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Abstract—Large Language Models (LLMs) exhibit advanced
language capabilities, yet current agents lack genuine behavioral
autonomy, operating on predefined logic rather than dynamically
deciding when and how to participate in conversations. This
paper proposes ChatAgents, a framework that endows agents
with intrinsic motivation for autonomous decision-making in
multi-agent group discussions. The framework introduces two
key mechanisms: a context-driven module activator enabling
dynamic memory retrieval and goal analysis based on real-time
dialogue, and a preemptive speaking mechanism where agents au-
tonomously compete for turn-taking based on internal willingness
and simulated reaction times. In simulated team-building scenar-
ios, agents exhibited emergent social behaviors—including spon-
taneous leadership, conflict mediation, and innovative proposal
generation—without external intervention, 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

The development of Large Language Models
(LLMs)—exemplified by GPT [1], [2] and LLaMA [3]–
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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.

[5]—has greatly propelled progress in natural language
understanding and generation [6]. This advancement
has revived interest in AI agents—systems designed to
autonomously perceive, decide, and act [7]. However,
research on LLM-based agents has largely followed two
paradigms: simulation-oriented (e.g., role-playing [8]) and
task-oriented. Both approaches depend on predefined triggers
or static instructions, thereby lacking dynamic autonomy



and limiting their applicability to open-ended interactions
and the simulation of complex social behaviour [9], [10].
Although autonomy—as a core feature enabling independent
decision-making—has been widely studied in multi-agent
systems [11], its role in managing turn-order decisions within
group chat environments remains under-explored. Existing
systems typically rely on externally imposed, rule-driven
mechanisms [12], which lack contextual adaptability and
suppress proactive decision-making. As a result, they fail
to reproduce human-like conversational dynamics, in which
participants actively compete for speaking turns based on
real-time intentions and goals.

To overcome the limitations of traditional rule-based, cen-
tralized, and random interaction models (Figure I), we in-
troduce the Self-Driven Order model. This paradigm en-
hances agent autonomy by replacing rigid turn-taking with
dynamic, context-aware decision-making. In this framework,
agents independently assess the relevance and timing of their
contributions based on real-time contextual factors, such as
participant states and specific goals. This design provides a
more authentic representation of the spontaneous dynamics
inherent in human conversation.

Drawing inspiration from the human mind’s capacity for
dynamic cognitive coordination, this paper presents ChatA-
gents, a multi-agent cognitive architecture driven by dynamic
prompting. Designed to facilitate human-like, context-aware
autonomy, the framework integrates two primary mechanisms:
context-driven module activation and preemptive speech
decision-making. The former enables agents to autonomously
invoke specific cognitive functions—such as memory retrieval
and goal inference—based on real-time conversational cues
and internal objectives. The latter empowers agents to inde-
pendently initiate turn-taking by evaluating utterance urgency
and informational utility, ensuring natural and coherent multi-
turn interactions.

We evaluated ChatAgents’s capacity for human-like au-
tonomy through simulated corporate team-building discus-
sions scenarios. Operating without external guidance, the
agents generated role-consistent dialogue based solely on
initial configurations. Our analysis focused on emergent so-
cial behaviors—including spontaneous leadership and conflict
resolution—sustained alongside stable personality traits. The
findings confirm that ChatAgents-driven agents successfully
simulate sophisticated group dynamics, characterized by nat-
ural turn-taking, contextual relevance, and strategic decision-
making.

The principal contributions of this paper are summarized as
follows:

• Self-Driven Order: We propose a novel multi-agent
interaction paradigm that enables agents to autonomously
decide when to speak based on contextual and objective-
driven reasoning.

• The ChatAgents Architecture: This framework inte-
grates a context-driven module activator with a pre-
emptive speaking mechanism to support human-like au-
tonomous conversational decisions.
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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.

• A Comprehensive Validation Platform: We demonstrate
the efficacy of our framework through extensive scenario
simulations and a multi-dimensional evaluation protocol,
thereby advancing research toward more human-like au-
tonomous systems.

