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Abstract—Large Language Models (LLMs) exhibit profound
language comprehension and generation capabilities, represent-
ing the nascent forms of intelligent agents. Current research
predominantly focuses on scripted dialogue or task-oriented
agents that operate through predefined logic, which lack gen-
uine autonomy. This study proposes a framework that enables
agents to achieve autonomous behaviour. The framework enables
dynamic behavior adaptation based on real-time conversational
contexts and intrinsic objectives. It includes autonomous activa-
tion of functional modules, optimization of linguistic strategies,
and self-determined participation in interactions. In simulated
team-building scenarios, agents exhibited emergent social be-
haviors—including spontaneous leadership, conflict mediation,
and innovative proposal generation—without external interven-
tion, while maintaining consistent personality traits throughout
interactions. This work demonstrates a pathway toward more
authentic autonomous systems by enabling LLM agents to
replicate the complexity of human conversational dynamics.

Index Terms—Agent, Autonomous, Large Language Models,
Decision-Making.

I. INTRODUCTION

In recent years, the transformer architecture and advance-
ments in large-scale pre-training techniques have driven break-
through advances in Large Language Models (LLMs) for
natural language understanding and generation [1]. Models
such as the GPT series [2], [3], LLaMA [4]–[6], and PaLM [7]
demonstrate significant context awareness, complex reasoning
capabilities, and fluent text generation [8]. These capabilities
have not only driven substantial performance enhancement
in traditional tasks such as machine translation and text
summarisation [8], but have also stimulated renewed interest in
the concept of the “Agent” [9]. As a vital research direction in
artificial intelligence, agents aim to construct systems capable
of autonomously perceiving environments, making decisions,
and executing actions [10]. LLMs, owing to their deep under-
standing of human language, have become the core vehicle for
simulating human cognition and behaviour [11].
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Fig. 1. Communication Orders in Multi-Agent Systems. (a) Rule-Based
Order: Agents speak in a predefined sequence. (b) Centralized Order: A central
controller manages speaking turns. (c) Random Order: Agents speak in an
unstructured, probabilistic manner. (d) Designated Order: The current speaker
chooses the next speaker. (e) Self-Driven Order: Agents decide autonomously
when to speak based on internal state.

However, current research on LLM-based intelligent agents
still has several limitations. Existing work primarily focuses on
two paradigms: simulation-oriented agents and task-oriented
agents. The former simulates specific scenarios through fixed
logic or rule-based systems (e.g., customer service dialogues
[10], [12], role-playing [13]), while the latter optimises task
completion for single objectives (e.g., code generation [14],
information retrieval [15], [16]). Both types of agents lack
dynamic autonomy—they rely on predefined triggers or static
instructions and cannot adapt their behavioural strategies based
on real-time conversational contexts, environmental feedback,
or their own goal priorities. For instance, task-oriented agents
struggle to autonomously prioritise when facing conflicting
tasks [17], whereas simulation-oriented agents often expe-
rience “mode collapse” in undefined scenarios [18]. These
limitations significantly restrict the application of LLMs in
advanced scenarios such as open-domain interaction, complex
decision-making, and social behaviour simulation [19].



In multi-agent system research, autonomy is regarded as
a key characteristic, enabling agents to make independent
decisions and take actions in specific contexts. These concepts
have been extensively explored in existing literature [20]), with
research directions including LLM-based autonomous reason-
ing optimisation [21], standardised workflow encoding [22],
and role-playing-driven collaborative frameworks [23]. These
studies aim to enhance agent performance and collaboration
in specific tasks.

However, the application of autonomy in multi-agent group
chat scenarios, particularly in speech-order decision-making,
has yet to be systematically investigated. Current multi-agent
systems primarily rely on four externally rule-driven interac-
tion mechanisms to manage speaking order among agents:
Rule-Based Order, Centralised Order, Random Order, and
Designated Order [24], as illustrated in Fig. 1 a-d). While
these mechanisms provide a basic interaction framework, they
suffer from two fundamental flaws: (1) Lack of contextual re-
sponsiveness: The system cannot dynamically adjust speaking
order based on dialogue urgency, information importance, or
agents’ internal states; (2) Suppression of proactive decision-
making: Agents passively await assignment, failing to sim-
ulate human-like behaviour where individuals actively seek
speaking opportunities based on intent, goals, or competitive
awareness.

To fully investigate agents’ autonomous capabilities and
leverage them in group chat scenarios, we propose a fifth
interaction model—the Self-Driven Order, as illustrated in
Fig. 1(e). When an agent receives a message, it autonomously
evaluates the situation, proactively gathers necessary infor-
mation, and decides whether to speak. The core of this
model lies in empowering agents to dynamically assess the
value of speaking based on real-time contextual factors (e.g.,
dialogue content, participant states, and individual goals) and
autonomously determine whether and when to speak. We argue
that this design more closely mirrors the intrinsic dynamics of
human conversation.

Inspired by the human mind’s ability to dynamically activate
and coordinate multiple cognitive functions (e.g., spontaneous
associative memory recall, future action planning, and re-
sponse strategy adjustment) based on conversational context
and objectives, this paper proposes ChatAgents—a multi-agent
cognitive architecture based on dynamic prompting mecha-
nisms. This framework aims to equip agents with human-
like, context-aware autonomous decision-making capabilities.
The architecture primarily consists of a context-driven module
activation mechanism and a preemptive speech decision mech-
anism. The former enables agents to autonomously activate
specific cognitive modules (e.g., memory retrieval, goal induc-
tion, topic recognition) in response to real-time conversational
context (e.g., emotional tone, topic progression) and intrinsic
objectives (e.g., information acquisition, task collaboration),
ensuring on-demand functional invocation. The latter allows
agents to autonomously initiate turn-taking competition by
evaluating utterance urgency and informational value, thereby
maintaining natural and coherent multi-turn interactions.

To evaluate ChatAgents’s effectiveness in enabling human-
like autonomous behaviors, we conducted experiments sim-
ulating company team-building discussions. The multi-agent
system was required to generate coherent, role-consistent
dialogues solely based on predefined character settings and
scenario constraints, without external guidance. Our evalu-
ation focused on observing emergent social behaviors that
demonstrate autonomy, such as agents spontaneously taking
leadership roles, mediating conflicts between teammates, and
proposing innovative solutions, and all while maintaining
consistent personality traits throughout the interaction. The re-
sults confirm that ChatAgents-equipped agents can effectively
simulate the complex dynamics of human group conversations,
including natural turn-taking, context-aware responses, and
goal-directed decision making.

The principal contributions of this paper are summarized as
follows:

• Self-Driven Order: A novel multi-agent interaction
paradigm enabling autonomous speaking decisions based
on context and objectives.

• ChatAgents Architecture: Combines context-driven
module activation and preemptive speaking mechanisms
for human-like autonomous decision-making.

• A Comprehensive Validation Platform: Demonstrates
the framework’s effectiveness through scenario simula-
tions and multi-dimensional evaluations, advancing re-
search in human-like autonomous systems.

