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Embodied LLM Agents Learn to Cooperate in
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Abstract—Large language models (LLMs) have emerged as
integral tools for reasoning, planning, and decision-making,
drawing upon their extensive world knowledge and proficiency
in language-related tasks. LLMs thus hold tremendous potential
for natural language interaction within multiagent systems to
foster cooperation. However, LLM agents tend to over-report and
comply with any instruction, which may result in information
redundancy and confusion in multiagent cooperation. Inspired
by human organizations, this article introduces a framework that
imposes prompt-based organization structures on LLM agents
to mitigate these problems. Through a series of experiments
with embodied LLM agents and human–agent collaboration, our
results highlight the impact of designated leadership on team
efficiency, shedding light on the leadership qualities displayed
by LLM agents and their spontaneous cooperative behaviors.
Further, we harness the potential of LLMs to propose enhanced
organizational prompts, via a criticize-reflect process, resulting in
novel organization structures that reduce communication costs
and enhance team efficiency.

Index Terms—Embodied agent, large language model (LLM),
multiagent system, organization structure.

I. INTRODUCTION

MODERN intelligent systems, such as autonomous vehi-
cle networks and swarms of drones, often involve com-

plex decision-making processes where multiple agents must
collaborate seamlessly to achieve specific objectives [1], [2],
[3], [4], [5]. In these systems, communication among the var-
ious agents is pivotal, as it dictates the flow of information,
coordination of tasks, and overall system performance [6], [7],
[8], [9]. Agents in traditional multiagent systems often have to
communicate in prespecified ways, such as exchanging gradi-
ents, sharing data, and state observations and actions [8], [10],
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[11]. The emergence of large language models (LLMs) makes
it possible for AI agents to communicate and cooperate using
natural language, bringing enormous flexibility and potential
for more nuanced and human-understandable interactions [12],
[13], [14], [15], [16].

Despite the flexibility of LLMs, integrating them into
practical multiagent systems remain a challenge. While LLMs
are trained and finetuned for text generation and instruction-
following, they are not necessarily tailored to multiagent
cooperation. Modern LLMs are prone to over-reporting and
obeying instructions, as a by-product of reinforcement learning
from human feedback (RLHF) finetuning [17], and they can
ignore critical information [18] or be distracted by irrelevant
information [19], especially when the context is long (see, for
example, Fig. 1). While recent studies involving agent-based
LLMs have demonstrated they are capable of solving problems
through multiagent collaboration [15], [20], [21], it is worth
noting that such collaborations often follow predefined patterns
designed using heuristics to channel the behavior of the models
productively [20]. Due to the two challenges: inefficient
communication and task decomposition, creating systems
that support free-flowing interaction between LLMs in a way
that could potentially scale to include humans is still an open
problem.

This article investigates the collaborative potential of LLM
agents working in teams. Drawing on prior studies in human
collaboration from cognitive and economic perspectives,
there is potential for organizations to be redesigned to
more effectively manage the limited attention span within
teams, as suggested by Simon et al. [22], and mitigate
individual limitations and enhance overall team performance,
as highlighted by Van Zandt [23] and Vélez et al. [24].
Specifically, we study two research questions. First, what
role do organizational structures play in multi-LLM-agent
systems? Second, how can we optimize these organizational
structures to support efficient multiagent coordination? By
leveraging AutoGen [25], a generic multiagent conversation
framework, we develop a framework for studying how to
best organize embodied LLM agents to communicate and
collaborate in physical/simulated nontext environments [21].
Our framework offers the flexibility to prompt and organize
LLM agents into various team structures, facilitating versatile
interagent communication. It also serves as a testbed to
empirically evaluate the traditional ideas proposed in the
organization theory literature.
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Fig. 1. Example of disorganized communication and interruption, without a designated leader. In a team of three GPT-4 agents, two agents engaged in
unnecessary communication and made disordered decisions, causing a delay due to the lack of a predefined organization. We identified many more examples
including conflicting messages and repetitive communications, see Appendix D.

Our initial experiments in this setting reveal that uncoordi-
nated LLM agents often send redundant and repetitive messages
and interrupt others’ actions, leading to chaos (see Fig. 1 and
Appendix D). To remedy these issues, we explore organiza-
tional structures, i.e., the dynamics of information exchange,
that allow multiple LLM agents to collaborate and complete a
common task efficiently.

The first organizational structure we explore is a hierarchy, a
classic object of study in organizational theory [26], [27], [28],
[29], [30], [31]. With a designated leader, LLM agents work
more efficiently and collaboratively. For the example of a three-
agent team, imposing a leader improves efficiency by up to 30%
with almost no extra communication cost (up to 3%), consistent
with findings for human organizations [31]. This also holds
true in five-agent cases. Further, LLM agents demonstrated
the potential to elect their own leader and adjust leadership
dynamically via communication. With proper organizations,
LLM agents exhibit a variety of cooperative behaviors that
mimic humans. For example, agents can provide constructive
suggestions and seek help from others; they can also execute
appropriate interactions for a hierarchy such as reporting back
on task progress; see Figs. 6 and 7, and Appendix C. We also
tested human–agent collaboration, and observe that, unsurpris-
ingly, human leaders are much better at coordinating a team of
agents when compared to AI agents.

In addition to testing existing organizational structures, we
explore the use of LLMs to improve the organizational prompts.
To this end, we develop a criticize-reflect framework, adopting
a dual LLM architecture, to reflect on the team performance and
generate improved and novel organizational prompts. Through
this iterative process of in-context learning, our LLM agents
spontaneously form novel, effective team structures, leading
to reduced communication cost and improved efficiency; see
Figs. 8 and 9.

Scientifically, studying organized LLM agent teams in social
environments is crucial for understanding fundamental princi-
ples of sociology and economics, such as emergent cooperation
and division of labor. Practically, this research is a step toward
creating advanced real-world applications, such as coordinating

teams of search-and-rescue robots or managing autonomous
digital assistants that collaborate to help users with complex
goals.

To summarize, our main contributions are as follows.
1) We design a novel multi-LLM-agent architecture for ≥ 3

embodied agents, facilitating flexible communication to
implement emergent organizational structures.

2) We develop a criticize-reflect framework based on LLMs
to improve the organizational prompts automatically by
in-context learning.

3) Extensive experiments demonstrate that hierarchical
organization improves team efficiency, which aligns well
with existing literature on human organizations.

II. RELATED WORK

A. LLM Agents

As powerful LLMs inherit abundant world knowledge and
also general reasoning ability, there are increasing efforts to
deploy LLMs as the reasoning core for decision-making to build
human-like autonomous agents [32], [33], [34]. This requires
observations of the reinforcement learning (RL) environment
to be translated into natural language in a way that is eas-
ier for LLMs to process. The reasoning of the LLMs also
needs to be turned into a viable action for execution. Pop-
ular prompting techniques for doing so include ReAct [35]
and Reflexion [36]. Other methods that involve fine-tuning the
language models have also been explored [37]. In addition,
various techniques have been proposed to mitigate the biases
and constraints of LLMs, including chain-of-thought reasoning
[38], external tools [39], [40], external documents [41], and skill
libraries [33].