II. RELATIVE WORK

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 [13] and high-quality
creative output via role specialization [14]. This signifies entry
into a “social cognition” phase, where the key challenge is bal-
ancing individual autonomy with group synergy [15], requiring
both algorithmic innovation and practical methodologies for
efficient coordination [16]. The framework proposed in this
study extends agent autonomy boundaries. Beyond the stan-
dard “Memory-Reflect-Plan-Act” paradigm, it fully automates
cognitive processes (memory retrieval, goal induction, topic
analysis) and interactive 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.

Designing effective interaction mechanisms for multi-agent
collaboration remains a key challenge. Current approaches
primarily follow four paradigms—Rule-Based Order, Cen-
tralised Order, Random Order, and Designated Order—each
with notable limitations. Rule-Based and Designated Orders
enforce predetermined or speaker-chosen sequences, which
can restrict adaptability and marginalise less active agents
[17]. Centralised Order introduces coordination overhead and
suppresses local autonomy [18], while Random Order encour-
ages diversity but often leads to incoherent dialogue [19].
Common across these methods is their limited responsiveness
to conversational dynamics such as urgency, importance, or
social norms, which constrains their utility in open-domain
and socially realistic multi-agent interactions.



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],
    ... ...

Information Card

I have a 
goal

I have a 
schedule

Scenario: Bob, Eva, David, Alice and Cindy 
are in the meeting room discussing the 
arrangements for the team-building activities.

Distribution of 
Thinking Time

Team-Building 
Activity Discussion

Academic Paper 
Discussion

Themed Debate

Scenario
Selection

... ... 

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.

III. METHODOLOGY

To address the core challenges in multi-agent conversation
systems—simulating human-like cognitive processes and es-
tablishing natural conversational dynamics—our framework
integrates the structured cognitive architecture with the com-
petitive speaking mechanism, enabling organic and coherent
group conversations.

A. Cognitive Architecture

The simulation of multi-agent group conversations em-
ploys a structured cognitive process for message handling.
Inspired by Generative Agents [20], each agent first applies
perceptual filtering to prioritize information congruent with
its designated role, traits, and emotional state, thereby sim-
ulating human attentional focus. It then analyzes informa-
tional gaps by diagnosing the conversational context and
dynamically activating relevant cognitive mechanisms—such
as memory retrieval or goal-driven reasoning—to acquire
necessary knowledge. Subsequently, the agent performs a
contextual assessment to synthesize and interpret the accu-
mulated information, forming a coherent understanding of
the discourse. This sequence—information collection prior
to interpretation—mirrors typical human reasoning. Finally,
based on this comprehension, the agent makes a speech deci-
sion, determining whether to contribute to the dialogue while
weighing its role, objectives, and the evolving conversational
dynamics.

B. Speaking Mechanism

To simulate natural turn-taking without centralized co-
ordination, we propose a dynamic competition mechanism
integrating willingness screening and temporal modeling for
implementation details). In each conversational round, agents
first undergo willingness screening, evaluating theirself desire
to speak based on contextual factors—such as topic relevance
and emotional tone—and individual factors, including role ob-
jectives and personality traits. Only agents whose willingness
exceeds a predefined threshold proceed, thereby simulating
selective engagement in human discussions.

Agents that pass screening then enter a temporal competi-
tion phase. Each qualified agent is assigned a response delay
sampled from a personality-specific probability distribution,
for instance, proactive roles are typically assigned shorter
expected delays. The agent with the shortest delay wins the
speaking turn, emulating real-time competition in lively hu-
man conversations. To prevent permanent exclusion of slower
agents and to model cognitive persistence, response times are
dynamically adjusted based on conversational continuity.

The mechanism robustly accommodates edge cases: if mul-
tiple agents share the shortest delay, one is randomly selected
to maintain flow; if no agent passes willingness screening, the
system enters a brief waiting period before re-evaluation. By
integrating context-aware willingness assessment with mod-
erated temporal competition, our approach enables agents to
exhibit human-like, coherent conversational dynamics beyond
rigid turn-taking schemes.