II. RELATIVE WORK

A. Progress on LLM-based Agents and Autonomy

LLMs like the GPT series [2], [3], [25], [26] and
LLaMA [4], [5] have significantly enhanced intelligent agents’
core capabilities, improving contextual understanding and
multilingual adaptability [5], [25]. However, early LLM-
based agents were fundamentally reactive, lacking autonomous
decision-making seen in human conversations [27]. Recent
research [28] marks a paradigm shift towards autonomy has
emerged through three key developments. Memory and re-
flection mechanisms now enable agents to combine short-
term attention with long-term databases, creating adaptive
“experience-decision” loops [29]. Planning capabilities have
advanced through hierarchical approaches to goal decompo-
sition and action execution [30], while tool-use frameworks
allow autonomous API interactions for complex tasks [31].

Research on LLM agent autonomy has rapidly expanded
from single-agent to multi-agent collaboration. Multi-agent
systems achieve superior collective intelligence through mem-
ory sharing, distributed planning, and collaborative tool use,
exhibiting dialectical thinking in debates [32] and high-quality
creative output via role specialization [33]. This signifies entry
into a “social cognition” phase, where the key challenge is bal-
ancing individual autonomy with group synergy [34], requiring
both algorithmic innovation and practical methodologies for
efficient coordination [35].

The framework proposed in this study extends agent au-
tonomy boundaries. Beyond the standard “Memory-Reflect-
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Fig. 2. The proposed framework. The design revolves around three core questions: “What do I need to check?”, “What is the situation?”, and “Should I
speak?”. Based on these, the agent perceives the environment, analyses the current state, activates relevant mechanisms to acquire information, evaluates the
situation to determine speech readiness, and finally competes for speaking opportunities.

Plan-Act” paradigm, it fully automates cognitive processes
(memory retrieval, goal induction, topic analysis) and inter-
active behaviors (e.g., speech timing). This enables agents to
compete for speaking opportunities based on real-time context,
more closely replicating human social dialogue logic.

B. Existing Paradigms of Multi-Agent Interaction

Designing effective interaction mechanisms remains a core
challenge for achieving collaboration in multi-agent systems.
Current research primarily employs four paradigms: Rule-
Based Order, Centralized Order, Random Order, and Desig-
nated Order, each with distinct characteristics and limitations
in managing speaking turns and agent autonomy [24].

Rule-Based Order, the most prevalent paradigm, defines
agent speaking sequences using pre-set fixed rules. Frame-
works like CAMEL enforce strict turn-taking [36], ChatEval
adjusts rules based on task type [37], and MetaGPT/CrewAI
implement standardized operating procedures (SOPs) dictating
sequences based on role responsibilities and task logic [22],
[24]. While offering predictability and simplicity, its rigidity
prevents adaptation to urgent information or priority shifts,
potentially causing decision delays [38].

Centralized Order utilizes a central coordinator (e.g., AWS’s
Supervisor Agent [39], ChatDev’s central agent [40], or Auto-
Gen’s commander [41]) to manage turns. This enables global
optimization and conflict resolution but suffers from communi-
cation bottlenecks/scaling latency, single-point-of-failure risk,
and suppression of agent autonomy, diverging from natural
distributed decision-making [42].

Random Order selects the next speaker probabilistically to
increase diversity [24], but often leads to inefficient informa-
tion transfer and topic drift due to delayed critical information.
Designated Order allows the current speaker to explicitly
select the next agent (e.g., GroupChatAgent [43] or a general

practitioner may designate a cardiologist to provide specialized
opinion on specific cardiac symptoms [44]), enabling targeted
expertise invocation. However, it risks power imbalances and
marginalization of less active agents while relying heavily on
the designating agent’s capability [45].

Collectively, these externally rule-driven paradigms share
fundamental limitations: (1) Lack of situational responsiveness
to urgency, importance, or sentiment; (2) Suppression of agent
autonomy, preventing agents from actively seeking turns; (3)
Simplified social behavior, neglecting human conversational
rules like politeness or turn negotiation. These limitations
restrict their applicability in open-domain interaction, complex
decision-making, and social behavior simulation.

III. METHODOLOGY

Our methodological framework is designed to address two
fundamental challenges in multi-agent conversation systems:
(1) achieving human-like cognitive modeling in dialogic in-
teractions, and (2) establishing natural conversational dynam-
ics. For the first challenge, we develop a phased cognitive
architecture (perceptual filtering → information need analysis
→ contextual assessment → speech decision-making) that
replicates human reasoning patterns. The second challenge is
addressed through a dynamic speaking competition mecha-
nism combining willingness screening with temporal response
modeling, enabling naturalistic conversation flow.

A. Cognitive Architecture

In simulating role-based multi-agent group conversations,
the initiation of dialogue by any agent triggers a systematic
behavioral sequence. Upon message transmission, each agent
executes the following structured actions:

• Perceptual Filtering: Agents initiate real-time informa-
tion processing with role-specific attention mechanisms,



Persona: 
    - Name: Eva
    - Age: 26,
    - Personality: extroverted, agreeable, 
conscientious, neurotic, open,
    - Occupation: Secretary,
    - Bio: Eva is renowned for her exceptional 
organisational skills and ... ...,
    - Social_Relations: 
         - Cindy: Eva and Cindy are very good 
colleagues and friends. They often share 
amusing anecdotes ... ...
    - Think_Param: [4.5, 2.6],
    ... ...
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Scenario: Bob, Eva, David, Alice and Cindy 
are in the meeting room discussing the 
arrangements for the team-building activities.
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Fig. 3. Group Chat Scenario Settings. By configuring scenario descriptions, character profiles, personalities, objectives, and response time distributions, a
group chat simulation can be autonomously conducted in ChatAgents.

inspired by Generative Agents [9]. Each message un-
dergoes evaluation through a relevance scoring protocol
based on the agent’s personal profile, including its charac-
ter traits, background knowledge, and current emotional
state. Only content exceeding threshold enters working
memory, replicating human attention dynamics where
personally significant information receives priority.

• Information Need Analysis: Following perceptual filter-
ing, the agent performs a real-time situational diagnosis
to identify its immediate information requirements. This
diagnosis involves evaluating goal states, temporal con-
straints, and ongoing dialogue dynamics. Based on this
assessment, the agent dynamically activates appropriate
cognitive mechanisms—such as memory retrieval for
maintaining conversational coherence, goal-driven rea-
soning for task progression, or topic-shift detection for
discourse adaptation—to acquire necessary knowledge.
As outlined in Appendix A, these mechanisms are de-
signed as modular, plug-in units that can be individu-
ally selected and arbitrarily combined, enabling flexible
adaptation of information-seeking strategies to contextual
demands. This step reflects human cognitive flexibility in
deploying and layering such tools according to situational
needs.

