen-
sions. Additionally, they typically simulate
character memory with implicit model knowl-
edge or basic retrieval augment generation
without explicit memory alignment, compro-
mising memory consistency. The two issues
weaken reliability of role-playing LLMs in
several applications, such as trustworthy so-
cial simulation. To address these limitations,
we propose PsyMem, a novel framework in-
tegrating fine-grained psychological attributes
and explicit memory control for role-playing.
PsyMem supplements textual descriptions
with 26 psychological indicators to detailed
model character. Additionally, PsyMem im-
plements memory alignment training, explic-
itly trains the model to align character’s
response with memory, thereby enabling dy-
namic memory-controlled responding during
inference. By training Qwen2.5-7B-Instruct on
our specially designed dataset (including 5,414
characters and 38,962 dialogues extracted
from novels), the resulting model, termed as
PsyMem-Qwen, outperforms baseline models
in role-playing, achieving the best performance
in human-likeness and character fidelity.

1 Introduction

Recent advancements in large language models
(LLMs) (Achiam et al., 2023; Anthropic, 2024a;
Anil et al., 2023) have unlocked new possibilities
for implementing role-playing systems through
language-based behavior simulation (Shanahan
et al., 2023). Role-playing systems demonstrate
societal value across applications like interactive
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gaming (Wang et al., 2023a) and AI counsel-
ing (Zhang et al., 2024), with particular potential
in enabling high-reliable social simulation. Such
simulation allows modeling of human interactions
and societal dynamics (Park et al., 2023), of-
fering insights into evidence-based policy design
and conflict mediation (Zhou et al., 2024). To
achieve trustworthy social simulation, LLM-based
role-playing must preserve persistent traits, mem-
ories, and behavioral logic to ensure agents
reliably mirror specified attributes in evolving
social contexts.

Recent works in social or group behavior sim-
ulation (Kosinski, 2024; Park et al., 2023; Zhou
et al., 2024) often rely on general LLMs for role-
playing, using context-based learning (Mann et al.,
2020) and instruction follow-up (Ouyang et al.,
2022). However, these approaches (Yu et al., 2022)
commonly struggle to precisely control char-
acter attributes due to the unsatisfactory role-
playing ability of general LLMs, especially for
ordinary characters, as Figure 1 shows. Some re-
cent works (Shao et al., 2023; Zhou et al., 2023;
Tao et al., 2023) proposed the LLMs that are
dedicated to role-playing to improve character at-
tribute consistency. However, there are still the
following two issues: 1) Oversimplified charac-
terization and 2) Weak memory control.

The Oversimplified Characterization Issue.
From both neuroscientific and psychological per-
spectives, human attributes can be described
through two broad dimensions: intrinsic attributes
and extrinsic attributes (Snyder, 1983; Kahneman,
2011). Intrinsic attributes, such as personality
traits and values (Ravlin and Meglino, 1987;
Stumpf and Dunbar, 1991), play a significant role
in decision-making, particularly in long-term deci-
sions (Borghans et al., 2008; Roberts et al., 2008).
On the other hand, extrinsic attributes (Kahneman,
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Figure 1: The performance comparison is conducted on
two subsets: ‘‘Ordinary,”” consisting of 20 randomly
selected characters from our test set, and ‘‘Famous,’’
consisting of 20 well-known characters. The aver-
age attribute scores are calculated as the mean of the
quantized scores across the 20 characters in each subset.

2011), such as behavior, language, and body lan-
guage, reflect an individual’s intuitive responses
in immediate situations (Bargh et al., 1996).

However, existing role-playing LL.Ms typically
rely on basic textual descriptions or narrow met-
rics to define the target role, which fails to capture
the full complexity and depth of the character.
For example, Zhou et al. (2023) define charac-
ter attributes using textual descriptions based on
seven dimensions (including identity, interests,
experiences, and other relevant traits). Some re-
cent research (Ranet al., 2024; Yuet al., 2024; Cui
et al., 2023) has attempted to use MBTI for per-
sonality trait evaluation to improve character con-
trol. However, MBTI employs a binary approach
to assess personality traits, which has low test-
retest reliability (Stein and Swan, 2019; Hunsley
et al., 2015) and cannot precisely quantify attri-
butes (Nowack, 1996), such as how introverted a
person is.

The Weak Memory Control Issue. Numer-
ous neuroscientific studies (Stumpf and Dunbar,
1991; Ravlin and Meglino, 1987; Pickering and
Garrod, 2004) have shown that, during decision-
making, the brain relies on not only personality
traits (such as emotional responses and values)
but also long-term memory, particularly in fast-
paced decision-making contexts. However, exist-
ing role-playing models (Shao et al., 2023; Zhou
et al., 2023) typically rely on the model’s internal
knowledge to simulate character memory, which
works for famous characters but often fails to pro-
vide memory for less familiar or unseen ones.
Retrieval-Augmented Generation (RAG) (Ram
et al., 2023) has been proposed as a promising
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solution (Zhong et al., 2024), but we observe that
simply integrating RAG within Role-Play LLMs’
inference stage does not adequately address mem-
ory management in the context of role-play (see
Table 2).

In this work, we propose a widely recog-
nized modern psychological evaluation frame-
work (Costa and McCrae, 2008; Schwartz, 1992;
Thomas, 2008; Zimbardo and Ruch, 1975) and
a graph-structured memory mechanism to con-
struct the PsyMem framework, enabling LLMs
to achieve exceptional role-playing abilities.
Drawing from modern psychology and neuro-
science, we enhance the description of character
attributes by leveraging both latent psychologi-
cal attributes and explicit behavioral patterns
(Snyder, 1983; Kahneman, 2011), with personality
and values corresponding to latent psycholog-
ical attributes, and behavioral decision, social
interaction, and leadership representing explicit
behavioral patterns. Overall, we extract real
data from novels and construct a large-scale
role-playing dataset, using 26 quantitative indica-
tors and a small amount of textual descriptions
to describe characters. As shown in Table 1,
this dataset contains 5,414 established characters,
38,962 conversations, and 536,636 utterances,
much larger than existing role-playing datasets.

For character memory, inspired by the hip-
pocampus and cognitive mapping mechanisms
(Eichenbaum, 2015; Hartley et al., 2014;
Tacikowski et al., 2024; Tavares et al., 2015), we
transform characters, events, and relationships
into a knowledge graph. Unlike previous role
playing work (Edge et al., 2024) directly using
implicit model knowledge or integrating role
memory in inference, we incorporate memory
information into the training process, forcing
the model to learn how to respond given re-
trieved memory. This approach effectively en-
hances the model’s memory consistency, ensuring
that role-playing model generates responses based
on not only character attributes but also memory.