B. Multiagent Cooperation

Multiagent cooperation has been extensively studied
for decades under various topics such as communication
efficiency, planning, leadership, and team dynamics using
different platforms [42], [43], [44], [45] (see recent surveys
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for detail [46], [47], [48]). Previous works mainly focused
on communication through continuous vectors [9] or discrete
symbols [42], [49]. Recent works [25], [50], [51], [52], [53],
[54], [55] showed that multiple LLM agents or human–agent
teams can improve upon single LLM in solving pure text-based
tasks, such as creative writing, reasoning, and code generation.
Other works [14], [56], [57] further explored agent selection
or role assignment to improve the performance.

LLMs have also been applied to multiagent cooperation for
embodied tasks [13], [15], [16], [58]. For example, an intention
inference framework is proposed to enhance the cooperation
of LLM agents without explicit communication [59]. Besides,
previous work [20] investigated LLM-agents collaboration for
theory of mind inferences tasks with a broadcast-only com-
munication protocol and homogeneous policies. Another work
[21] studied embodied multiagent cooperation in the two-agent
and the one-human-one-agent settings. In [60], different fixed
communication structures are explored for multi-LLM-agent
collaboration, while other works [61] and [62] organized the
agents by predefined and fixed communication with a virtual
manager. These initial explorations are limited to fixed team
structures and are not optimized for communication efficiency.
In contrast, our work explores the impact of deploying and
optimizing organizational structures, allowing ≥ 3 agents in a
team, for efficient multiagent communication and cooperation.

C. Prompt Optimization

Language models are sensitive to prompts. The format of the
prompt can have a substantial influence on performance [19],
[38], [63], [64], [65], [66]. Various research efforts have aimed
at prompt optimization. Typical approaches include heuristic
search using language models’ knowledge [63], [67], first-order
methods like soft prompt tuning [68], and prefix tuning [69]. In
this work, we focus on obtaining an interpretable prompt in the
form of natural language, drawing on insights from [70], [71],
and [72].

III. METHODS

A. Architecture and Multiagent Communication

We adopt the embodied LLM-agent architecture proposed
by Zhang et al. [21] and expand it to enable organized
teams of ≥ 3 agents to communicate, plan, and act in
physical/simulated environments. Fig. 2 illustrates our
architecture. Borrowing insights from [21], we adopt four
standard modules: configurator, perception module, memory
module, and execution module. They are responsible for
configuring the agents, translating environmental observations
into text, storing & retrieving historical information, and
executing actions, respectively [Fig. 2(a)].

Previous works focused on two-agent cooperation, in which
case the communication can be simply treated as an extra action
[15], [21]. In contrast, we aim to enable three or more agents
to work in a team and cooperate through emergent organized
communication. Thus, we design the architecture with sev-
eral features that facilitate organized multiagent communication
[Fig. 2(b)].

1) We disentangle the communication decision-making pro-
cess from the action decision-making process by adopting
two separate LLMs as actor and communicator. But their
prompt template can be unified as the following for-
mat, which can be transferred in any other environments.
Please see Appendix A for the specific prompts for this
article in detail.

2) We impose an organizational structure for the agent team
via prompting, i.e., including a textual description as part
of the prompts for both the actor and communicator of
each agent.

3) LLM agents keep alternating between two phases during
their task: the communication phase and the action phase.
The standalone communication phase supports richer
team structures and flexible communication patterns.

4) During communication, agents take turns to communi-
cate. An agent can choose to broadcast a message, select
one recipient for a message, choose multiple recipients
and send them distinct messages, or remain silent. Agents
keep their own history of communication and can respond
to messages from previous rounds of communication.
Each agent uses a memory buffer to store its conversa-
tional history. To remain efficient, it only records mes-
sages that it either sent or received. This buffer has a
fixed size; when full, the oldest messages are discarded
to make room for new ones. The entire contents of this
buffer are then provided to the LLM as context, allowing
it to make coherent and relevant decisions based on past
interactions.

B. Criticize-Reflect Method for Improving Organizational
Structure

Although the proposed multi-LLM-agent architecture
enables the implementation of an organization for a group of
LLM agents, designing an efficient organizational structure
based on the task and agent capabilities remains an open
problem. Therefore, in this section, we leverage powerful
LLMs to learn such an organizational prompt, borrowing
insights from [70]. To do so, we introduce a dual-LLM
framework to allow the multi-LLM-agent system to ponder
and improve the organizational structure.
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Fig. 2. Multi-LLM-agent architecture. (a) Modules of an LLM agent and the composition of prompts. (b) There are two phases in one time step:
Communication phase and action phase. In the communication phase, the agents take turns communicating by broadcasting or selecting receivers to send
distinct messages. The agents can also choose to keep silent. Comm is short for communication; PO is short for partial observation.

Fig. 3. Criticize-reflect architecture for improving organizational structure. The red agent represents the leader in a hierarchically-organized team. After the
team completes one episode, the critic evaluates the trajectories and analyzes the agents’ performance. Together with the external costs from the environment,
the coordinator proposes a new organizational prompt to improve the team efficiency. The new prompt will be applied to the next episode to continue the
iteration.

Fig. 3 illustrates the architecture of our framework. It con-
sists of two LLMs, the critic and the coordinator. For each
new organizational prompt, we run for one episode and then
return the dialogue and action history to the critic. By criti-
cizing and reflecting on the prompts iteratively, the framework
discovers more effective, novel organizational structures with
self-improvement.

1) LLM Critic: Inspired by the actor-critic method of rein-
forcement learning [73], we introduce an LLM critic to evaluate
the team’s performance based on verbal feedback. The critic
takes as input the dialog and action history of one episode.
Then, the critic analyzes the input and reasons to extract and
summarize the key steps that are believed to influence the
performance. Also, the critic provides a textual evaluation of
agents’ behaviors and the ranking of their leadership, according
to key factors of leadership: communication skills, conflict res-
olution skills, flexibility, and strategy. Note that we do not ask
the critic to score the agents because the scoring criteria could
vary for different episodes, making the scores not comparable.
Please refer to Appendix A for the prompts.

2) LLM Coordinator: The LLM coordinator takes as input
the outputs of the LLM critic as well as cost metrics (time to
task completion and communication cost) of previous episodes
from the environment. It reflects on these data and generates
thoughts based on the analysis of the past episodes and the
initial examples. With the reflection of organizational prompts
and their performance, the coordinator proposes a new and
different organizational prompt for the next episode. Please
refer to Appendix A for the prompts.