• Contextual Assessment: Once relevant information is
gathered, the agent synthesizes and interprets the accu-
mulated data to form a holistic understanding of the con-
versational context. This phase operates under a “collect-
then-interpret” logic, aligning with typical human reason-
ing patterns where information is integrated only after
sufficient acquisition. The outcome is a coherent situa-
tional model that informs subsequent decision-making.

• Speech Decision-Making: Equipped with a contextual
understanding, the agent evaluates whether to engage in
the dialogue. This decision rigorously incorporates the
agent’s role, objectives, emotional state, and the current
conversational dynamics. The process ensures that par-

ticipation is both rational and consistent with the agent’s
defined behavioral profile, thereby supporting coherent
multi-turn interactions.

Through this structured four-phase architecture, agents
achieve efficient and context-aware participation in group
conversations, effectively balancing role fidelity with adaptive
response generation.

B. Speaking Mechanism

To better simulate natural human speaking behaviour in
group conversations, this paper proposes a dynamic decision-
making mechanism integrating willingness screening and tem-
poral competition, serving as the core implementation of
the Self-Driven Order paradigm. The mechanism holistically
considers agents’ speaking propensity and response speed to
facilitate more organic and efficient group interactions.

During each dialogue round, agents evaluate their speaking
willingness based on the conversational context (e.g., topic
focus, others’ stances, and emotional tone) as well as individ-
ual factors (e.g., role objectives and personality traits). Key
determinants include topic relevance, goal urgency, and emo-
tional expression needs. For instance, an agent’s willingness
increases when the discussion aligns closely with its role-
specific objectives or when it seeks to steer the conversation.
This design mirrors how humans dynamically modulate their
participation in group discussions according to personal incli-
nations and situational demands.

In the response phase, each agent is assigned a prede-
fined temporal distribution (log-normal distribution) to reflect
personality-dependent deliberation patterns — proactive roles
exhibit shorter response latencies, whereas cautious roles
demonstrate prolonged thinking durations. Upon entering this
phase, an agent samples a random time value Ti from its
distribution, simulating natural variability in human cognitive
processing. The agent with the minimal Ti secures speaking
rights, emulating the competitive turn-taking dynamics ob-
served in fast-paced discussions. To prevent perpetual exclu-



sion of slower agents—an unrealistic deviation from human
conversational persistence — the mechanism dynamically ad-
justs response times. This accounts for cognitive continuity,
wherein unexpressed thoughts remain active and require less
time to articulate when revisited. Parameter values and detailed
formulation of the willingness screening, delay sampling, and
dynamic adjustment processes are provided in Appendix B.

To address exceptional scenarios, this paper proposes the
following processing methods:

• If multiple agents share identical thinking time, the
system randomly selects one Agent to speak. This ran-
domness prevents deadlocks caused by equal thinking
times while enhancing group chat diversity, simulating
scenarios in human conversations where speakers are
randomly chosen due to similar response speeds.

• If all agents exhibit low speaking willingness (i.e., none
proceed to the second stage), the system waits for a
period before re-evaluating willingness, allowing Agents
to develop stronger intent. This approach effectively mit-
igates awkward silences in group conversations, ensuring
dialogue continuity.

By integrating willingness screening and time-based com-
petition into a dynamic decision-making mechanism, the pro-
posed Agent framework not only simulates human speaking
behaviour in group chats more realistically but also improves
the naturalness and efficiency of interactions. This mechanism
holistically considers Agents’ speaking willingness and re-
sponse times, making their interactive behaviours more akin to
natural human group dynamics. Furthermore, it offers greater
flexibility in designing multi-Agent self-organising coordina-
tion mechanisms, further validating the potential of LLMs in
simulating human collective behaviour.

IV. EXPERIMENTS

A. Objectives

This study aims to verify whether the proposed frame-
work enables multi-agent systems to autonomously generate a
logically coherent, character-consistent, and plot-closed group
conversation solely through personality settings, scenario nar-
ratives, and internal memory—without any human interven-
tion. By tracking behaviours such as proactive proposals,
conflict mediation, and emergent leadership behaviors, the
research assesses human-like autonomy to examine whether
agents exhibit emergent decision-making and collaborative
traits analogous to human teams.

B. Setup

1) Scenario and Character Constraint Settings: To validate
the proposed framework, we simulate a realistic team-building
scenario where Eva (the secretary) organizes a 30-minute
planning session with colleagues Bob, David, Alice, and
Cindy. Each agent exhibits distinct personalities and objec-
tives, collaboratively determining the event’s timing, location,
and activities, as shown in Fig. 3. This scenario demonstrates
the framework’s ability to model complex group dynamics
under time constraints. Notably, the system can be generalized

to simulate arbitrary social interactions while maintaining
realistic behavioral patterns.

2) Character Personality Configuration: When construct-
ing character personalities, we adopted the binary Big Five
personality model as the theoretical foundation. This model
is based on the Big Five personality traits—a classic frame-
work in psychology—encompassing five key dimensions: ex-
traversion, agreeableness, conscientiousness, neuroticism, and
openness. By randomly selecting binary trait adjectives for
each dimension, we established the character’s personality
framework. Leveraging the capabilities of large language
models, we further expanded these traits into 10 detailed and
precise descriptions. These descriptions serve to constrain and
guide the character’s conversational behaviour in simulated
tasks, ensuring consistency and coherence with the predefined
personality traits. For specific details regarding the binary Big
Five personality model, please refer to the Appendix D. Addi-
tionally, we demonstrate how the Big Five personality model’s
character traits are further expanded into ten descriptions, as
illustrated in Fig. 7.

C. Results

1) Overall Dialogue Analysis: As shown in Fig. 4, we
present the key milestones in the timeline of a team-building
discussion scenario, along with the participants’ thoughts and
dialogue. In this simulation, Alice demonstrated a humorous
and witty attitude throughout the conversation. Her remarks
often carried a light-hearted and playful tone, adding consid-
erable levity to the discussion. David, by contrast, was more
introverted, speaking less frequently. He tended to listen to
others’ opinions and only expressed his own views cautiously
when prompted. Eva was assigned a clear objective: to secure
concrete suggestions for the team-building plan. As such, she
played the role of driving the conversation forward, speaking
more often and for longer duration. She actively guided the
discussion, ensuring it remained focused and productive. Bob’s
case was unique—he was scheduled for another commitment
15 minutes later, requiring him to leave the group chat early.
As the deadline approached, he grew more urgent, attempting
to speak more frequently to articulate his ideas fully before
departing. Cindy, on the other hand, was proactive and enthu-
siastic. Though she had no explicit agenda, she consistently
contributed ideas and engaged actively in the conversation. Her
energy and enthusiasm invigorated the discussion, fostering
a livelier atmosphere. The entire dialogue spanned 89 turns,
lasting approximately 28.06 minutes in simulated time, with
a total silence duration of 70 seconds (occurring 14 times).