In general, our five main contributions are as
follows:

e We propose PsyMem, a novel LLM-based
role-playing framework that establishes pre-
cise control over character behaviors through
the synergistic integration of fine-grained
psychological profiling (e.g., personality,
value) and dynamic memory schemata.



Character Conversation Profile Style
Dataset

Num. SA Conv. Avg. Turns Auth. PsyFrm QI TextDesc. Expl. Mem.
HPD 113 1 1,191 13.2 1 1 1 1 1
CharacterGLM 250 1 1,034 15.8 1 1 1 1 1
RoleLLM 100 [ 140,726 2 1 1 1 1 1
CharacterLLM 9 1 14,300 13.2 1] 1 1 1 1
ChatHaruhi 32 [ 54,726 >2 1 1 1 —1 1
DITTO 4002 1 7,186 5.1 1 1 1 1 1
Beyond Dialogue 311 [ 3,552 6.5 1 1 1 1 1
CoSER 17966 1 29,798 13.2 1 1 1 1 1
MMRole 85 [ 14,346 4.2 1 1 1 1 1
CharacterBench 3956 1 13,162 11.3 1 1 1 1 1
CharacterEval 77 1 1,785 9.3 1 1 1 1 1]
Ours 5414 1 38,962 13.8 1 —1 1 1

Table 1: Dataset Statistics. Comparison between our dataset and existing open-source role-play
datasets. Columns are categorized into: Character (Num.: number of character roles; SA: scene
alignment), Conversation (Conv.: number of dialogues; Avg. Turns: average dialogue length; Auth.:
whether dialogues are fully sourced from real, non-generated conversations), and Profile Style (PsyFrm:
adherence to a psychological framework; QI: presence of quantitative indicators; Text Desc.: availability
of textual character descriptions; Expl. Mem.: support for explicit memory retrieval during interaction).

e Beyond textual descriptions, we present a
comprehensive attribute set that bridges in-
trinsic (e.g., values, emotions) and extrinsic
(e.g., behaviors, social interactions) character
dimensions, operationalized via 26 measur-
able indicators. This attribute set captures
both the internal motivations and external
behavioral manifestations of characters.

e We introduce a memory alignment training
paradigm that establishes explicit cognitive
anchoring between role-playing responses
and character memory. This methodology
enhances role-playing through a dual-control
mechanism, enabling precise regulation of
generative outputs via both attributes
(e.g., personality dimensions) and episodic
memory constraints.

e We introduce the use of role-playing style
general supervised fine-tuning data (trans-
forming general SFT data into role-playing
style), demonstrating that incorporating such
data effectively enhances the performance of
Role-Playing LLMs.

e Extensive experiments demonstrate that
the proposed PsyMem framework signifi-
cantly improves the role-playing ability of
LLMs. For instance, by training Qwen2.5-
7B-Instruct on our dataset (introduced in
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Section 3) specially designed for PsyMem,
the resulting model, termed as PsyMem-
Qwen, outperforms baseline models in role-
playing, achieving the best performance in
human-likeness and character fidelity.

2 Related Work

2.1 LLM-based Role-Playing

In existing role-playing works, the main ap-
proaches are Nonparametric Prompting and
Parametric Training (Chen et al., 2024). In Non-
parametric Prompting, Yu et al. (2022) use care-
fully designed character descriptions to control
general LLMs for role-playing without fine-
tuning. However, they face significant challenges
in accurately reflecting the intrinsic relationships
between character profiles and dialogue content.
In Parametric Training, Chen et al. (2023) fo-
cus on mimicking characters from the Harry Potter
series, while Wang et al. (2023b) introduced the
first role-playing dataset with 100 characters gen-
erated using GPT-3.5 prompts. Subsequent works
(Li et al., 2023; Zhou et al., 2023; Shao et al.,
2023) have expanded and enriched these datasets
by improving the number of characters and the
diversity of dialogue scenarios, all leveraging var-
ious GPT models. Meanwhile, Lu et al. (2024)



Character Fidelity

Character-independent

Model

Per. Val. SL* BD* Mem Avg. H-like* Cons. Coh.
General LLMs
GPT-40 79.08 80.11 77.43 73.29 94.40 80.86 66.60 89.28 99.20
GPT-3.5-Turbo 79.08 79.42 74.15 72.11 84.60 77.87 34.40 88.60 96.20
Claude-3.5-sonnet 80.34 80.29 78.51 74.57 91.80 81.10 75.00 89.50 99.20
Qwen-Max 78.67 80.42 76.54 72.37 90.60 79.72 57.60 89.48 97.60
Yi-Large 80.20 80.09 78.27 76.82 92.00 81.48 83.80 88.18 98.40
Deepseek-R1 80.98 81.38 77.88 77.12 95.00 82.47 77.20 87.57 96.20
Deepseek-V3 79.82 80.33 79.16 75.08 93.40 81.56 76.40 89.04 99.00
LLaMA3.1-8B-instruct ~ 79.17 80.14 76.76 76.01 83.20 79.06 64.20 88.74 99.00
Qwen2.5-7B-Instruct 77.44 80.02 76.15 76.51 85.60 79.14 64.40 89.58 97.40
Role-play LLMs
CharacterGLM-6B 80.66 80.67 79.35 71.20 40.20 70.42 52.80 89.61 73.00
Baichuan-NPC-Turbo  76.53 79.05 74.29 72.27 87.20 77.87 61.60 90.36 96.40
Hunyuan-Role 79.31 79.71 78.24 78.38 82.00 79.53 87.40 89.16 91.20
Higgs-LLaMA3-70B 80.02 80.61 75.77 74.08 93.20 80.74 60.40 88.40 99.60
CoSER-70B 81.21 81.90 78.83 76.35 93.00 82.28 81.80 89.44 97.20
PsyMem-LLaMA (ours) 80.477130 81.93+1.70 78.57+1.81 7447154 90.20+700 81.13*207 8520*21.00 8993+1.19 95 60340
PsyMem-Qwen (ours)  80.4072% 81.74*172  80.80**%5 78.48"197 91.80*020 82.64*30 87.6072320 8964006 962020

Table 2: Model evaluation across multiple criteria. Bold indicates best performance. Superscripts show

change from base model. Abbreviations: Per. = Personality, Val. = Values, SL*

Social & Leadership,

BD* = Behavioral Decision, Mem. = Memory, H-like* = Human-likeness, Cons. = Consistency,

Coh. = Coherence.

adopted a self-alignment approach to dataset con-
struction, moving away from the previous method
of cheaply imitating the role-playing capabilities
of GPT models. Zhou et al. (2023) leveraged
GPT-4 to extract character dialogues from a di-
verse collection of Chinese novels and scripts.
More recently, Yu et al. (2024) focused on ad-
dressing the bias between predefined characters
and specific scenario dialogues, and constructed a
dataset of 311 characters.