In this article, we define organizational structure as
the dynamics of information exchange among the LLM
agents. Specifically, when the coordinator generates a new
organizational prompt, it contains three modular parts—
topology, role assignment, and rules. In this way, it is easier
for LLM agents to follow the new complex organization
prompts.

a) Topology is the type of the organization’s topology, such
as decentralized, centralized with one specific leader,
or pyramid. The topology can be visualized as shown
in Fig. 9.

Authorized licensed use limited to: Princeton University. Downloaded on August 07,2026 at 16:00:24 UTC from IEEE Xplore.  Restrictions apply. 



2518 IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 13, NO. 2, APRIL 2026

b) Role assignment is the description of each agent’s duty
and whether she is a leader or not. Multiple leaders with
different roles are also allowed. For example, in Fig. 8, the
generated new prompt is “Agent_1 will act as the central
coordinator, Agent_2 will execute tasks with updates
only upon task completion or if issues arise, and Agent_3
will operate in a support role, assisting when called
upon and avoiding repetitive queries,” giving each agent
a different role.

c) Rules are the additional guidance to the agents’behaviors,
for instance, sentences like “If the leader’s instructions
are not right, you can correct the leader” can be added
to the new prompt.

The critic offers assessments of several episodes with differ-
ent organizations for the coordinator to improve the organiza-
tional prompt. The critic does not directly influence the specific
agent’s behaviors, but instead, the critic provides insights into
organization design to influence the team’s performance.

An example output of the critic is provided as follows:

In the trajectory evaluation, the critic compresses the tra-
jectories with key steps and behaviors. Then the critic gives
the ranking where agent_3 has the best leadership. Together
with similar evaluations of other episodes, the coordinator will
redesign the organizational prompts, for example, agent_3 now
has more possibilities to be chosen as the leader in this case.

C. Environment Setup

We chose virtual-home-social [45], [74] as the environment
and extended it to support multi-LLM-agent communication
and interaction. In this environment, agents are humanoid
helpers in a virtual home doing housekeeping, where the
tasks include Prepare afternoon tea, Wash dishes, Prepare a
meal, Put groceries, Set up a dinner table, etc. For instance,
in Fig. 1, the agents cooperate to prepare afternoon tea by
searching for and transporting task-specific items (chocolate,
juice, wine, etc.) to a target location (the coffee table). The
environment generates symbolic observations of the objects
in the home and their relations. Each agent only observes
the objects in the open containers located in her room and
teammates in the same room, but she can walk to another room
to explore. Any agent can communicate with any other agent,
not subject to a range limit.

Each episode starts from an initial state where agents are
randomly located in the environment and all containers are
closed. The episode terminates when the task is fully completed.
To evaluate the team’s efficiency we measure the number of
time steps taken to task completion, and we report the average
number of tokens communicated between agents per step. In our
experiment, each run initializes with an independently random-
ized state to obtain the mean and a confidence interval. We adopt
GPT-4, GPT-3.5-turbo [75], Claude-3.5-Sonnet [76], Llama-2-
70B [77], and Llama-3.1-70B-Instruct [78] as LLMs in our
agents. The temperature is set as 0.8, the maximum number of
output tokens is 256, and the number of completion choices to
generate is 1. In practice, we use two Nvidia 80GB A100 GPUs
to do the inference on Llama models.

IV. RESULTS

A. A Designated Leader Enhances Performance

We first studied the effect of organizational structures
and leadership on LLM agents. For benchmarking, we
experimented with disorganized LLM agents without
providing any organizational prompt. In this case, agents still
communicate with one another and work to complete the
overall task. However, we discovered frequent occasions where
agents send redundant, repetitive messages and interfere with
one another. See Fig. 1 for an illustration and see Appendix D
for more examples. The numeric metrics are reported in
Appendix Table VI.

When a leader is appointed via the organizational prompt,
we observe improved team performance—the teams completed
the task in less time [Fig. 4(a)]. After running the 3×GPT-3.5-
turbo experiments with 20 random seeds, we performed two-
sample t-tests, showing a statistically significant improvement
by 9.76% in performance (t(38) = 1.71, p < 0.05). Similarly,
a designated leader brings benefits to the team of 3×GPT-4
(improved by 5.28%, t(38) = 0.86, p= 0.20) and the team of
1×GPT-4 + 2×GPT-3.5-turbo (improved by 9.61%, t(38) =
1.43, p= 0.08). Compared to the disorganized teams, teams
with a designated leader only have a slightly increased or even
less communication cost [Fig. 4(b)]. This is consistent with pat-
terns seen in previous models of hierarchical organizations [31].
Teams with a leader also emerge centralized communication
patterns shown in Fig. 9 and Appendix E5.

Next, we asked the agents to elect their own leader. The
leadership was reelected about every nine time steps, based on
information extracted from the latest 12 messages. We observe
that agents are generally not power-seeking: they often vote for
others to lead. In some occasions, agents favored candidates
who exhibited higher knowledge levels, for example, one agent
thought that “Given that agent_2 has found a necessary item,
it makes sense for him to be the leader in this round.”
However, on most occasions, we could not tell whether agents
made their votes based on rational reasoning or just random
thoughts (see Appendix E1). In the case of the 3×GPT-4 team1,

1Note that GPT-3.5-turbo agents do not support election probably due to
their alignment policy and always ignore the demand of election.
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Fig. 4. Organized teams with a designated leader achieve higher efficiency. (a) and (b) Comparison between the case of disorganized agents, the case where
a leader is appointed, the case where agents choose their own leader dynamically, and the case where a human player replaces an agent to be the leader. Note
that GPT-3.5-turbo does not support leadership election. (c) and (d) Comparing leadership quality for GPT-3.5-turbo versus GPT-4. The confidence intervals
of human as the leader group are calculated over three seeds while others are over 20 seeds.

implementing leadership election resulted in improved team
efficiency when compared to consistently following a predeter-
mined leader [t(38) = 1.84, p < 0.05; see Fig. 4(a)]. However,
this improvement was accompanied by a substantial increase in
communication cost, akin to real-world scenarios where relax-
ing hierarchical structure potentially increases communication
cost [79].

The proposed multi-LLM-agent architecture is also human-
friendly to support human–AI collaboration. In the experiment,
we ask a human player to replace the leader in the team of
three GPT-4 agents. We recruit three human players to conduct
the experiments. Fig. 4(a) and (b) demonstrates that human
leadership achieved better task completion time and improved
communication efficiency compared with GPT-4 as the leader.
Please find more examples of dialogues between the human
leader and LLM agents in Appendix E2.