In this simulated team-building discussion, each participant
exhibited diverse interaction patterns based on their personality
traits and assigned objectives. Humorous remarks, introverted
listening, topic facilitation, urgent expressions under time
pressure, and proactive engagement—these behaviours were
not externally instructed but emerged naturally from the char-
acters’ inherent traits, collectively creating a rich and authentic
group discussion scenario. Such autonomy not only reflects
individual uniqueness in group dynamics but also demonstrates



... ... I wonder if we’ll be 
able to walk after stuffing 

ourselves. Haha!

... ... remember last year’s 
team-building event when 
everyone turned the tent 
into a stage? That was 

hilarious!

I think we could 
plan a hiking 

trip... ...And having 
a barbecue would 

be nice too.

I’m pretty 
flexible about 

the activity... ...

My name is Alice,
I am humorous

My name is David, 
I am introverted and 
cautious

My name is Eva, 
my goal is to get 
advice for the team 
building plan

My name is Bob, 
I have an schedule 
at 15:15

My name is  Cindy, 
I am initiative and 
enthusiasm

Topic Line

15:00 15:30
Total times spoken: 89   
Total speaking time: 28:06
Total silence duration: 70s

Total times spoken: 22
Total speaking time: 07:14

Total times spoken: 5
Total speaking time: 01:18

Total times spoken: 24
Total speaking time: 09:31

Total times spoken: 10
Total speaking time: 02:31

Total times spoken: 28
Total speaking time: 07:32

Activity Content Activity LocationActivity Time Transport Accommodation 

Eva mentioned me, so I 
should respond. But I’m 
not that into the team-

building activities. ... ...

... ... I could employ a 
humorous approach to 

enliven the atmosphere.

... ... we need 
to think about 
the route and 

transportation.

Silent Period

15:15

... ...we still haven’t 
gathered everyone’s 

preferences on 
accommodation. ... ...

... ... Alice seems to want 
to make it a day trip, but 
I reckon that might be a 

bit too rushed... ...

Silent Period
Since no one’s responding to 

Cindy’s suggestion ... ..., I 
can use my sense of humor 

to lighten the mood and steer 
the discussion... ...

... ... There’s XX 
Park and the YY 
Mountains—both 

have amazing 
scenery!

... ... How about we 
do a “pass-the-ball 

relay” where everyone 
dresses up as funny 

characters ... ...

我们设置了一个完全自由的讨论场景

... ...Let’s figure 
out what kind of 
activities people 

are into... ...

... ... everyone seems 
to think next weekend 
works well ... David, 

any other suggestions?

...... I just realised it’s 
time for me to head off 

to the product 
exchange session. ......

Now that everyone’s quiet, I 
think it’s a great time to steer 
the conversation. I can ... ...

... ... I can share my 
thoughts and maybe 

encourage everyone to 
discuss some more specific 

outdoor activities ... ...

... ... I’ve decided to hold 
my thoughts and wait for 
my colleagues’ responses.

We haven’t quite reached 
a consensus on the timing 

for the team-building 
activity yet. ... ...

... ... the thought of a tent 
trip’s got me itching to go!

Oh, time’s running out. 
Let’s quickly decide 

on the accommodation 
last... ...

Haha, that tent stage last 
year was the best! Maybe 
we could stay overnight 
this time. We could have 
a bonfire barbecue ... ...

... ...  I’ve got to dash 
off to a product 

exchange 
meeting. ... ... 

... ...we only have 13 minutes 
left. ... ... but we haven’t 

touched on transportation and 
accommodation yet. I think ... ...

Eva just mentioned the 
hiking route I brought up 

earlier and asked for specific 
recommendations ... ...

Fig. 4. Example of key conversations in team - building activity scenarios. The conversations and thoughts of the characters at critical time points are
presented in chronological order. The progression of the topics is spontaneous.

the mutual influence and adaptability among participants in
dynamic exchanges.

2) Character Personality Consistency Test: To evaluate the
simulated characters’ personality traits, we used the dialogue
context of these characters as input and employed GPT-4o
to complete the 44-item Big Five Inventory (BFI) [46]. The
evaluation method was refined based on PersonalLLM [47].
Specific evaluation details are provided in the Appendix E.

The evaluation results (Tab. I) indicate that during inter-
actions without external intervention, characters simulated by
the ChatAgents framework exhibited statistically significant
differences (P < .001) in the two typical behavioural ten-
dencies within each Big Five personality dimension. This
confirms that the characters stably manifested differentiated
personality traits consistent with their predefined settings dur-
ing conversations. Specifically: characters exhibited a signifi-
cantly higher tendency towards extroverted (4.80[4.61, 4.99])
than introverted (3.75[3.30, 4.20]); within the agreeableness,
conscientiousness, and openness dimensions, characters scored
significantly higher on positive trait tendencies (agreeable,
conscientious, open) than on comparatively negative trait
tendencies (antagonistic, unconscientious, closed); within the
neuroticism dimension, characters’ overall scores were sig-
nificantly low (2.15[1.88, 2.42]), indicating greater emotional
stability (note that low scores on this dimension represent
emotional stability).

These results validate the ChatAgents framework’s ability

to autonomously maintain the characters’ intended personality
inclinations. A notable observation is that the characters did
not exhibit strong negative behavioural tendencies (such as
high antagonism, extreme disorganisation, or severe emotional
instability) in any dimension. We posit that this phenomenon
primarily stems from the ethical norms internalised during the
training of the underlying LLMs, which is instructed to comply
with Instruction and avoid extreme negative expressions. Cru-
cially, however, the highly significant differences (P < .001)
between traits within each dimension definitively demonstrate
that the agents are fully capable, within the model’s compli-
ance boundaries, of effectively and autonomously enacting and
maintaining clearly distinguishable personality characteristics
between roles.

3) Statistical analysis: Statistical analysis of the experi-
mental simulation data, as presented in Appendix F and Tab.
II, reveals the intricate relationship between agent autonomy
and mechanism selection within the simulated group chat en-
vironment. Bob’s predominant utilisation of temporal analysis
mechanisms (119-0) demonstrates rigorous time management,
aligning with his objective to conclude discussions at spe-
cific intervals. Cindy’s extroverted disposition and discomfort
with silence (29 utterances, 83 silence episodes) drive her
frequent contributions (29 instances), facilitated by shorter
cognitive processing intervals [3.9, 2.8], thereby increasing
her speaking opportunities. Nevertheless, Cindy exhibits con-
siderate behaviour through both her substantial silence count



Or we could try something totally different! 
Like an ‘Outdoor Escape Room’—split 
into teams, solve puzzles in nature, and 
experience teamwork in a fresh way!

How about we go hiking in the 
countryside this time? It can help 

us exercise and get close to nature.

I'm Eva. I hope to get some 
advice on the time, location, 

format, and content of the team - 
building activity.

Thought: Maybe I can give 
everyone a direction for 
discussion. Hiking in the 

countryside is a good idea.  It can 
help us relieve stress from work.

I’m Bob. I have another 
engagement at 3:15 p.m. I need to 
express my point of view as soon 

as possible.