Our work belongs to parametric training. We
argue that a character’s behavior is jointly in-
fluenced by their attributes, memory, and the
scenario. Drawing from modern psychology, we
segment character attributes using contemporary
psychological frameworks and construct a dataset
containing 38,962 conversations (536,636 utter-
ances) from real novels, leveraging both character
attributes and memory to enhance role-playing
ability.

2.2 Memory Mechanism in Role-Playing

Existing LLM-based Role-Playing commonly re-
lies on the internal knowledge within the model
weights to implicitly mimic character memory
(Zhou et al., 2023; Lu et al., 2024; Li et al., 2023).
For example, Shao et al. (2023) and others (Lu
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et al., 2024; Yu et al., 2024) push the boundaries
of knowledge to protect character memory, while
Lu et al. (2024) and others use a self-alignment
approach to distinguish the different memory
backgrounds of various characters. Relying on the
internal knowledge within the model is effective
for famous characters but fails for unfamous and
unseen characters. Some works apply RAG (Ram
et al., 2023) to dynamically retrieve external con-
texts for explicitly mimicking character memory,
such as Zhong et al. (2024) who adopts mem-
ory update mechanisms based on Ebbinghaus’s
forgetting curve theory. However, as shown in
Table 2, existing role-playing models tend to per-
form better when simulating famous characters,
while their performance significantly drops for
ordinary characters that rely on external memory.

Unlike previous works, we integrate explicit
memory control into the training framework of
role-playing models. This approach encourages
the model to strictly rely on actual retrieved
memories during dialogue generation in inference.

2.3 Role-playing Evaluation

The current evaluation process consists of dia-
logue generation and dialogue assessment. Due



to its efficiency and completeness, automated di-
alogue generation is widely adopted. Evaluation
methods are generally categorized into three types:
Metric-based Evaluation (Li et al., 2023; Wang
et al., 2023b), Human Evaluation (Zhou et al.,
2023), and ‘‘LLMs as Judges’’ (Shao et al., 2023;
Lu et al., 2024). Metric-based evaluation primar-
ily measures the model’s alignment with standard
responses, such as original text from novels or
manually annotated content. While human eval-
uation is more precise, its high cost and lack
of reproducibility limit its scalability. In con-
trast, ‘‘LLMs as Judges’’, with its efficiency, low
cost, and strong scalability, is increasingly be-
coming the preferred choice. The experiments in
Appendix (see Table 8) demonstrate the effec-
tiveness of the ‘‘LLMs as Judges’’ paradigm for
role-playing evaluation.

3 Dataset Architecture

An increasing number of role-playing datasets
(Ran et al., 2024; Cui et al., 2023) have begun in-
corporating modern psychological indicators into
their characterization frameworks. However, pre-
vious studies typically introduced only a limited
selection of psychological attributes as supple-
mentary descriptors, without comprehensively
integrating psychological systems into character
portrayals (Yu et al., 2024; Wang et al., 2024).
Moreover, existing datasets predominantly focus
on character attributes, overlooking the signifi-
cant influence that memory has on characters’
behaviors, thought processes, and speech styles
(Stumpf and Dunbar, 1991; Ravlin and Meglino,
1987; Pickering and Garrod, 2004). This limi-
tation becomes particularly evident when LLMs
can hardly access the background knowledge of
the role-playing characters during the pretraining
stage (see Figure 1).

To address these shortcomings, we design a
novel dataset with the architecture formulated as

DRP = {(Rl, .PZ', Mi, Ci, T, yl)|l = 1, 2, ey N},

ey
where N is the number of data sample. Each sam-
ple is a real dialogue turn collected from novels.
R; is the role for response; F; is the profile of
R;, including basic information and 26 quantita-
tive psychological dimensions; C; consists of the
dialogue turns preceding the current turn, as well
as the scene information. z; is the query to R;
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Figure 2: The genre distribution in the dataset.

and y; is the corresponding response. M; denotes
the memory retrieved for role R;, conditioned
on the query x; and the context C;, which com-
prises the preceding dialogue turns and the scene.

In this work, the dataset Dgp contains 38,962
samples, extracted from 539 novels characterized
by a wide range of genres, rich content, and nar-
rative perspectives of third person. (The genre
distribution is presented in Figure 2.)

3.1 Quantifiable Character Attributes

We systematically construct quantifiable character
attribute dimensions aligned with contemporary
psychological frameworks by categorizing charac-
ter traits into latent psychological attributes and
explicit behavioral patterns (Kahneman, 2011;
Snyder, 1983), as illustrated in Figure 3a. These
two dimensions distinctly influence individual be-
havior, communication styles, decision-making
processes, and interpersonal interactions. Besides,
a small amount of text describing the social at-
tributes of the characters is also included as a
supplement.

Latent psychological attributes reflect inter-
nal, often subconscious aspects of character,
guiding motivations, preferences, and emotional
responses. To describe these latent psycholog-
ical attributes comprehensively, we utilize the
following psychological frameworks:

1) Personality: Evaluated using the Big Five
Personality Model (Costa and McCrae,
2008), encompassing stable emotional, cog-
nitive, and behavioral tendencies. Traits
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Figure 3: (a): The fine-grained character attributes designed in this work. (b): The two stages training of
role-playing LLM. First, the model learns basic role-playing without character memory. In the second stage,
we dynamically retrieves memory relevant to the current query and dialogue context from graph-structured
character memory. We then integrate character profile, retrieved memories, dialogue history, and current input to
enhance role-playing precision, training the model to align responses with both fine-grained character profile and
contextual memory. (c): We assess the role-playing LLM by first generating a multi-turn dialogue (up to 15 turns)
between two designated roles, followed by three rounds of scoring with GPT-40 based on a quantitative rubric,

and report the mean score.

such as openness, conscientiousness, ex-
traversion, agreeableness, and neuroticism
directly influence communication styles,
social interactions, and general life choices.