B. Additional Results

1) Outperformance and Scalability of the Proposed Method:
The proposed method also has more stable performance over
other multi-LLM-agent collaboration frameworks, such as
group debate [80] and tree of agents [62]. We implement
these two communication protocols as baselines and we
conduct experiments to compare their performance with
our method in a three-agent team with a fixed leader with
three seeds in Table I. Group debates would lead to frequent
broadcasts, which can cause high communication costs
and information redundancy, ultimately resulting in lower
efficiency. The large time variance (69.67 ± 38.40) and high
communication cost (134.26) stem from all-to-all broadcasting,
which often leads to repetitive or conflicting exchanges and
inefficient use of agent outputs, especially when weaker
agents contribute low-value messages. On the other hand,
tree of agents saves communication overhead, but the time
to finish the task is not stable. The possible reason behind
this could be that the rigid hierarchy causes bottlenecks and
error propagation. In contrast, the communication in our
method is more flexible, relying on the emergent organization
instead of predefined patterns, resulting in more robust

TABLE I
COMPARISON WITH OTHER MULTI-LLM-AGENT COLLABORATION

FRAMEWORKS (THREE SEEDS)

Group Setting Framework Time Communication Cost

3×GPT-4 Ours 54.70 ± 8.92 54.73 ± 8.89
3×GPT-4 Group debate 69.67 ± 38.40 134.26 ± 4.06
3×GPT-4 Tree of agents 81.67 ± 16.26 30.55 ± 13.23

1×GPT-4 + 2×GPT-3.5-turbo Ours 73.30 ± 16.12 55.82 ± 6.57
1×GPT-4 + 2×GPT-3.5-turbo Group debate 78.00 ± 10.00 105.82 ± 6.89
1×GPT-4 + 2×GPT-3.5-turbo Tree of agents 72.67 ± 26.35 36.79 ± 7.63

TABLE II
PERFORMANCE OF DIFFERENT TEAM SIZES (THREE SEEDS)

Group Setting Time Communication Cost

3×GPT-3.5-turbo 92.90 ± 14.70 59.87 ± 6.33
5×GPT-3.5-turbo 80.00 ± 20.51 132.01 ± 5.76
7×GPT-3.5-turbo 43.00 ± 2.16 233.40 ± 70.96
9×GPT-3.5-turbo 60.67 ± 15.06 296.55 ± 65.17

performance (54.70 ± 8.92) with moderate communication
(54.73 ± 8.89), adapting effectively to agent heterogeneity
without sacrificing reliability.

Moreover, the proposed method can be scaled up to suit
different team sizes. We conduct experiments with 3, 5, 7, and
9 agents to scale up the team size of three 3×GPT-3.5-turbo
agents, and observethat the communication costs increased in
a nearly linear way, which suggests that our approach will
not have dimension explosion when scaling up (See Table II).
In addition, the time to complete the task does not always
improve with more agents. The performance of nine agents
(60.67 ± 15.06) is worse than that of seven agents (43.00 ±
2.16), as the apartment may be too crowded to hold nine agents.
Interestingly, the pyramid structure emerges in a team of nine
agents as shown in Appendix E5.

C. Leadership and Open Communication Matters

The performance and behavior of the agents vary based
on their roles in the team (leader or nonleader) and the
models employed. As illustrated in Fig. 5, leaders assign tasks
and gather information from the team’s perspective, while
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Fig. 5. Examples of communication messages when there is a designated leader. Left: messages from lead agents; right: messages from nonlead agents.
GPT-4 (upper), GPT-3.5-turbo (center), and llama-2-70B (lower) demonstrated different communication styles.

TABLE III
PERFORMANCE OF DIFFERENT LLMS (THREE SEEDS)

Group Setting w/ a Leader Time Communication Cost

3×GPT-4 N 57.75 ± 13.09 67.03 ± 9.68
3×GPT-4 Y 54.70 ± 8.92 54.73 ± 8.89

3×GPT-3.5-turbo N 102.95 ± 21.88 53.73 ± 6.04
3×GPT-3.5-turbo Y 92.90 ± 14.70 59.87 ± 6.33

3×Claude-3.5-Sonnet N 78.33 ± 12.86 95.76 ± 18.90
3×Claude-3.5-Sonnet Y 74.33 ± 24.13 70.06 ± 21.33

3×Llama-3.1-70B-Instruct N 69.67 ± 12.58 72.27 ± 5.32
3×Llama-3.1-70B-Instruct Y 60.00 ± 10.15 75.22 ± 4.38

nonleaders focus on their specific tasks and share relevant
information with others. Agents utilizing advanced LLMs like
GPT-4 facilitate concise and clear conversations to minimize
communication costs while providing accurate information. In
contrast, interactions among relatively weaker LLM agents,
such as Llama-2-70B, tend to be more redundant. The numeric
performance of different LLMs is reported in Table III. We list
the performance of three-agent teams both with and without
a leader, utilizing different LLMs, including the powerful
open-source model Llama-3.1-70B-instruct. The time taken to
complete tasks improves when a leader is present, regardless
of the type of LLM used; however, the communication costs
may not decrease accordingly.

The varying performance of different LLM agents may be
attributed not only to differences in reasoning ability but also to
varying levels of leadership. In the team with a mixture of GPT-
4 and GPT-3.5-turbo agents, appointing GPT-4 as the leader
increases the team efficiency higher than if GPT-3.5-turbo is the
leader [Fig. 4(c) and (d), Appendix E4]. We ran this experiment
on teams of three agents and five agents, respectively. In both
scenarios, the task completion time and communication cost are
reduced when GPT-4 acts as the leader. This finding implies
different levels of leadership between these LLMs.

We also observed that encouraging constructive feedback
to the leader agent helped with performance improvement.
Motivated by successful human organizations, we tried to pro-
mote open communications among LLM agents by adding an
additional prompt that “If the leader’s instructions are not
right, you can correct the leader.” Fig. 4(c) and (d) illustrates
the results. Interestingly, this modification improves the team’s
overall efficiency and reduces the time to task completion when
the team is made up of 3×GPT-4 (t(38) = 0.87, p= 0.14).

In contrast, the same modification lowers the team efficiency
when GPT-3.5-turbo agents try to correct the leader (t(38) =
0.27, p= 0.40). In both experiments, the communication cost
increases. We present more details about these behaviors in
Appendix E3.

D. Emergence of Cooperative Behaviors

We delved into the behaviors of LLM agents in an orga-
nized team to investigate how organizational prompts influ-
ence agents’ communication and decisions. Analysis of their
dialogue history revealed that agents demonstrated a variety
of cooperative behaviors, such as reporting, correction, task
allocation, and asking for help (see, for example, Fig. 6 for a
dialog).