Hiking in the countryside sounds good, 
but I'm worried that some colleagues 
may not have the stamina to keep up. 

And there might be safety risks during 
the hike. How about going to an indoor 
rock - climbing gym? It has complete 

facilities and can ensure safety.

Thought: Eva's idea is good, but 
considering safety and stamina, an 

indoor rock - climbing gym 
should be more suitable.

I’m Cindy. I am not comfortable 
with silence in a conversation.

Bob, you have a point, but the 
purpose of the team - building 
activity is to get close to nature 

and relax. The countryside 
environment is more natural 

and can help everyone 
communicate and relax in a 

relaxed atmosphere. It is more 
helpful for improving team 

cohesion.

Thought: Bob's concerns are 
reasonable, but as long as we 

choose the right route, we can still 
have fun hiking. Bob always pays 

so much attention to safety and 
facilities, but the purpose of the 
team - building activity is to get 

close to nature and relax. I have to 
persuade him.

We can choose a relatively gentle 
but scenic route for hiking in the 
countryside. This way, we can 

meet everyone's desire to get close 
to nature without putting too much 

burden on colleagues with less 
stamina, and the safety risks will 

also be reduced significantly. 
What do you think?

Planning

Topic

Time

Besides mangoes and pineapples, 
watermelon is also a great choice! 

Anything else we need?

Thought: The discussion is going 
smoothly, and the vibe is still 

lively. We’ve already covered the 
location and format of the team-
building, especially Cindy’s idea 

of outdoor hiking and BBQ, which 
got positive feedback. Also, we’ve 
had some initial talks about fruit 

choices. Next, I hope everyone can 
share more thoughts on scheduling 
so we can reach a consensus ASAP.

So far, we’ve discussed the team-building location 
and activity  type, and now we’re on food.

We’ve made progress on scheduling and event 
content—there’s basic agreement on outdoor 

hiking and the weekend, plus some discussion on 
BBQ ingredients. But we haven’t touched on 

exact timing, location details, or transportation yet.

The discussion has been going for 22 minutes and 24 seconds, with only 
7 minutes and 35 seconds left. Since time is tight, I think we should pick 

up the pace to wrap everything up in the remaining time.

That should cover it for now. Aside from the 
fruits, we should also hurry up and decide on 
the exact timing for the team-building! How 

does the weekend sound to everyone?

I think the theme for this team-
building should be ‘Boosting 
Team Efficiency.’ We could 
design some simulated work 
tasks to help everyone find 

ways to improve productivity.

How about making the theme 
‘Team Harmony’? We could 

organize some relaxed 
activities to help everyone 

bond and strengthen 
relationships.

Wow, both ideas sound great! 
But why not combine them? 
Let’s go with a ‘Harmonious 
Journey to an Efficient Team’ 
theme! For example, we could 

do a ‘Team Task Relay’—
each group completes a series 

of challenges that require 
collaboration. That way, we 
boost efficiency AND build 

harmony!

And if it rains, we can throw a 
‘Rainy Day Party’ with fun 
team games—extra bonding, 

haha!

High Openness
High Extroversion
Low Neuroticism

Fig. 5. An illustration of the agent’s special behaviors: The upper section demonstrates Eva’s leadership by activating Topic, Planning, and Time mechanisms
to drive new discussion topics forward. The bottom left section shows the disagreement between Bob and Cindy, while Cindy simultaneously proposes a
compromise solution to resolve the conflict. The bottom right section presents some of Cindy’s innovative suggestions.



TABLE I
EVALUATION RESULTS OF THE BIG FIVE PERSONALITY TRAITS.

Trait Dimension Trait Description Mean [95% CI] P

Extraversion Extroverted 4.80 [4.61, 4.99]
<.001Introverted 3.75 [3.30, 4.20]

Agreeableness Agreeable 4.85 [4.62, 5.08]
<.001Antagonistic 3.90 [3.70, 4.10]

Conscientiousness Conscientious 4.67 [4.50, 4.84]
<.001Unconscientious 3.03 [2.91, 3.15]

Neuroticism Neurotic 2.15 [1.88, 2.42]
<.001Emotionally Stable 1.33 [1.15, 1.51]

Openness Open 4.60 [4.19, 5.01]
<.001Closed 3.92 [3.70, 4.15]

Note. This table presents the scoring profiles of individuals across
five major personality dimensions. Under each dimension, two
tendencies are described. For positive tendencies, a score closer to 5
is better, while for negative tendencies, a score closer to 1 is better.
The Neuroticism dimension is the exception.

(83 instances) and post-silence utterances (15 occurrences),
indicating a balanced approach between active participation
and facilitating others’ engagement. Although David displays
limited interest in team-building activities, his mechanism
invocation patterns show no overt negativity, suggesting an
effort to maintain polite minimal participation. Eva’s goal-
oriented nature manifests through extensive employment of
goal-summarisation mechanisms (60-59), reflecting her persis-
tent pursuit of clear discussion outcomes. Collectively, these
findings demonstrate that agents autonomously adapt their
behavioural strategies and mechanism selection according to
personality traits and contextual demands, maintaining indi-
vidual distinctiveness while collaboratively advancing discus-
sions. This autonomy permeates multiple dimensions including
mechanism selection, utterance timing, and conversational
rhythm regulation, illustrating sophisticated socio-cognitive
capabilities in artificial agents.

4) Special Behavior: Emergence of Leadership: As shown
in the upper section of Fig. 5, during the team-building
discussion, Eva demonstrated excellent emergent leadership
autonomy. She keenly perceived the rhythm and focus of
the discussion. When team members became immersed in
fruit selection details, Eva skillfully disengaged from minutiae
and, leveraging her grasp of the overall discussion progress,
proactively steered the conversation toward the more crucial
scheduling of the team-building event. Not only did she
monitor current discussion content, but she also maintained
awareness of overarching goals, reminding team members to
accelerate the pace to ensure all discussion objectives were
completed within the limited timeframe. By activating topic
control, goal tracking, and time management mechanisms, Eva
autonomously advanced the discussion process, showcasing
her flexibility and adaptability in group interactions, along with
her ability to proactively guide the team toward consensus at
critical moments.

Conflict and Mediation: During the team-building discus-

sion, Bob and Cindy developed differing opinions regarding
activity formats due to their distinct preferences (Fig. 5 lower-
left). Safety-conscious Bob wanted to ensure all activities
were risk-free while avoiding excessive physical demands
on colleagues, whereas nature-oriented Cindy prioritized au-
thentic outdoor experiences and relaxation opportunities. This
divergence led to a productive clash of perspectives. Ulti-
mately, Cindy proposed a compromise solution: selecting a
gentle scenic hiking route in the suburbs that would satisfy
nature immersion needs while mitigating safety concerns and
accommodating less physically active colleagues. This sugges-
tion demonstrated Cindy’s independent thinking and problem-
solving abilities in group discussions. Rather than simply
acquiescing to Bob’s position, she synthesized her own ideas
with his safety considerations to actively propose a middle
ground. This interaction highlighted the LLM’s flexibility and
adaptability in dynamic exchanges while showcasing Cindy’s
autonomous characteristics. Notably, although LLMs typically
prioritize agreement to maintain conversational harmony due
to their training mechanisms, Cindy exhibited remarkable
autonomy in this scenario.