Further framework details are available at ChatAgents,
containing parameter values and detailed formulations for will-
ingness screening, delay sampling, and dynamic adjustment.

IV. EXPERIMENTS

A. Objectives and Setup

This study aims to validate whether the proposed frame-
work enables multi-agent systems to autonomously generate
logically coherent, character-consistent, and narratively closed
group conversations based solely on predefined personality
settings, scenario descriptions, and an internal memory mecha-
nism, without human intervention. To validate the framework,
a team-building scenario was simulated in which five agents
collaboratively planned an event within a 30-minute meeting.
Each agent was assigned a distinct personality based on a
binary Big Five model, which was expanded into ten be-
havioural descriptions via a large language model to guide con-
versational choices. The scenario tests the framework’s ability
to model time-constrained group dynamics while maintaining
behavioural consistency.

https://huangtao36.github.io/files/ChatAgents_ICAIAgents.pdf


... ... 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 participants exhibited diverse interaction styles: Alice was humorous and witty, Bob became increasingly urgent due to
time constraints, Cindy proactively engaged without an assigned agenda, David was introverted and cautious, and Eva assumed a facilitative role to secure
concrete outcomes for the team-building plan.

B. Results

Overall Dialogue Analysis: In the simulated team-building
discussion scenario (Figure 4), each participant exhibited
distinct and autonomous interaction patterns that emerged
naturally from their predefined personality traits and objec-
tives. These behaviours—ranging from humor and facilitation
to urgency and proactive engagement—collectively created a
dynamic, multi-turn conversation. The simulation illustrates
how agent autonomy fosters diverse roles and yields authentic
group dynamics absent external scripting.

Character Personality Consistency Test: The personality
traits of simulated characters were evaluated using GPT-4o
to complete the Big Five Inventory (BFI) based on their
dialogue context, as in Table I. The results confirm that charac-
ters generated by the ChatAgents framework stably exhibited
statistically significant differences (P < .001) in all five
personality dimensions, aligning with their predefined settings.
This demonstrates the framework’s capability to autonomously
maintain distinct and consistent personality profiles during
multi-agent conversations.

Statistical analysis: Table II quantifies the behavioral pat-
terns and mechanism selection strategies of five autonomous
agents during a 30-minute simulation. The results demon-
strate that each agent autonomously employs specific socio-
cognitive mechanisms aligned with its predefined personality
and objectives. Governed by distinct personality traits and situ-

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.

ational contexts, agents manifested varied interaction dynam-
ics—ranging from utterance frequency and silence episodes
to the strategic activation of memory retrieval and topic
analysis. These diverse behaviors collectively orchestrated the
group discussion flow, validating the capacity of ChatAgents
to facilitate nuanced, personality-driven social interactions in
collaborative environments.



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

Special Behavior: In the team-building discussion, agents
exhibited key emergent social behaviors that demonstrate
advanced autonomy. Eva acted as an emergent leader by
steering the conversation from details to core goals. A conflict
between Bob (safety-focused) and Cindy (nature-focused) was
constructively mediated when Cindy proposed a compromise
solution. Additionally, Cindy generated innovative proposals
by synthesizing others’ ideas, showcasing creative autonomy.
These behaviors illustrate how agents can dynamically manage
discussions, resolve disagreements, and foster innovation.

For additional experimental details and a comprehensive
description of the methodology, please refer to ChatAgents.

V. CONCLUSIONS AND LIMITATIONS

We presented ChatAgents, a framework leveraging Self-
Driven Order to facilitate context-aware autonomy in multi-
agent systems. Experimental results validate that agents can
effectively replicate complex human social dynamics, such as
spontaneous leadership and conflict resolution, without com-
promising character consistency. While LLM-inherent ran-
domness and limited interaction mechanisms remain con-
straints, this work provides a foundation for more sophisti-
cated social modeling. Future efforts should aim to diversify
adaptive strategies and mitigate hallucinations to improve
framework reliability in large-scale scenarios.
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