One may argue that these types of behaviors could also
emerge due to the nature of LLMs, even without a prespecified
team structure. Thus we performed a quantitative analysis to
study the impact of an organizational prompt on these behav-
iors. We followed a three-step process:

1) We defined three major categories of human cooperative
behaviors.
2) Information sharing: Agents influence others by

offering new information, either actively or by
being asked. Reporting to the leader, sharing new
observations, and answering questions belong to this
category.

3) Leadership and assistance: Agents, especially the
leader if there is one, can influence others by changing
their plans. The behaviors include task allocation,
correction, and asking for help.

4) Request for guidance: Agents actively request new
information or plans for their own decision-making.

5) We developed a standalone prompt-based GPT-4-
classifier to analyze each piece of dialog. The classifier
decides whether to label the dialog with any subset of
the aforementioned labels. The classifier has an accuracy
of 91.67% when tested on 20 human-labeled dialog
samples with 60 labels (see Appendix A for the prompt
and Appendix F for the test samples).

6) We use the classifier to label messages generated by
the agents and report the percentages of messages with
cooperative behaviors. Note that one message may have
multiple labels.
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Fig. 6. Examples of cooperative behaviors in a dialog. Agent_3 leads the team (3×GPT-4 agents). The agents emerge three types of cooperative behaviors:
information sharing, leadership & assistance, and request for guidance.

Fig. 7. Emergent cooperative behaviors of LLM agents. We analyzed the communication log of the mixture team (1×GPT-4 + 2×GPT-3.5-turbo) and asked
another GPT-4 to annotate agent’s cooperative behaviors. (a) Behavior of disorganized agents. (b) Behavior of a team led by a GPT-4 agent. (c) Behavior of
a team led by a GPT-3.5-turbo agent.

Fig. 7 reports the results and illustrates the behavior pat-
terns for different LLM agents. The results support several
observations. Even in a disorganized team, LLM agents love to
tell others what to do. Leadership and assistance accounts for
around > 50% of all the behavior in such a group [Fig. 7(a)].
However, other than telling others what to do, agents in the
disorganized team do not show much cooperative behavior, for
example, they would only request for guidance in < 10% of the
dialogs.

In contrast, when the team has a hierarchical organization, the
lead LLM agent would presume a dominant role and give orders
to others (amount to > 60% of their communication), while
other members tend to follow and give fewer orders compared
with the disorganized case [Fig. 7(b) and (c)]. In such a team,
agents tend to share and ask for more information, especially
for the follower agents in the team. But still, the agents may
fail to cooperate well, such as being lazy and confused about
numbers. Please see failure examples in Appendix E6.

E. Novel Organizational Structures

Having evaluated the merits of different kinds of structures,
we let the LLMs propose novel organizational structures and
iteratively refine the organizational prompts using the criticize-
reflect method discussed in Section III (see also Fig. 3).

Fig. 8(a) visualizes the reflection process. The system was
initialized with a basic organizational prompt, i.e., “Agent_1
as the leader to coordinate the task.” As the reflection pro-
cess moves forward, the coordinator generates a sequence of

evolving organizational prompts, picking up key words like
“hierarchical” and “dynamic” that imply more complex team
structures.

We compared the team’s performance before and after the
criticize-reflect process. Fig. 8(b) illustrates the team’s effi-
ciency. We observe that for 3×GPT-3.5-turbo, the new organi-
zational structure improved the team’s efficiency in completing
the task (t(38) = 1.73, p < 0.05), at slightly increased commu-
nication cost. While for 3×GPT-4 and 1× 4 + 2×GPT-3.5-
turbo, the communication cost is reduced with improved task
efficiency (t(38) = 1.56, p= 0.06 for 3×GPT-4, and t(38) =
0.32, p= 0.38 for 1× 4 + 2×GPT-3.5-turbo).

The critic analyzes the records of action and dialog, and
performance metrics from the most recent episode. It provides
evaluation for the full team’s trajectory, feedback to individual
agents and their rankings. As an ablation study, we removed the
critic from our architecture and only performed the reflection
step. The results are shown in Fig. 8(b), indicating that reflec-
tion without the critic leads to performance decline (t(38) =
1.96, p < 0.05). In this case, the coordinator needs to digest
all dialog history and generate a new organizational prompt.
This did not work well and led to rather vague outcomes,
for example, “Establish a flexible communication network
with rotating leadership roles assigned based on agents’
task-specific expertise to facilitate swift decision-making and
reduce unnecessary communication steps.” This comparison
highlights the role of the critic and the importance of having
a dual criticize-reflect architecture. For more results/prompts
generated by the reflection process, please refer to Appendix G.
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Fig. 8. Reflection and improvement process for finding novel organizational structures. (a) Experiment was done using the 1×GPT-4 + 2×GPT-3.5-turbo
team. The organizational prompt evolves during the iterations, and takes on additional keywords such as “Central,” “hierarchical,” and “dynamic.” (b) and (c)
Performance of refelction with the critic. Confidence intervals are calculated over 20 seeds.

Fig. 9. Communication patterns and the corresponding organizational prompts. (a) Team without organizational prompts. (b) Team with a leader. (c) Team
in the chain structure. (d) Dual-leader team. (e) Team with a dynamic leadership. (c)–(e) Proposed by criticize-reflect. Red-robot nodes mark the lead agents,
and other nodes are the followers. Edges mark the accumulated communication cost between the two nodes (darker edge means higher token cost).

In addition, it is worth mentioning that LLMs are able to gen-
erate highly complex prompts that imply novel organizational
structures that are rarely seen in human societies. We illustrate
the communication patterns as team structures in Fig. 9 together
with the three novel structures proposed by criticize-reflect: (c)
chain, (d) dual-leader, and (e) dynamic structures, which are
the best structures of the three settings in Fig. 8(b) and (c),
respectively.

Finally, to test the generalizability of the novel organizational
structures, we pick the best novel prompt, the one illustrated
in Fig. 9(e), proposed by the criticize-reflect architecture on
the prepare afternoon tea task. We test it on a set of six new
tasks, comprising of three easy tasks and three hard tasks,2 as
shown in Appendix Fig. 10. In the three hard tasks, the team
with the novel organizational structure had better performances
than the team appointing a fixed GPT-4 agent as the leader
[Appendix Fig. 10(a) and (b)]. In the three easy tasks, the
benefits are marginal. We compared the two teams across all
tasks, performed a t-test and concluded that the novel team
structure leads to more efficient performance than the fixed
leader (t(22) = 2.08, p < 0.05).

2The hard tasks have typical numbers of steps to accomplish the tasks > 60,
while those of easy tasks are < 60.

V. CONCLUSION AND FUTURE WORK

We develop a novel multi-LLM-agent architecture to facil-
itate communication and organize the embodied agent teams
for enhanced cooperation. Moreover, we propose the criticize-
reflect framework based on LLMs to generate more efficient
organizational prompts. Extensive experiments with various
group settings and organizational structures demonstrate that a
hierarchically-organized team with a designated/elected leader
has superior team efficiency, which can be further improved by
criticize-reflect.