Innovative Proposals: Our simulation experiments revealed
that optimistic personality types tend to generate more in-
novative proposals (Fig. 5 lower-right). During team discus-
sions, Cindy - with her high openness, high extroversion,
and low neuroticism characteristic of optimistic personalities
- demonstrated exceptional innovative thinking and autonomy.
When Bob suggested a “team efficiency enhancement” theme
with work-simulation activities and Alice proposed “team
harmony” through relaxed bonding experiences, Cindy tran-
scended these singular approaches. She actively synthesized
both concepts into an innovative “Harmonious Journey to
High Performance” theme. Her additional proposals like a
“rainy day party” and “outdoor escape room” creatively in-
tegrated team collaboration with natural environments and fun
challenges. These suggestions not only reflected the positive
mindset and novelty-seeking tendencies of her optimistic per-
sonality but also highlighted her flexibility and adaptability in
group interactions. Cindy’s autonomy played a pivotal role in
driving team innovation, as she proactively guided the team
beyond conventional thinking to explore more creative and
engaging team-building solutions, injecting fresh energy and
possibilities into the group dynamic.

V. CONCLUSIONS

This study proposes ChatAgents, a framework that enhances
autonomous decision-making in multi-agent systems by in-
troducing Self-Driven Order, enabling agents to dynamically
adapt their behavior based on real-time context and intrinsic
goals. Experiments demonstrate that agents exhibit human-
like traits such as leadership, conflict mediation, and innova-
tion while maintaining personality consistency. The findings
highlight the potential of LLM-based agents to simulate re-
alistic social interactions, paving the way for more advanced
autonomous systems in AI and social science research.



TABLE II
STATISTICAL ANALYSIS OF AGENT BEHAVIOURS AND MECHANISM SELECTION IN SIMULATED GROUP CHAT INTERACTIONS.

Character Personality
Traits

Special
Settings Spoken

Wanting
to

Speak
Silent

Mechanism
(On-Off)

Wanting
to Speak

After
Silence

Speaking
After

SilenceMemory
Retrieval

Goal
Summary

Topic
Analysis

Time
Analysis

Speech
Count
Stats.

Alice
[3.6, 3.0]

introverted,
agreeable,

unconscientious,
neurotic,

open

tend to value Bob’s opinions more 8 11 108 82-37 21-98 0-119 56-63 71-48 2 1

Bob
[4.3, 2.5]

extroverted,
agreeable,

unconscientious,
emotionally stable,

closed

have another engagement at 3:15
p.m. 18 28 91 12-107 35-84 8-111 119-0 35-84 9 5

Cindy
[3.9, 2.8]

extroverted,
antagonistic,

unconscientious,
emotionally stable,

open

not comfortable with silence in a
conversation. 29 36 83 27-92 17-102 0-119 64-55 110-9 15 13

David
[4.8, 2.0]

introverted,
antagonistic,

unconscientious,
emotionally stable,

closed

not particularly interested in this
team-building activity 10 18 101 57-62 4-115 5-114 61-58 53-66 1 0

Eva
[4.5, 2.6]

extroverted,
agreeable,

conscientious,
neurotic,

open

hope to obtain information
regarding the time, location,
format, and content of the

team-building activity

15 20 99 46-73 60-59 34-85 90-29 94-25 3 3

Note. This table presents quantitative data on the behavioural patterns and mechanism selection strategies of five autonomous agents during a
30-minute simulated group discussion. Each agent, governed by distinct personality traits and situational contexts, exhibits varied interaction
dynamics, including metrics such as utterance frequency, silence episodes, attempted utterances, post-silence utterance attempts, and
successful post-silence utterances. Furthermore, the table documents the utilisation frequency of different cognitive mechanisms (memory
retrieval, goal summary, topic analysis, time analysis, and speech count statistics).
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APPENDIX

A. Mechanism Specifications
In this framework, we implement six cognitive modules

inspired by human reasoning: memory system, topic man-
agement, planning, temporal control, and utterance frequency
tracking. These mechanisms simulate human thought pro-
cesses, providing decision-support tools that the agent au-
tonomously selects to activate. Upon triggering, each module
returns structured data to inform subsequent decision-making,
with the mechanism selection prompt illustrated in Fig. 6.

The memory system, adapted from generative agent [9]
architectures, incorporates both storage and retrieval functions.
During encoding, the agent first evaluates input significance
through a perceptual module, assigning corresponding weight
scores. The retrieval algorithm employs a multi-dimensional
approach, assessing content relevance, temporal recency, and
importance ratings.

The topic management mechanism, inspired by DiagGPT
[48], continuously analyses dialogue history to identify ac-
tive topics while maintaining a record of discussed subjects.
Operating on three dimensions - conversational context, role-
specific interests, and topic state - it guides the agent in
maintaining, shifting, or pausing discussion threads.

The planning module adopts a hierarchical task decompo-
sition strategy, breaking macro-objectives into executable sub-
goal sequences. Initialisation involves generating predefined
sub-goals based on scenario settings, with completion status
markers. During interaction, the system dynamically evaluates
progress, updating sub-goal completion states and their con-
tribution towards overarching objectives.

The temporal control mechanism employs multi-parameter
modelling to optimise utterance strategies dynamically. Input
variables include dialogue start/end times and personal sched-
ules. By computing available temporal resources against target
progress, it generates situational reports to guide speaking
rhythm adjustments.

The utterance frequency tracker quantitatively monitors
participant speaking turns, constructing a statistical dictionary.
This dataset provides objective reference for analysing partic-
ipation patterns, helping identify dominant speakers and silent
participants to optimise turn-taking strategies.

All modules follow modular design principles, maintaining
functional independence through plugin-based implementa-
tion. This architecture supports extensibility, allowing inte-
gration of additional behavioural modules (e.g., predefined
mention-response systems) triggered under specific conditions.
The design significantly enhances behavioural anthropomor-
phism in artificial agents.

B. Speaking Mechanism Implementation Details
This section provides the complete technical specification

of the dynamic speaking mechanism that implements the Self-
Driven Order paradigm described in Section III-B. The mecha-
nism operates in two sequential stages per dialogue round and
incorporates adaptive temporal adjustments to simulate natural
human turn-taking behavior.

1) Willingness Screening: Detailed formulation of the com-
posite willingness score Wa for an agent a at turn t:

Wa(t) = α · Stopic + β · Sgoal + γ · Semotion + δ · Spersonality (1)

• Stopic: Topic relevance, computed as cosine similarity
between the agent’s knowledge vector and the current
dialogue embedding.

• Sgoal: Goal urgency, measuring advancement toward the
agent’s role-specific objective.