2) Values: Assessed through Schwartz’s The-
ory of Basic Values (Schwartz, 1992),
which classifies core beliefs into ten uni-
versally recognized types. These values
deeply affect decision-making, priorities,
ethical judgments, and interpersonal align-
ment, enriching the psychological depth and

motivational dimensions of individuals.

Explicit behavioral patterns manifest in ob-
servable actions, interactions, and communication
styles. We capture these explicit patterns using:

1) Social & Leadership Styles: Measured
through six dimensions based on Zimbardo’s
psychological principles (Zimbardo and
Ruch, 1975), significantly influencing ob-
servable interpersonal behaviors, communi-
cation effectiveness, leadership approaches,
and social dynamics in groups.

2) Behavioral Decision: Analyzed using the
Thomas-Kilmann Conflict Mode Instru-
ment (TKI) (Thomas, 2008), emphasizing
decision-making processes when characters
face conflicts or challenges. This explic-
itly captures how emotional, social, and
heuristic influences shape specific decisions,
providing precise and actionable insights into
behavioral responses.

3.2 Character Memory Integration

Neuroscientific research underscores the signif-
icant role memory plays in shaping human
behavior, communication, and decision-making
processes (Stumpf and Dunbar, 1991; Ravlin and
Meglino, 1987; Pickering and Garrod, 2004).
Memories influence not only how individuals
perceive and interpret events but also guide
their interactions and responses within social
contexts, highlighting the importance of accu-
rately capturing and utilizing memory in character
portrayal.

Therefore, we introduce character memory data
M to the role playing dataset to enable the mem-
ory simulation capability of role playing model.
Specifically, we first build a knowledge graph for
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each novel via GraphRAG (Edge et al., 2024),
and then retrieve relevant memory context for the
current dialogue in local mode (see Appendix B.1
for details). Memory alignment is evaluated on
two key dimensions: correctness and rationality.
Correctness assesses whether the model accu-
rately utilizes stored character information in
response to queries, while rationality examines
logical coherence and contextual appropriateness.
Additionally, simple summaries or vague mem-
ory references are identified as non-rational uses
of memory. To further enhance robustness, irrele-
vant memory items are deliberately introduced as
noise, promoting stable, realistic, and consistent
character portrayals reflective of human memory
dynamics.

In addition, we define character-specific knowl-
edge boundaries to ensure consistency—for
example, Quasimodo from The Hunchback of
Notre-Dame would not be aware of torch. Based
on the absence of relevant retrievable memories,
we used GPT-4o0 to generate 800 refusal-style QA
pairs for 100 characters, grounded in real-world
constraints and narrative context. These were in-
tegrated into novel-based dialogues to maintain
coherence and character fidelity.

3.3 Synthetic Role-playing Data

In addition to Dgp, we propose a synthetic
role-playing data construction approach that trans-
forms general supervised fine-tuning (SFT) data
into role-playing style dialogues, resulting in the
dataset Dp ™ The construction pipeline consists
of three steps: 1) We randomly sample multi-
turn dialogues from the Pure-Dove (PD) data-
set (Daniele and Suphavadeeprasit, 2023) and
sequentially group every 100 consecutive dialogue
turns to form speaker-specific clusters. Each clus-
ter containing approximately 100 dialogue turns
and is then assigned to represent a distinct syn-
thetic speaker. 2) For each synthetic speaker, we
use GPT-40 to analyze the 100 dialogue turns
and annotate the speaker’s psychological profile
according to our 26 quantitative dimensions. 3)
Based on the dialogue context, we employ GPT-40
to generate appropriate scene-specific information
to enhance contextual coherence. The resulting
dataset Dpp ™ is formulated as:

D}Sg];lth = {(Rlapﬂclaxz,yz)h = 1,2, .. .,N}’
(2)
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Figure 4: Comparing Original and Synthetic Role-

Playing data (DY2™). PD: Performance by Dataset

Size.

where R; denotes the role responsible for the re-
sponse, and P, is the profile of R; defined by basic
information and 26 quantitative psychological di-
mensions. C; represents the preceding turns and
scene information. x; and y; are the current query,
and the corresponding response drawn from the
Pure-Dove (PD) datasets, respectively.

By incorporating role-playing style general SFT
data Dgp " the proposed PsyMem framework en-
ables the model to develop stronger role-playing
capabilities, as Figure 4 shows.

4 Role Playing Training and Evaluation

4.1 Training

In this work, we transfer general LLMs to
role-playing models via supervised fine-tuning.
Role-playing presents a unique challenge for
language models: maintaining both general
capabilities and character-specific attributes si-
multaneously. This challenge exemplifies the
fundamental tension in transfer learning between
preserving general knowledge and specializing
for domain-specific tasks. Traditional fine-tuning
approaches (Kotha et al., 2024) often encounter
a core multi-task conflict during optimization.
In the context of role-playing tasks, this conflict
arises from the attempt to optimize two funda-
mentally distinct objectives—namely, character
profile alignment and memory adherence—within
a unified framework. Inspired by the Dual-stage
Mixed Fine-tuning (DMT) (Dong et al., 2023)
method, we introduce a two-stage training strategy
for role-playing, effectively balancing the capa-
bilities of character profile alignment and memory
adherence.

Specifically, stage 1 establishes core role-
playing capabilities by training the model on
character profile-based dialogues, enabling the
model to learn fundamental character attribute
alignment. Stage 2 further trains the model on
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memory-augmented role-playing dataset Dgp and
role-playing style general fine-tuning dataset
D;y}?th to improve role-playing precision, as il-
lustrated in Figure 3(b). As demonstrated in
Section 5.3, our two-stage training strategy signi-
ficantly outperforms vanilla single-stage train-
ing for role-playing performance, validating the

necessity of this progressive specialization strategy.

Stage 1: Foundational Role-Playing Capacity
Development. In this stage, we train LLMs to
learn foundational role-playing abilities based on
quantifiable character attributes and dialogue con-
texts without memory augmentation. We fine-tune
the model using a subset Drp; sampled from the
overall role-playing dataset Dgp to establish its
fundamental role-playing abilities. The objective
function is formally defined as:

GI = arg H’ling ]E'(')NDRPI [,C(fg (Ra P7 07 ZL‘), y)]
(3)
where (-) in Dgp; denotes the tuple (R, P, C, x,y)
and Dgp; excludes the retrieved memory compo-
nent M from the original dataset Dgp.

