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ABSTRACT

In this work, we address the cooperation problem among large language model
(LLM) based embodied agents, where agents must cooperate to achieve a common
goal. Previous methods often execute actions extemporaneously and incoherently,
without long-term strategic and cooperative planning, leading to redundant steps,
failures, and even serious repercussions in complex tasks like search-and-rescue
missions where discussion and cooperative plan are crucial. To solve this issue, we
propose Cooperative Plan Optimization (CaPo) to enhance the cooperation effi-
ciency of LLM-based embodied agents. Inspired by human cooperation schemes,
CaPo improves cooperation efficiency with two phases: 1) meta-plan generation,
and 2) progress-adaptive meta-plan and execution. In the first phase, all agents
analyze the task, discuss, and cooperatively create a meta-plan that decomposes
the task into subtasks with detailed steps, ensuring a long-term strategic and co-
herent plan for efficient coordination. In the second phase, agents execute tasks
according to the meta-plan and dynamically adjust it based on their latest progress
(e.g., discovering a target object) through multi-turn discussions. This progress-
based adaptation eliminates redundant actions, improving the overall cooperation
efficiency of agents. Experimental results on the ThreeDworld Multi-Agent Trans-
port and Communicative Watch-And-Help tasks demonstrate CaPo’s much higher
task completion rate and efficiency compared with state-of-the-arts.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities in understanding
and generating human language, complex reasoning, and planning, achieving impressive perfor-
mance (OpenAl, 2024; Touvron et al., 2023). These advancements empower LLM-based embodied
agents to autonomously make plans (Li et al., 2023a; Padmakumar et al., 2022; Zhu et al., 2023;
Wang et al., 2023a; Wu et al., 2023b; Huang et al., 2022b) and perform reasoning (Du et al., 2023;
Hao et al., 2023; Zhou et al., 2024; Huang et al., 2022a) by using human language to assist people in
daily activities, such as housework and daily chores. The next milestone for agents is to cooperate
with others to achieve joint tasks. This is crucial not only for efficiently performing simple tasks but
also for tackling complex ones that cannot be completed in isolation due to their inherent complexity
or the dynamic nature of the environment (Zhang et al., 2023b; Guo et al., 2024; Mandi et al., 2023;
Zhang et al., 2023a).

Notably, the cooperation among LLM-based embodied agents is rarely investigated despite being
highly desired. Conventional works often focus on adopting reinforcement learning (RL) (Jiang &
Lu, 2018; Liuetal.,2021; Wang et al., 2021) to explore the dynamics of cooperative behavior among
non-LLM-based agents. In spite of their promising performance in certain scenarios, RL-based
cooperation methods exhibit limited adaptability across different tasks (Dittadi et al., 2021; Cobbe
et al., 2019), since they are often not trained on large-scale data and lack sufficient generalization
ability. To solve this issue, in this work, we are particularly interested in the problem of “how to
develop an effective collaboration framework for LLM-based agents”, since LLMs have revealed
strong reasoning, planning, and communication ability across different tasks and thus are regarded
as good agents’ brains.

Among the limited related works, CoELA (Zhang et al., 2023b) proposes an LLM-based multi-
agent cooperation framework in which after each action execution, agents communicate to devise
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Task Description: Transport 1 mouses, 1 pen, 1 iPhone, and 1 purse to the bed.
Existing Agent Information: Alice knows the location of mouse, pen; Bob knows the location of purse. They don’t know the location of iPhone.

Ours (CaPo)

Meta Plan Generation

Step 1: Alice grasps mouse, pen, and put them into the wood basket.
@ Bob grasps purse. Step 2: Alice transports mouse and pen using
wood basket to the bed; Bob transports purse to the bed; and try to
| find iPhone and transport it touthe bed.

CoELA

© Communication & Execution

Alice grasps purse; Bob grasps mouse.

!

Progress-adaptive Meta Plan 1
@ Communication & Execution

Step 1: Alice grasps mouse, pen, and put them into the wood
basket. Bob grasps purse. Step 2: Alice transports mouse and
pen using wood basket to the bed; Bob transports purse to the
bed; and try to find iPhone and transport it to the bed.