This research studies the integration of prompt-based orga-
nizational structures to teams of LLM agents, contributing to
more efficient and coherent multiagent interactions. These find-
ings have the potential to greatly influence the deployment of
more effective and autonomous multiagent systems in various
fields, including robotics, virtual assistants, etc. For example,
the study has potential applications in disaster response scenar-
ios, where efficient multiagent coordination is crucial.

On the other hand, as our ability to bound and evaluate
LLMs’ behaviors remains immature, when applied to human-
LLM cooperative tasks, we still need to rely on some mandatory
termination measures (such as human approval for high-stakes
actions) instead of instructions in natural language only.

There are some limitations in our work. Our framework’s
flexibility may not always be necessary. For very simple tasks,
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or in teams with predefined, clear roles (e.g., one highly capable
agent leading others), a more rigid communication structure
might be sufficient and slightly more efficient. The current work
is performed in one single environment and lacks human evalu-
ation. Future work shall extend to a broader set of environments,
allowing human evaluation. Moreover, the evaluation metrics
can include more complex factors such as robustness to noise,
adaptability to changing environments, and the long-term sta-
bility of team structures. As virtual-home cannot hold hundreds
of agents, future work can also explore larger organizations in
other environments.

APPENDIX

A. Prompt Templates

We list the prompts of actor, communicator, critic, and coor-
dinator as follows.

1) Actor and the Communicator: ORGANIZA-
TION_INSTRUCTION is the placeholder for the organization
instruction prompt, either manually designed or automatically
generated. The environment will provide text descriptions for
the current GOAL, PROGRESS, and AVAILABLE_ACTIONS.
Introduction of the task and the notice for the agents are also
included in the prompts.

We include the latest 12 sent and received messages as
DIALOGUE_HISTORY, and the latest 20 steps of actions as
ACTION_HISTORY. The histories will be adopted in the
decision-making of both Actor and Communicator.

2) Critic: We provide the full trajectory as the input
to TRAJECTORIES. Additionally, ORGANIZATION_
INSTRUCTION and GOAL of the current task and organization
are also provided as an additional context.

3) Coordinator: In “Instruction examples,” we include
the basic setting (goal, organization structure instruction), the
communication cost, the number of steps taken, as well as the
summarized information generated by the critic (leadership
ranking, problems, summary of the trajectory) for the
coordinator.

4) Classifier: We feed the messages to the GPT-4 classi-
fier and get the labels. The rubrics are manually written after
investigating the communication logs.
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Fig. 10. Organized team structure with a designated leader and the novel structure proposed by criticize-reflect architecture generalized to different tasks.
The prompt for dynamic leadership is proposed by criticize-reflect architecture on the prepare_afternoon_tea task shown in Fig. 8(a). The experiment was
done using the 1×GPT-4 + 2×GPT-3.5-turbo team over two seeds for each task. (a) and (b) Hard tasks (read_book, put_dishwasher_hard, prepare_food) with
typical numbers of steps to accomplish the tasks > 60. (c) and (d) Easy tasks (put_dishwasher_easy, put_fridge, setup_table) with typical numbers of steps
to accomplish the tasks < 60.

TABLE IV
GOALS OF THE TASKS

Activity Goals

Setup_table ON (plate, dinnertable), ON (fork, dinnertable),
ON (waterglass, dinnertable), ON (wineglass, dinnertable)

Put_fridge IN (cupcake, fridge), IN (pancake, fridge), IN (poundcake, fridge),
IN (pudding, fridge), IN (apple, fridge),
IN (juice, fridge), IN (wine, fridge)

Prepare_food ON (coffeepot, dinnertable), ON (cupcake, dinnertable),
ON (pancake, dinnertable), ON (poundcake, dinnertable),
ON (pudding, dinnertable), ON (apple, dinnertable),
ON (juice, dinnertable), ON (wine, dinnertable)

Put_dishwasher_easy IN (plate, dishwasher), IN (fork, dishwasher),
IN (waterglass, dishwasher), IN (wineglass, dishwasher)

Put_dishwasher_hard IN (plate, dishwasher), IN (fork, dishwasher),
IN (waterglass, dishwasher), IN (wineglass, dishwasher)
IN (plate, dishwasher), IN (fork, dishwasher),
IN (waterglass, dishwasher), IN (wineglass, dishwasher)

Read_book ON (cupcake, coffeetable),
ON (pudding, coffeetable), ON (apple, coffeetable),
ON (juice, coffeetable), ON (wine, coffeetable)

TABLE V
TOTAL MONEY LEFT UNDER DIFFERENT MODEL AND

ORGANIZATION SETTINGS

Model Organization Total Money Left

GPT-4 w/o leader 69.33 ± 2.49
GPT-4 w/ leader 101.80 ± 16.55

GPT-3.5-turbo w/o leader 107.73 ± 45.17
GPT-3.5-turbo w/ leader 128.07 ± 61.49

B. Additional Results

1) Across Task Generalizability: We conduct experiments
across the tasks to test the generalizability of the prompt
“dynamic leadership” [Fig. 9(e)] found using criticize-reflect
architecture on the Prepare_Afternoon_Tea task and report
the performance in Fig. 10; see Section IV-E for the complete
setting and discussions.

The description of the above tasks are listed as follows in
Table IV.

2) Across Environment Generalizability: In addition to pure
cooperative environments like virtual-home, we also conducted
new experiments in mixed settings considering cooperation and
competition at the same time. We apply our method to a classic
economic scenario public goods game [81], another kind of

representative environment widely studied by the agent-related
community [82], [83], where the agents are given some money
to play a multiround game and aim to gain more for themselves.
In each round, the agents can chat with each other and decide
their contributions to the public pool. The money in the public
pool will be multiplied by 1.5 and evenly distributed to all
players. The agents can free ride with less contribution. Our
results in Table V (five agents, ten rounds, three seeds) show that
when there is a leader, the agents cooperate more and there will
be more total money for all the agents left in the end, aligning
with the conclusion of virtual-home.

3) Complete List of Basic Experimental Results: We present
the full results of various group settings and organization
instructions in Table VI. Here, we also include the results of
other LLMs such as Llama-2-70B, Llama-3.1-70B-Instruct,
and Claude-3.5-Sonnet.

C. Emergent Cooperative Behaviors in an Organization

By investigating the messages between agents, we mainly
observe the following cooperative behaviors, as summarized in
Table VII.

D. Ineffective Communication

There are also cases in which language model agents fail to
communicate efficiently. From the messages between agents,
we summarize the typical categories in Table VIII.