Stage 2: Memory-Augmented Role-Playing
Specialization. In this stage, we enhance the
model’s role-playing capabilities through two
training components: 1) memory-augmented role-
playing data Dgrp, which incorporates long-term
memory contexts retrieved via graph-based meth-
ods to enable explicit memory alignment, and (2)
synthetic role-playing style data Dgp ™ which im-
proves general role-playing abilities. This stage
employs a weighted combination of two corre-
sponding loss terms to simultaneously enhance
memory-controlled response generation while
preserving the model’s foundational capabilities:

05 = arg ming {aﬁRp(G) + .cf{;}‘h(e)} 4)

where a = 20.
The two loss terms are individually defined as
follows:

Lrp(0) = E()py £ (fo(R, P, M, C, x),y)],
(5)

(0) = B,y [£ (fo(R, P,C,),9)],
(6)

synth
‘CRP

where (-) in DYA™ represents (R, P,C, z,y) and
(+) in Dgp represents the tuple (R, P, M,C, x,y).
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M denotes the retrieved memory response for role
R regarding the query x and the context C' (which
includes the preceding dialogue turns and scene
information), obtained via graph-based retrieval
methods and subsequently filtered by LL.Ms.

4.2 Evaluation

We evaluate role-playing capabilities of LLMs
by adopting the widely used ‘‘LLMs as Judges’’
approachl (Shao et al., 2023; Lu et al., 2024),
as illustrated in Figure 3(c). The evaluation
process is structured into two main categories:
Character-independent Capabilities and Char-
acter Fidelity.

Character-independent Capabilities. Follow-
ing previous research (Chen et al., 2024; Yu et al.,
2024), we measure Character-independent Capa-
bilities using three metrics: Human-likeness, Con-
sistency, and Coherence. In the Human-likeness
task, we use GPT-40 with few-shot examples
to determine whether a dialogue was generated
by a human, ultimately computing the accuracy
score. For consistency, we evaluate the coher-
ence between different parts of the conversation
to assess whether the role-playing remains con-
sistent throughout long dialogues. For coherence,
we assess how logically connected and contex-
tually appropriate the responses are across the
entire dialogue, ensuring the conversation flows
naturally.

Character Fidelity. Character Fidelity assesses
how accurately an LLM portrays specific role-
playing characters. As described in Section 3.1,
we employ modern psychological quantification
frameworks defined in our dataset design, cov-
ering five primary dimensions: Personality (Big
Five Personality Model), Values (Schwartz’s The-
ory of Basic Values), Social and Leadership
Styles (Zimbardo’s psychological principles),
Behavioral Decision (Thomas-Kilmann Conflict
Mode Instrument, TKI), and Memory. The for-
mer four dimensions are quantified into numeric
scales ranging from 1 to 5 using standardized
psychological evaluation methods. The Mem-
ory dimension, distinct from the psychological

"We validate the reliability of our LLM-based evaluation
framework by comparing human-evaluation and GPT-4o
judgments in the Appendix (see Table 8).



attributes, is evaluated using accuracy scores from
true/false assessments.

Evaluation Process. The evaluation process
commences with models generating 15-turn di-
alogues per scenario (see Section 5.1 for scenario
detail), embodying the specified character profile.
For character-independent capabilities evalua-
tion, we utilize these generated dialogues: 1)
Human-likeness and Coherence are assessed by
GPT-40 (true/false based on rules), yielding a
positive assessment rate (e.g., the percentage
deemed human-like or coherent); 2) Consistency
is measured by the score difference in the four psy-
chological dimensions between dialogue halves,
yielding a stability score (e.g., where a smaller dif-
ference yields a higher consistency score, scaled
from 0 to 1). For character fidelity evalua-
tion, GPT-40 serves as the judge, assessing each
15-turn dialogue. Performance is scored across
five dimensions: 1) The first four dimensions (Per-
sonality, Values, etc.) are evaluated by GPT-40 on
dialogues, using 1-NED (introduced in the follow-
ing paragraph) for performance; 2) For the fifth
dimension, memory alignment, we use GPT-40
to judge response correctness (true/false) against
memory context and reference answer, yielding
an accuracy score (i.e., the proportion of correctly
aligned responses).

Metrics. We quantify role-playing fidelity for
Personality, Values, Social & Leadership, and
Behavioral Decision using the 1-NED metric.
Derived from Normalized Euclidean Distance
(NED), a higher 1-NED score indicates greater
similarity to the target profile. The 1-NED score
is computed as:

1 1 n

1-NED=1- M\/’I’L Zi:l (Xz - Xref)27

(N
where AX =X ax — Xmin, With X0 and X0
being the maximum (5) and minimum (1) values
of the evaluation scale, respectively. A score of
0, used to denote uncertainty, is excluded from
this range. n is the number of subdimensions,
X, represents the measurement for the i-th sub-
dimension, and X is the corresponding value
contained in role profile P; (see Eq. (1) and Eq.
(2)), with possible values from {1, 2, 3,4, 5}. This
formulation is robust, as it normalizes the mean
squared deviation across different scales, yielding
a more interpretable similarity metric.
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5 Experiments

In this section, we explain the dataset, baselines,
and implementation, and discuss the main results
and ablation experiments.

5.1 Experimental Setup

Evaluation Dataset. To mitigate potential
knowledge bias introduced during the pretraining
phase, we construct an evaluation dataset D! for
our main experiments by selecting characters and
scenes from novels published after June 2024.
This design choice aims to ensure that models
have had minimal or no exposure to the selected
texts during pretraining, thereby reducing reliance
on memorized character-specific knowledge.

We first assess 100 contemporary novels across
diverse genres, then select 25 high-quality novels
based on character complexity, dialogue rich-
ness, expression quality, and narrative perspective.
From each selected novel, we identify the two
most psychologically complex and representative
characters, yielding 50 characters with varied psy-
chological profiles. For each character, we extract
ten dialogue-rich scenes directly from the original
novels, resulting in 500 evaluation scenarios (50
characters x 10 scenes), which constitutes our
evaluation set D&, The character attributes are
derived from a detailed analysis of the novel using
GPT-40. This comprehensive evaluation frame-
work enables robust assessment of role-playing
capabilities across diverse character types and
narrative contexts. For the memory evaluation,
each scenario includes not only the character’s
profile and scene information, but also three
key components: a meticulously selected char-
acter memory excerpt from the memory text, a
memory-dependent question, and its authentic an-
swer serving as the reference answer, allowing us
to assess all character fidelity dimensions.