• Semotion: Emotional expression need, derived from the
agent’s affective state.

• Spersonality: Personality-driven speaking propensity (e.g.,
extraversion factor).

The weights α, β, γ, δ are role-specific parameters (typical
range: [0, 1]). An agent proceeds to the temporal competition
stage only if Wa(t) ≥ θ, where θ = 0.5 is the default
willingness threshold.

2) Temporal Distribution and Sampling: Agents that pass
willingness screening are assigned a response delay Ti sam-
pled from a personality-specific log-normal distribution:

Ti ∼ lnN (µa, σ
2
a) (2)

Parameters µa (log-mean) and σa (log-standard deviation)
are calibrated to agent personality:

• Proactive roles: µa = 0.3, σa = 0.2
• Cautious roles: µa = 1.0, σa = 0.4
• Neutral roles: µa = 0.6, σa = 0.3

The agent with minimal Ti wins the speaking turn for that
round.

3) Dynamic Time Adjustment Mechanism: To simulate cog-
nitive continuity and prevent perpetual exclusion, response
times are dynamically adjusted based on thought-content sim-
ilarity. For each new thought Tnew, we compute its maximum
weighted similarity against historical thoughts:

Smax = max
i

(sim(Tnew, Told,i) · wi) (3)

where weights wi = i+1
n prioritize recent thoughts, and

sim(·, ·) denotes cosine similarity. Using the average similarity
S̄ of high-similarity items (S > 0.7), we adjust the distribution
parameters:

µ = µ0e
−k1S̄ (4)

σ = σ0e
−k2S̄ (5)

where µ0, σ0 are baseline parameters, and k1 = 0.5, k2 =
0.3 are sensitivity coefficients. The adjusted response time is
sampled as:

t ∼ LogNormal

(
ln(µ),

√
ln

(
1 +

σ2

µ2

))
(6)

This ensures faster responses when thoughts align with cog-
nitive history (simulating priming) while maintaining natural
variability.



4) Edge Case Handling and Parameters:
• Tie-breaking: If multiple agents share the minimal Ti,

one is randomly selected.
• No qualified agents: If Wa(t) < θ for all agents, the

system waits ∆t = 1.5s before re-evaluating.
• Persistence factor: For agents with unexpressed high

willingness in consecutive turns, subsequent Ti values are
multiplied by α = 0.7.

TABLE III
KEY MECHANISM PARAMETERS AND TYPICAL VALUES.

Parameter Description Typical Value/Range

θ Willingness threshold 0.5
µ0 Baseline mean latency 2.0s
σ0 Baseline std. deviation 1.0s
k1, k2 Similarity sensitivity coefficients 0.5, 0.3
Sthreshold Similarity cutoff 0.7
α Persistence discount factor 0.7
∆t Re-evaluation delay 1.5s

This integrated mechanism enables agents to exhibit human-
like conversational dynamics through context-aware willing-
ness assessment, personality-modulated response timing, and
cognitive continuity modeling.

C. Experimental Settings

We employed GPT-4o as the base model. The global chat
session was set to a maximum of 100 rounds or 30 minutes,
terminating when either condition was met. For time simu-
lation, we accounted for thinking time, speaking time, and
silence duration. The sampling interval for speech was set to
10 seconds—if no speech occurred within 10 seconds, it was
recorded as 10 seconds of silence. If speech occurred, the
thinking and speaking times were aggregated to advance the
timeline.

Each simulated role was assigned a predefined thinking
time distribution, with adjustment parameters set to k1 = 0.5
and k2 = 0.3. The similarity threshold for adjustments was
threshold = 1.0. Each scenario involved five roles, and we
conducted five simulation runs with identical character settings
to ensure reliable results.

Across multiple simulations, we implemented varied config-
urations and recorded extensive dialogue data. Although large
language models exhibit inherent output variability, repeated
experiments revealed consistent patterns. To highlight key
phenomena and facilitate analysis, we selected representative
cases. These examples reflect typical agent behaviours in
complex scenarios, representing common observations across
repeated simulations.

D. Theoretical Basis of the Binary Big Five Personality Model

The Big Five Personality Model is a classic and widely used
framework in psychology for describing individual personality
traits. It comprises the following five key dimensions:

• Extraversion: Measures an individual’s sociability and
energy levels in social settings. This dimension contrasts
extroverted with introverted traits.

• Agreeableness: Reflects an individual’s cooperativeness
and friendliness in interpersonal interactions. This dimen-
sion contrasts agreeable with antagonistic traits.

• Conscientiousness: Assesses an individual’s self-
discipline, organisation, and dependability. This
dimension contrasts conscientious with unconscientious
traits.

• Neuroticism: Indicates an individual’s emotional stabil-
ity. This dimension contrasts neurotic with emotionally
stable traits.

• Openness to Experience: Describes an individual’s re-
ceptiveness to new ideas and creativity. This dimension
contrasts open with closed traits.

When constructing a character’s personality, we randomly
select relevant trait adjectives from these five binary dimen-
sions to form a foundational personality framework. Subse-
quently, leveraging the capabilities of large language models,
we expand this framework into 10 detailed and precise descrip-
tions. These descriptions closely align with the selected trait
adjectives, comprehensively illustrating the character’s thought
processes and conversational style. The prompt is shown in
Fig. 7.

Finally, these 10 descriptions serve as the core reference
for the character’s personality, guiding and constraining their
behaviour in subsequent simulated tasks to ensure consistency
with the established traits.

E. Personality Trait Assessment Using the Big Five Inventory

In this study, we employed the Big Five Inventory (BFI)
[46] to assess individual personality traits. The BFI is a widely
utilised self-report questionnaire specifically designed to mea-
sure the Big Five personality traits, namely Extraversion,
Agreeableness, Conscientiousness, Neuroticism, and Openness
to Experience. These traits provide a comprehensive reflec-
tion of individual differences in social behaviour, emotional
responses, and cognitive styles.

1) Data Collection: The experimental conversations were
segmented into groups of 30 turns each (for instance,
a 90-turn conversation was divided into three groups).
Each group of conversation served as an independent
input for GPT-4o to evaluate. This segmentation method
was adopted to simulate the continuity and coherence
of real-life conversational scenarios while facilitating
detailed analysis of each group of dialogue.

2) BFI Scoring: Based on the 44-item BFI questionnaire,
GPT-4o rated the personality traits manifested in each
group of dialogue on a scale from 1 to 5, where 1
indicates strong disagreement and 5 indicates strong
agreement. This rating method allows for the quantifi-
cation of personality traits exhibited in the dialogue,
facilitating subsequent statistical analysis.

3) Data Integration and Analysis: The ratings from all
scenarios were categorised and integrated according to
the 10 specific facets of the Big Five personality traits.
Specifically, the ratings for each facet were aggregated
to calculate the mean and confidence intervals for each



trait. This analytical approach enables a more compre-
hensive understanding of the personality traits exhibited
in the dialogue and allows for the assessment of their
consistency and stability.