E. Examples of Dialogs

1) Examples of Election: In Fig. 11, the agents vote to elect
a new leader. We can observe behaviors such as nominations
for themselves and other agents, voting, and consensus achieve-
ment. We find that the agents are not power-seeking and may
give up leadership early. The agents prefer to vote for others
instead of nominating themselves (five times more during the
whole task). The elected leader also does not plan to keep
the position but to nominate others for the next round. Also,
the agents’ standpoint can be easily influenced by others. The
agents do not debate much to win the election but reach a
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TABLE VI
PERFORMANCE FOR DIFFERENT ORGANIZATION INSTRUCTIONS

Group Setting Organization Instruction Time Communication Cost

3 × GPT-4 None 57.75 ± 13.09 67.03 ± 9.68
3 × GPT-4 Agent 1 is the leader to coordinate the task. 54.70 ± 8.92 54.73 ± 8.89
3 × GPT-4 Agent 1 is the leader to coordinate the task. If the leader’s instructions

are not right, you can correct the leader.
50.70 ± 13.92 63.49 ± 8.61

3 × GPT-4 Elect a new leader every 10 steps to coordinate the task. . . . After the
election, the other agents should follow the leader’s instructions.

49.20 ± 9.97 135.03 ± 20.45

3 × GPT-3.5-turbo None 102.95 ± 21.88 53.73 ± 6.04
3 × GPT-3.5-turbo Agent 1 is the leader to coordinate the task. 92.90 ± 14.70 59.87 ± 6.33
3 × GPT-3.5-turbo Agent 1 is the leader to coordinate the task. If the leader’s instructions

are not right, you can correct the leader.
94.20 ± 16.22 60.53 ± 3.66

1 × GPT-4 + 2 × GPT-3.5-turbo None 81.10 ± 18.35 54.00 ± 5.06
1 × GPT-4 + 2 × GPT-3.5-turbo Agent 1 is the leader to coordinate the task. 73.30 ± 16.12 55.82 ± 6.57
1 × GPT-4 + 2 × GPT-3.5-turbo Agent 1 is the leader to coordinate the task. If the leader’s instructions

are not right, you can correct the leader.
85.67 ± 14.52 61.57 ± 0.55

1 × GPT-4 + 2 × GPT-3.5-turbo Agent 2 is the leader to coordinate the task. 75.65 ± 15.43 58.39 ± 8.11
1 × GPT-4 + 2 × GPT-3.5-turbo Agent 2 is the leader to coordinate the task. If the leader’s instructions

are not right, you can correct the leader.
72.33 ± 6.60 74.21 ± 7.73

1 × GPT-4 + 2 × Llama-2-70B None 77.00 ± 2.94 119.48 ± 1.28
1 × GPT-4 + 2 × Llama-2-70B Agent 1 is the leader to coordinate the task. 83.67 ± 10.96 135.22 ± 16.39
1 × GPT-4 + 2 × Llama-2-70B Agent 2 is the leader to coordinate the task. 76.00 ± 5.72 142.24 ± 11.85
3 × Claude-3.5-sonnet None 78.33 ± 12.86 95.76 ± 18.90
3 × Claude-3.5-sonnet Agent 1 is the leader to coordinate the task. 74.33 ± 24.13 70.06 ± 21.33
1 × Claude-3.5-sonnet + 2 ×
GPT-3.5-turbo

Agent 1 is the leader to coordinate the task. 75.50 ± 12.02 49.00 ± 19.03

3 × Llama-3.1-70B-Instruct None 69.67 ± 12.58 72.27 ± 5.32
3 × Llama-3.1-70B-Instruct Agent 1 is the leader to coordinate the task. 60.00 ± 10.15 75.22 ± 4.38
2 × GPT-4 + 3 × GPT-3.5-turbo None 42.67 ± 4.03 98.03 ± 9.86
2 × GPT-4 + 3 × GPT-3.5-turbo Agent 1 is the leader to coordinate the task. 39.67 ± 9.46 94.73 ± 4.01
2 × GPT-4 + 3 × GPT-3.5-turbo Agent 2 is the leader to coordinate the task. 48.50 ± 9.50 96.53 ± 2.51

Note: When there are two different kinds of LLMs in the group, agent_1 is GPT-4/claude-3.5-sonnet, and agent_2 is the other type of LLM.

TABLE VII
TYPICAL COOPERATIVE BEHAVIORS

Type Description Example
Sharing information An agent shares her observations to others,

reports her task-related progress to others, or
responds to other agents’ requests

(Ex 1.) “I’m in the bathroom. There’s an unchecked <bathroomcabinet>
(190).”
(Ex 2.) “I’ll check the cabinet in the bedroom”

Giving orders An agent gives orders to others, either by
directly giving a command or by a polite
request

“I still need to find <pudding> (371). Can you help me search the bedroom
for the remaining item?”

Asking for information An agent asks other agents about their loca-
tion, task progress, or other information

(Ex 1.) “Where are you now?”
(Ex 2.) “Any updates from the kitchen?”
(Ex 3.) “Do we know the location of the coffeetable?”

Exchanging information An agent shares one agent’s information to
another agent

Agent 3 → Agent 1: “ Found cupcake and juice in bedroom, plus a wine.”;
Agent 1 → Agent 2: “Agent3 found a wine, cupcake, and juice in the bedroom.”

Asking for orders An agent asks what she needs to do or
whether she can help others

“I’m in the kitchen with the dishwasher, stove, microwave unchecked. Need
me to check these or something else?”

Correction An agent corrects the plan of others (Ex 1.) Agent 2 → Agent 3: “After I place the pudding on the coffeetable,
let’s split up. You check the bathroom, I’ll check the bedroom.”; Agent 3 →
Agent 2: “You don’t need to search the bedroom, the juice (380) is there.”
(Ex 2.) “There are no more wine or juice in the kitchen cabinets. We need to
come up with another plan.”

consensus soon. For example, Agent_1 gives up running for
herself but votes for Agent_2 because of Agent_3’s support.
Furthermore, sometimes nominations and votes are determined
by hallucinations. For example, at step 2, Agent_2 nominates
Agent_1 as he was the first one to propose a search strategy.
However, based on the previous dialogues, Agent_1 has not
proposed any strategy yet.

2) Examples of Human–AI Collaboration: We conducted
experiments involving a team consisting of one human player

and two GPT-4 agents, with the human player acting as the
leader. Fig. 12 illustrates the remarkable collaboration between
humans and AI.

3) Examples of Correction: Due to hallucination and the
limit of the dialog history buffer, the leader may forget what has
happened and give wrong orders. When the prompt encourages
the agents to correct the leader when necessary by adding If the
leader’s instructions are not right, you can correct the leader,
some correction behaviors appear, as shown in Fig. 13.
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TABLE VIII
TYPICAL INEFFECTIVE COMMUNICATION BEHAVIORS

Type Description Example
Duplicated message The same message is said more than once Agent 1 → Agent 3: “Check kitchencabinet or dishwasher for wine, I’ll check

the stove.”
Agent 2 → Agent 3: “Agent 1 will check the stove for wine.”