Baselines. We evaluate PsyMem against open-
source and proprietary state-of-the-art chatbots.
For general-purpose models, we compared the
proposed PsyMem with several prominent base-
lines, including GPT-40 (Hurst et al., 2024), GPT-
3.5-turbo (OpenAl, 2023), Claude-3.5-sonnet
(Anthropic, 2024b), Qwen-Max (Team, 2024),
Yi-Large (Young et al., 2024), Deepseek-R1 (Guo
et al., 2025), DeepSeek-V3 (Liu et al., 2024),
LLaMA3.1-8B-instruct (Grattafiori et al., 2024),
and Qwen2.5-7B-Instruct (Yang et al., 2024). These
models are considered some of the best in the



field, offering a broad range of capabilities
across various domains. In the category of
Role-Playing-focused baselines, we made com-
parisons with Hunyuan-Role (Tencent Cloud,
2023), Baichuan-NPC-Turbo (Baichuan Al,
2023), and CharacterGLM-6B (Zhou et al., 2023),
Higgs-LLaMA3-70B (Al 2024), and CoSER-70B
(Wang et al., 2025), which are specifically de-
signed to handle character-driven interactions and
story-based tasks.

Implementations. With the proposed PsyMem
framework, we fine-tune LLaMA?3.1-8B-Instruct
and Qwen?2.5-7B-Instruct for three epochs, and de-
note the resulting models as PsyMem-LLaMA and
PsyMem-Qwen, respectively. Additional training
settings and implementation details are provided
in the Appendix B.2. Evaluations are conducted
according to Section 4.2.

5.2 Main Results

Table 2 presents the main results. Within the
General Baselines, we observe that propri-
etary models commonly outperform open-source
models. Claude-3.5-sonnet and Yi-Large, as out-
standing proprietary models, show impressive
performance in Character-independent Capabil-
ities. Additionally, Baichuan-NPC-Turbo, a role-
playing baseline, surpasses general baselines in
self-consistency, crucial for role-playing. Further-
more, it is worth mentioning that DeepSeek-R1
and CoSER-70B excel in Character Fidelity.

Empirical results under the PsyMem framework
reveal that, relative to their original counterparts,
PsyMem-LLaMA and PsyMem-Qwen achieve
character fidelity improvements of 2.07% and
3.50%, respectively. In addition, PsyMem-Qwen
demonstrates strong performance in the Social
& Leadership and Behavioral Decision dimen-
sions, achieving scores of 80.80% and 78.48%,
respectively. PsyMem-LLaMA, on the other hand,
obtains a score of 81.93% in the Value dimen-
sion, surpassing all other evaluated models in this
category. Moreover, PsyMem-Qwen, despite
having only 7B parameters, surpassed all mea-
sured baselines in Character Fidelity. Addition-
ally, it is worth noting that both models exhibited
remarkable improvements in Human-likeness.
Overall, the PsyMem framework has demon-
strated strong effectiveness in our benchmark
tests, enabling precise character control through
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Model Per. Val. SL* BD* Mem. Avg.

PL (w/o Mem.) | 80.11
PL 80.47

81.90
81.93

79.23
78.57

76.36
74.47

44.20
90.20

72.36
81.13

PQ (w/o Mem.) | 81.02
PQ 80.40

81.33
81.74

82.10
80.80

79.02
78.48

53.00
91.80

75.29
82.64

Table 3: Ablation studies of memory alignment
on Character Fidelity. PL: PsyMem-LLaMA, PQ:
PsyMem-Qwen.

quantitative character attribute metrics and mem-
ory mechanisms.

5.3 Ablation Study

Memory Alignment Training. To evaluate the
effectiveness of memory alignment training, we
compare the performance of PsyMem-LLaMA
and PsyMem-Qwen with and without memory in-
tegration during the second training stage. The
results are presented in Table 3. Our findings
indicate that incorporating memory data in the
second training stage significantly enhances
the model’s ability to responding based on
retrieved memory, rather than merely sum-
marizing relevant content. This improves both
character attribute consistency and long-term
memory retention. However, we also observe that
memory alignment training has a slight negative
impact on character attribute alignment. We hy-
pothesize that this may be due to the inclusion of a
limited number of role-specific dialogue examples
in the memory data, which could slightly diminish
the model’s ability to adhere strictly to predefined
character attributes.

Two-stage Training Strategy. To evaluate the
DMT strategy, we compare the full PsyMem
framework (with DMT) against a single-stage
fine-tuning baseline jointly optimizing all data-
sets and loss functions. To rigorously assess
the improvement in Character Fidelity, we des-
ignated the ‘‘Average’’ score as the primary
outcome (Cronbach and Meehl, 1955), treat-
ing sub-dimensions as secondary (Feise, 2002;
DeVellis and Thorpe, 2021). We used paired
two-sided t-tests with Benjamini-Hochberg (BH)
correction (Benjamini and Hochberg, 1995) on
sub-dimensions to ensure robustness without be-
ing overly conservative (Storey, 2002; Yekutieli,
2008) (see verification in Appendix E). Table 4
shows DMT yields statistically significant gains



Model Per. Val. SL* BD* Mem. Avg.

PL (w/o DMT) [79.910.34  81.38+0.12 77.88+042 74.55+0.34 89331031 80.61:0.12
PL 80.42+0.26° 81.98+0.24  78.62+0.14 74.64-0.18 90.27+0.12° 81.19+0.06

PQ (w/o DMT) | 79.60+£0.22  81.47£0.30 80.32+0.19 77.93+0.30 90.33+£0.12 81.93+0.13
PQ 80.46:0.18" 81.75:10.24° 80.85+0.24° 78.51:0.29° 91.80:£0.20  82.67+0.16

Table 4: Ablation studies of DMT on Character
Fidelity (Mean £ Std over 3 random seeds). PL:
PsyMem-LLaMA, PQ: PsyMem-Qwen. {: Sta-
tistical significance on the primary Avg. metric
(paired two-sided t-tests, p < 0.05). *: Signifi-
cance on sub-dimensions (paired two-sided t-tests,
BH corrected, p < 0.05).

Model Character | Human | Consis- | Coher-
Fidelity |-likeness| tency | ence
LLaMA3.1-8B-Instruct | 79.06 64.20 | 83.74 | 99.00
+ PsyMem (PD data) 80.51 70.80 | 89.49 | 82.20
+ PsyMem (DP5™) 81.13 8520 | 89.93 | 95.60
Qwen2.5-7B-Instruct 79.14 64.40 | 89.58 | 97.40
+ PsyMem (PD data) 81.63 86.60 | 89.45 | 93.40
+ PsyMem (DP™) 82.64 | 87.60 | 89.64 | 96.20

Table 5: Ablation study on Synthetic Role-playing
style (Dgp ™) Pure Dove (PD) dataset in PsyMem.

on the primary metric across both backbones.
Specifically, PsyMem-Qwen achieves a 0.74%
improvement (82.67% vs. 81.93%), and PsyMem-
LLaMA improves by 0.58% (81.19% vs. 80.61%).
Furthermore, 8 of the 10 sub-dimension compar-
isons remained significant after correction. This
provides compelling empirical validation that
the two-stage strategy substantially improves
character fidelity.