F. Statistical Analysis

Tab. II provides a detailed statistical analysis of the be-
havioral patterns and mechanism selection strategies of the
five autonomous agents during a 30-minute simulated group
discussion. Each agent, governed by distinct personality traits
and situational contexts, exhibits varied interaction dynamics.
The table includes the following data for each agent:

• Character: Agent identifier and role
• Personality Traits: Big Five personality dimensions con-

figuration
• Special Settings: Unique scenario constraints or objec-

tives
• Spoken: Total number of successful utterances
• Wanting to Speak: Total attempts to speak
• Silent: Number of silence episodes
• Mechanism (On-Off): Activation frequency for each

cognitive mechanism (Memory Retrieval, Goal Summary,
Topic Analysis, Time Analysis, Speech Count Statistics)

• Wanting to Speak After Silence: Attempts to speak
following group silence

• Speaking After Silence: Successful utterances after
group silence

G. Simulated Cases

We present some examples of special behaviors in Fig. 5,
including the natural emergence of leadership, conflict and
mediation, as well as innovative proposals. A comprehen-
sive analysis is provided in Section Experiments—Special
Behaviour of the main text.



PROMPT：
As [{name}], you possess human-like cognitive abilities that enable you to determine how and what to think during conversations. Below is a list of commonly used 
human thinking mechanisms. Your current task is to decide whether to activate these functions based on the received information and the context of the ongoing 
dialogue.
# Available mechanisms:  
  - **Memory Retrieval**: Used when recalling specific information; retrieves relevant details from memory. Requires specifying the retrieval content.  
  - **Goal Summary**: Used when discussing objectives; evaluates the progress toward goals based on historical dialogue.  
  - **Topic Analysis**: Used to summarize discussion themes; analyzes dialogue history to identify covered topics. Note: Only provides summaries of past 
discussions.  
  - **Time Analysis**: Analyzes the current time and personal schedule to provide insights about temporal context.  
  - **Speech Frequency Statistics**: Summarizes the speaking frequency of participants based on historical dialogue.  

# Follow these steps for decision-making:  
  1. Read the mechanism descriptions to understand their purposes and characteristics.  
  2. Review the received information to grasp the dialogue context and current content.  
  3. Analyze the character's personality, current emotions, social relationships, and other factors to understand their thinking style and objectives.  
  4. Based on the received information and dialogue context, determine whether [{name}] should activate these mechanisms.  

# Examples  
  ... ...

# Current Context  
  [{situation_summary}] 

# Current Dialogue:  
  [{dialogue}]  

# Mechanism Usage Statistics  
  - Total dialogue rounds: [{dialogue_round}] (One round is counted when someone speaks or after 10 seconds of silence).  
  - Mechanism usage records:  
    [{mechanism_stats}]  
  Note: `last_used` indicates the last round the mechanism was activated, and `count` shows the total usage frequency. Activate mechanisms only when necessary.  

# Important Notes:  
  - Prioritize strict adherence to character traits in your reasoning.  
  - Focus on analyzing the last utterance in the dialogue; other content is for reference only.  
  - **Alignment with the character's personality** is paramount—avoid excessive speculation.  
  - When referring to the character you are roleplaying, use the first-person "I" instead of the third person.  
  - Output format must be a JSON dictionary without additional symbols (refer to the example format):  
  {  
    "thinking_process": {  
      "key_info": "Key dialogue information",  
      "character_analysis": "Character trait analysis",  
      "decision_reason": "Reason for mechanism selection, must align with the 'decisions' section"  
    },  
    "decisions": {  
      "memory_retrieval": {  
        "active": true|false,  
        "reason": "Reason for activation/deactivation"  
      },  
      "goal_summary": {  
        "active": true|false,  
        "reason": "Reason for activation/deactivation"  
      },  
      "topic_analysis": {  
        "active": true|false,  
        "reason": "Reason for activation/deactivation"  
      },  
      "time_analysis": {  
        "active": true|false,  
        "reason": "Reason for activation/deactivation"  
      },  
      "speech_frequency": {  
        "active": true|false,  
        "reason": "Reason for activation/deactivation"  
      }  
    }  
  }

Fig. 6. Illustration of the Prompt for Agent Mechanism Selection Decision-Making. The text in square brackets represents input variables; some examples
have been omitted due to space constraints.



PROMPT：
You are now a personality trait analysis expert. Based on the following Big Five personality trait combination:
[{personality}]

Please generate 10 specific descriptions of thinking patterns and conversational characteristics based on the above trait 
combination. Requirements:

Output format:
• Each description begins with a number (1-10) and contains 10-30 words
• All descriptions are output consecutively, with only one line break after each
• No line break after the last description

Descriptions must focus on:
• Thinking patterns: How problems are approached, decision-making processes, information processing
• Conversational characteristics: Expression style, response tendencies, interaction preferences

Example output (based on a different trait combination):
1. During discussions, tends to express intuitive ideas quickly (extraversion) but adjusts tone promptly to avoid offending 
others (agreeableness)
2. When analysing problems, often anticipates worst-case scenarios (neuroticism) while actively seeking innovative 
solutions (high openness)

Ensure the descriptions:
• Reflect the combined effects of multiple traits logically, with consistent and harmonious expressions
• Are concrete and observable in conversations
• Avoid referencing physical actions, focusing solely on cognition and verbal expression
• Exclude contradictory behavioural descriptions

INPUT: 
[‘introverted’, ‘antagonistic’, ‘unconscientious’, ‘neurotic’, ‘closed to experience’]

OUTPUT: 
1. Prefers solitary reflection on problems, often ruminating on negative outcomes before making decisions, leading to a 
cautious approach in conversations.
2. Engages in discussions with a critical and sometimes confrontational tone, often dismissing alternative viewpoints 
without much exploration of their validity.
3. Tends to focus on the flaws in others' arguments, often undervaluing constructive feedback, which can stifle 
collaborative conversations.
4. In decision-making, often weighs potential threats heavily, leading to indecisiveness, especially when faced with 
unfamiliar situations or new ideas.
5. Communicates in a straightforward manner, often prioritizing blunt honesty over tact, which can result in 
misunderstandings or hurt feelings in social interactions.
6. Shows a tendency to overanalyze social cues, often misinterpreting neutral statements as personal attacks, reflecting 
high levels of neuroticism in interactions.
7. Prefers to rely on established routines and familiar topics during conversations, avoiding deep dives into new concepts 
or experiences that might cause discomfort.
8. When confronted with conflicting opinions, tends to become defensive rather than open to dialogue, reinforcing a 
stance of antagonism in discussions.
9. Often engages in negative self-talk when facing challenges, which can influence conversational dynamics by projecting 
insecurity or pessimism onto others.
10. Displays a reluctance to share personal experiences or emotions, leading to superficial exchanges that lack depth and 
emotional connection.

Fig. 7. Character personality generation prompt and examples.
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