Repeated command The same command is said more than once Agent 3 → Agent 1: “Explore the bathroom for the second wine.”
Agent 2 → Agent 1: “Go to the bathroom and look for the wine.”

Conflicting command An agent gives another agent an order that
conflicts with her current task

Agent 1 → Agent 3: “Find <juice> and check <bathroomcabinet> (190).”
Agent 2 → Agent 3: “Check the kitchen containers for the last wine.”

Conflicting plans An agent claims to commit to two conflicting
plans

Agent 3 → Agent 1: “I found the pudding and will check the dishwasher,
stove, and microwave for the second wine.”
Agent 3 → Agent 2: “I will continue searching for the second wine in the
bedroom and bathroom.”

Improper delegation An agent asks another agent to do her own
task

Agent 1 → Agent 2: “Continue checking the kitchen cabinets for remaining
items.”
Agent 2 → Agent 3: “Please continue checking the other kitchen cabinets for
the remaining items.”

Ignoring requests An agent ignores other agents’ questions Agent 2 → Agent 3: “I haven’t found any of the remaining items in the kitchen.
Have you found any of the required items in the living room?”
Agent 3 → Agent 2: “I haven’t explored the bathroom yet.”

Fig. 11. Examples of the election of a new leader. It takes two steps to vote and negotiate to determine the new leader in this case. Note that agent_3
chooses not to send a message as the election is done and no more information to be shared for now. All the messages in the figure are broadcasts.

Fig. 12. Examples of human–AI collaboration when the human player leads two GPT-4 agents (agent_2&3).

In the first example, the leader Agent_1 gives an unnecessary
and repetitious instruction. Then Agent_2 corrects the leader to
avoid time wasting. In the second example, the leader Agent_1
may have hallucinations and cannot remember what Agent_3 is

holding clearly (cupcake and wine in the message while juice
and wine in the thoughts). Therefore, Agent_3 clarifies that she
is not holding the cupcake and wine and shares her next plan
with the leader.
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Fig. 13. Examples of correction dialogues and the corresponding thoughts. The prompt includes if the leader’s instructions are not right, you can correct
the leader.

Fig. 14. Comparison of the leadership between GPT-4 and GPT-3.5-turbo. Compared with GPT-3.5-turbo, GPT-4’s instructions are more specific, clear, and
holistic.

Fig. 15. Pyramid structure in a team of nine agents. Agent_1 is the primary leader and agent_2 and agent_3 are designated as vice leaders in the prompt.
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Fig. 16. Examples of failure cases. The first case is being lazy. Instead of completing the subtask ordered by the leader agent_1, agent_2 directly repeats
the order to agent_3. However, this order is conflicted with the one agent_3 received from the leader. The second case is confusion about numbers. The task
demands placing two wines on the table and the team only gets one of them till now. When the leader agent_1 asks agent_2 to check the remaining wine,
agent_2 tries to correct the leader due to the hallucination that the team does not need an additional wine. The agents are GPT-3.5-turbo in both cases.

TABLE IX
DIALOG AND BEHAVIOR LABELS GIVEN BY HUMANS AND GPT-4

Dialog Human GPT-4
Label 1∗ Label 2 Label 3 Label 1 Label 2 Label 3

Hey, where are you? Please let me know your location so that I can assign you a
task.

0 1 1 0 1 1

I’m currently in the bedroom where I found an unchecked cabinet. Please explore
the livingroom and start checking for the required items.

1 1 0 1 1 0

I’m currently in the bedroom where I found an unchecked cabinet. I haven’t found
any of the required items yet.

1 0 0 1 0 0

Check the cabinet in the bedroom. I’ll check the one in the bathroom. 1 1 0 0 1 0
I haven’t found any of the required items yet. Did you find any in the kitchen? 1 0 1 1 0 1
I haven’t found any of the required items yet. Have you found any in the bathroom? 1 0 1 1 0 1
Agent 3, I found a pudding in one of the kitchen cabinets. Please continue checking
the other kitchen cabinets for the remaining items.

1 1 0 1 1 0

I haven’t found any of the required items yet. Did you find any other required items
in the kitchen?

1 0 1 1 0 1

I haven’t found any of the remaining items yet. 1 0 0 1 0 0
I’m in the living room searching for the remaining items. 1 0 0 1 0 0
Okay, I will keep checking the kitchen cabinets for the remaining items. 1 0 0 1 0 0
I’m currently in the living room searching for the remaining items. 1 0 0 1 0 0
I haven’t found any of the remaining items yet. 1 0 0 1 0 0
I’m still searching the living room. Have you found any of the required items? 1 0 1 1 0 1
Put items on the table once you find them. Keep searching your current areas. 0 1 0 0 1 0
I haven’t found any of the remaining items in the kitchen. Have you found any of
the required items in the living room?

1 0 1 1 0 1

I haven’t explored the bathroom yet. Have you found any of the required items in
the living room?

1 0 1 1 0 1

I have explored the bedroom and found wine, cupcake, and juice. I still need to find
pudding. Can you help me search the bedroom for the remaining item?

1 1 1 1 1 0

I found the wine, cupcake, and juice in the bedroom. Agent 1 wants me to put them
on the coffee table and then check the bathroom cabinet.

1 0 0 1 1 0

Agent 1 wants us to check if there’s another wine in the kitchen. 1 0 0 0 1 0

Note: Label 1: information sharing; Label 2: leadership and assistance; Label 3: request for Guidance.

4) Examples of Leadership Comparison: We provide more
examples to compare the leadership between GPT-4 and GPT-
3.5-turbo in Fig. 14.

5) Examples of Scaling Up: When scaling up the number
of agents, the agents can emerge with more organizational

structures. For example, a team of nine agents forms a pyramid
structure in Fig. 15.

6) Examples of Failure Cases: Though LLM agents show
great capabilities to cooperate and make decisions, there are still
some failure cases shown in Fig. 16, such as being lazy and
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Fig. 17. Examples of prompts generated via reflection. The first row is generated with the critic, while the second row is without the critic, where the new
prompts are relatively vague. Note that there is no agent Z in the team.

incorrect reasoning over the number of objects. There are also
failure cases in some specific scenarios, for example, electing
the leader based on hallucinations in Appendix E1.

F. Examples of Cooperative Behaviors Classification by
Humans and GPT-4

We ask a human evaluator and GPT-4 to label the dialogs into
three different behavior categories shown in Table IX.

G. Examples of New Prompts After Reflection

We list more prompts generated by the criticize-reflect archi-
tecture in Fig. 17.
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