Synthetic Role-playing Data. We investigate
the impact of Synthetic Role-playing style SFT
Data D‘%;“h on model performance through abla-
tion studies presented in Table 5 and Figure 4.
Table 5 shows that compared to general SFT
data, DIS™ significantly improves Character
Fidelity, Human-likeness, and Consistency for
both PsyMem-LLaMA and PsyMem-Qwen,
while preserving coherence.

Figure 4 further examines the effect of data
volume, comparing General SFT Data with
D;ylfth on role-playing performance. The results
validate the superiority of our synthetic ap-
proach: while General SFT Data consistently
degrades character-specific abilities, Synthetic
Role-playing style data achieves optimal per-
formance at 1,500 samples before declining at
larger volumes. We attribute this performance

82 @ @ Qwen2.5-7B-Instruct
W PsyMem-Qwen
A wioP
81 5 @ woval
? % wosL
/o BD’
i e A b wio
3
279
- [}
78
8 b 2
77 &
(€]
76

Per. Val. SL# BD*

Figure 5: Ablation study of each dimensions. Per.:
Personality, Val.: Values, SL*: Social & Leadership,
BD*: Behavioral Decision, Mem.: Memory.

drop at 3,000 samples to dataset distribution im-
balance, where excessive synthetic content may
dilute role-specific attribute diversity.

Character Attribute Dimension. We assess
each attribute’s contribution by individually
removing the four supervision signals (Per.,
Val.,, SL*, and BD*) in an ablation study on
PsyMem-Qwen (see Figure 5). The results re-
veal that removing any dimension markedly drops
performance on its corresponding evaluation met-
ric. This indicates each dimension is critical to
the model’s fidelity for that trait, underscoring
the necessity of the proposed comprehensive at-
tribute set. We place more ablation experiments
on dimensions in Appendix D.

6 Conclusion

We present PsyMem, a novel role-playing frame-
work that synergizes character memory with
fine-grained psychological attributes. Evaluations
on a large-scale novel-based dataset demon-
strate PsyMem’s effectiveness. The resulting
PsyMem-Qwen, with only 7B parameters, out-
performs all baselines in character fidelity while
demonstrating strong character-independent ca-
pabilities. We also highlight the benefits of
integrating Synthetic Role-playing General SFT
Data. We believe this work paves the way for
psychologically-informed role-playing models,
fostering more nuanced, realistic, and consistent
character portrayals and expanding LLM utility in
trust-worthy social simulation, human-computer
interaction, and Al counseling.
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Appendix

A Source Dataset

We compiled an initial pool of 1,710
English-language novels from The Story-
Graph (The StoryGraph, 2024), Goodreads

(Goodreads, 2024), and BookLikes (BookLikes,
2024). Using an LLLM, we filtered these down to
539 novels based on four criteria: 1) fluency and
reader-friendliness, 2) third-person narration,
3) clear formatting with well-structured layout,
and 4) balanced genre coverage for diversity.

B Implementation Details

B.1 Memory Module

To support contextual memory retrieval dur-
ing role-playing, we employed Nano-GraphRAG
(Ye, 2024), a lightweight implementation of
GraphRAG (Edge et al., 2024). Since our test set
consists of recently published novels, we utilize
this module during inference to enrich context. We
configured the local mode with a paragraph length
of 8192 tokens, keeping other settings default.
In each turn, the system retrieves role-aligned
memories based on entities in the prior context
and combines them with character attributes to
guide generation.


https://github.com/gusye1234/nano-graphrag
https://github.com/gusye1234/nano-graphrag
https://doi.org/10.1198/016214507000001373
https://doi.org/10.1198/016214507000001373
https://doi.org/10.1145/3534678.3539135
https://doi.org/10.1145/3534678.3539135
https://doi.org/10.18653/v1/2024.findings-acl.830
https://doi.org/10.18653/v1/2024.findings-acl.830
https://doi.org/10.1609/aaai.v38i17.29946
https://doi.org/10.1609/aaai.v38i17.29946

Character Fidelity

Model

Per. Val. SL* BD* Mem. Avg.
PsyMem-LLaMA (Rewrite) | 80.14 81.47 78.62 74.35 89.80 80.88
PsyMem-LLaMA (Random) | 80.33 81.58 78.37 74.56 90.20 81.00
PsyMem-LLaMA (Original) | 80.47 81.93 78.57 7447 90.20 81.13
PsyMem-Qwen(Rewrite) 80.70 81.36 80.20 7842 91.00 82.34
PsyMem-Qwen(Random) 80.45 81.63 81.02 7839 92.00 82.70
PsyMem-Qwen(Original) 80.40 81.74 80.80 78.48 91.80 82.64

Table 6: Evaluation of the model’s generalization
to input with freer phrasing (Rewrite), shuffled di-
mension order (Random), and prompts consistent
with those used during training (Original).

B.2 Training Setup

We  fine-tuned Qwen2.5-7B-Instruct and
LLaMA3.1-8B-Instruct on four A800 80G GPUs
using LoRA. Training spanned 3 epochs with a
global batch size of 128 (per-device batch size 2,
16 gradient accumulation steps) and a learning
rate of le-4 (cosine schedule, 0.1 warmup). The
sequence length was set to 8,196, extended to
16,384 in the second stage. To enhance robust-
ness, we applied data augmentation with a 50%
probability of shuffling or masking role attributes
for each instance.

C Additional Evaluation

C.1 More Flexible Inputs

To assess PsyMem'’s robustness to varied prompt
styles, we tested three evaluation settings: the
original structured prompt (‘Original’), prompts
with randomly shuffled character dimensions
(‘Random’), and character profiles rewritten into
natural paragraphs by GPT-40 (‘Rewrite’). Both
PsyMem-LLaMA and PsyMem-Qwen were eval-
uated across five Character Fidelity dimensions.

As shown in Table 6, the ‘Random’ variant
achieves comparable performance to the ‘Origi-
nal’ version, suggesting that the model is robust
to prompt order perturbations (likely a result
of training-time augmentation). The ‘Rewrite’
variant results in a slight performance decrease
(0.25% for LLaMA, 0.30% for Qwen), potentially
due to minor information loss during rephrasing.
Nonetheless, consistently high Memory scores
across all variants demonstrate the robustness and
generalization ability of PsyMem under varying
input conditions.
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Model GPT-40 03 Gemini-2.5-pro
GPT-40 80.86  79.62 76.92
+ Concatenated Eval. 81.00 79.39 76.70
Deepseek-R1 82.47  78.40 75.87
+ Concatenated Eval. 8226 78.66 75.99
CoSER-70B 82.28 80.23 79.16
+ Concatenated Eval. 81.99 80.40 78.99
PsyMem-Qwen 82.64  80.74 79.70
+ Concatenated Eval.  82.87 80.43 79.39

Table 7: Average Character Fidelity scores (Per.,
Val., SL*, BD*, Mem.) of advanced role-playing
models evaluated by different discriminative mod-
els and evaluation approaches. ‘‘Concatenated
Eval.”’ refers to presenting all dialogues across
scenarios simultaneously to the discriminative
model for evaluation.

C.2 Evaluation Strategies

To verify the robustness of our evaluation method-
ology, we compared two scoring strategies: one
strategy where each character’s dialogues across
different scenes were first concatenated and then
assessed collectively, and another strategy where
each character’s dialogue, consisting of 15 turns
per scene, was evaluated separately before be-
ing aggregated. We applied both strategies to
four top-performing models, using three discrim-
inative evaluators—GPT-40 (Hurst et al., 2024),
OpenAl-03 (OpenAl, 2025), and Gemini-2.5-pro
(DeepMind, 2025). As shown in Table 7, results
across all models and evaluators exhibit strong
consistency between the two strategies. Notably,
for PsyMem-Qwen under GPT-40 evaluation, the
average Character Fidelity score under concate-
nated dialogue input was 82.87%, only 0.23%
points higher than the segment-wise evaluation
score of 82.64%, indicating that the choice of
evaluation strategy does not significantly impact
overall conclusions.

C.3 Human Evaluation

To validate our LLM-based evaluation frame-
work, we conducted a large-scale human study
involving 40 volunteers who assessed 25 dia-
logue scenarios (50 characters). The process was
highly time-intensive, requiring over 10 hours per
rater. For a robust analysis, we employed several
complementary metrics. We used Krippendorff’s
Alpha (o) to measure inter-rater reliability among
human annotators, thereby establishing the relia-
bility of our evaluation baseline. Concurrently, we



Metrics Per. Val. SL* BD*
Cosine (H <> L) 0.96 0.95 0.96 0.94
rs (H) 0.74 0.79 0.75 0.77

p (H) 0.72 0.71 0.71 0.70
Mean (Std) (H)  0.59 + 0.47 0.46+0.42 0424039 0.54 + 0.41

o (H) 0.77 0.80 0.74 0.80

Table 8: Cosine similarity, Pearson correlation
coefficient (p), Spearman’s correlation coefficient
(rs), and Mean (Std) are used to assess the agree-
ment and score distribution between human raters
and GPT-4o across different evaluation dimen-
sions. For reference, Krippendorff’s Alpha (&) is
also reported as a measure of inter-rater reliability
among human annotators.

assessed the agreement between GPT-40’s scores
and the mean human scores using Cosine Sim-
ilarity, Pearson’s correlation coefficient (p), and
Spearman’s rank correlation coefficient ().

The results, summarized in Table 8, validate our
approach. We first confirmed a reliable human
baseline, with Krippendorff’s Alpha («) val-
ues of 0.74-0.80 indicating substantial inter-rater
reliability (Krippendorff, 2018; Marzi et al.,
2024). Against this baseline, GPT-40’s scores
showed strong agreement with human ratings.
Pearson’s correlation (p) was consistently strong
(0.70-0.72), and Spearman’s rank correlation (r;)
was similarly high (0.74-0.79) (Fleiss, 1971;
Hauke and Kossowski, 2011). These results col-
lectively demonstrate that GPT-40 serves as a
valid proxy for human evaluation in our task.

D Evaluation-stage Input Ablation

We investigated the inference-time role of char-
acter attributes by comparing three input formats
(Table 9): (1) a minimal setting with no charac-
ter dimensions, (2) inputs with only one active
dimension, and (3) full inputs containing all four
dimensions.

The model’s performance deteriorated
markedly when all dimensions were removed,
with average scores dropping to 66.01 on Person-
ality and 65.65 on Values. In contrast, activating
even a single dimension improved performance
on the corresponding axis: the Personality-only
prompt recovered the Personality score to 78.35,
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Prompt Set  Per. Val. SL* BD*

All 80.40 81.74 80.80 78.48
Per. 7835 7333 7472 73.67
Val. 7474 79.66 7435 74.39
SL* 68.12 67.86 79.64 69.35
BD* 69.38 68.77 70.14 77.76
Base 66.01 6565 68.05 67.19

Table 9: Performance of PsyMem-Qwen with
different prompt combinations across four eval-
uation dimensions. ‘‘All’’ indicates inclusion of
all prompts for the four dimensions; ‘‘Base’” in-
dicates exclusion of these prompts. Bold: Best;
Underlined: Second best.

while Values alone reached 79.66. Additionally,
we observed that providing Personality and Val-
ues information boosted performance on Social &
Leadership and Behavioral Decision dimensions
(74.72 and 73.67 under Personality-only input),
while the reverse was not true. This suggests a
hierarchy where latent traits foundationally guide
explicit behavioral patterns.

E Verification of Statistical Significance

As the pre-defined primary outcome, the ‘‘Av-
erage’’ score represents a single hypothesis test;
thus, we apply no correction (p < 0.05), align-
ing with standard practices (Feise, 2002). We
use the random seed as the unit of pairing, per-
forming paired two-sided ¢-tests by matching runs
with the same seed across conditions. For the
sub-dimensions, treated as secondary outcomes,
we address the issue of multiple comparisons by
applying the Benjamini-Hochberg (BH) proce-
dure to control the False Discovery Rate (FDR)
(Benjamini and Hochberg, 1995). We selected
BH over strict family-wise error rate correc-
tions (e.g., Bonferroni (Dunn, 1961)) because
the latter are known to be overly conservative
for inter-dependent psychological metrics (e.g.,
personality traits influencing behavioral patterns,
see Figure 5) (Allport, 1937; Mischel, 2013). In
contrast, BH offers a more powerful and appropri-
ate approach for correlated data (Perneger, 1998;
Benjamini and Yekutieli, 2001).