Alice transports purse to the bed;
Bob transports mouse to the bed.

{

e . New | Alice found iPhone wh
® Communication & Execution i Alice found iPhone when
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Progress; grasping pen = upua ©

Alice grasps pen; Bob grasps pen. E Progress-adaptive Meta Plan 2

Step 1: Alice grasps iPhone and puts it into wood basket,
Bob transports purse to the bed. Step 2: Alice transports
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Figure 1: Procedure example of task accompllshment of CoELA (Zhang et al., 2023b) and our
CaPo. In CoELA, after each action execution, Alice and Bob communicate to decide next action
which is a greedy single-step plan and suboptimal. For example, they do not use wood basket which
can contain several objects, and both extemporaneously move a single item to the target bed without
a long-term strategic and collaborative plan. Differently, in CaPo, Alice and Bob first discuss to
make a long-term meta-plan for strategical cooperation in which Alice is arranged to move several
target items into a wood basket, and Bob moves the remaining target items and also searches the
unknown objects. Then during execution phase, both follow the meta-plan to accomplish task, and
dynamically adapt the meta-plan the latest task progress, ensuring its effectiveness and efficiency in
coordinating agents.

Progress-adaptive Meta Plan
& Execution

a single-step plan for the next action. Despite its significant advancements, COELA’s short-term,
single-step planning, which lacks consideration for long-term strategic collaboration, often results
in extemporaneous and incoherent actions among agents, leading to several potential issues. Firstly,
without a long-term coherent collaboration plan, it leads to numerous redundant action steps and in-
creased costs, since agents’ movement is not easy and is indeed expensive in the physical world. For
instance, as shown in Fig. 1, for the object transport task, agent Alice and Bob do not use the wood
basket which can contain several objects, and extemporaneously move their nearest target objects
one by one, leading to inferior efficiency. Moreover, complex tasks are difficult to accomplish with-
out thorough discussion and long-term collaboration, especially in (embodied) environments where
each agent has only partial observations. Finally, without a long-term cooperative plan, agents’
extemporaneous actions can result in mistakes with severe consequences. For instance, in search-
and-rescue missions, poor coordination can have dire outcomes, such as endangering human lives
due to the complex nature of these operations.

Contributions. To address the above issues, we propose a novel and effective Cooperative Plan
Optimization (CaPo) framework that uses LLMs’ strong reasoning and planning ability to en-
hance the cooperation efficiency of LLM-based embodied agents. Inspired by human cooperation
schemes (Tuomela, 1998; Thiirmer et al., 2017), CaPo engages agents in multi-turn discussions to
create and update a long-term strategic and coherent meta-plan, providing step-by-step guidance to
coordinate agents and efficiently complete tasks.

Specifically, to accomplish a task, CaPo consists of two phases: 1) meta-plan generation, providing
long-term strategical and coherent guidance for coordinating agents, and 2) progress-adaptive meta-
plan and execution, dynamically adapting the meta-plan to agents’ latest progress. In the first phase,
agents analyze the task and discuss with other agents for collecting relevant information. Next, one
agent is responsible for making a meta-plan which decomposes the task into subtasks with detailed
accomplishment steps like agent allocations, and then collects the feedback from other agents for
further meta-plan refinement. The steps of meta-plan generation and refinement will continue until
all agents reach a consensus or the communication cost is exhausted. This approach ensures the
thorough discussion and analysis of all agents, helping to make a long-term strategical and coherent
meta-plan for efficiently coordinating all agents. For example, as illustrated in Fig. 1, in the object
transport task, agents Alice and Bob are strategically assigned to different subtasks.

In the second phase, as shown in Fig. 1, agents follow the meta-plan from the first phase, and
focus on their assigned subtasks. As progress is made, agents may complete subtasks or make
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important observations, such as Alice in Fig. 1 discovering the object “iPhone” which is Bob’s
target. Accordingly, agents dynamically adapt meta-plan to the latest task progress through multi-
turn discussions, allowing Alice to handle the object “iPhone” and complete the task efficiently. This
progress-adaptive approach ensures that the meta-plan remains effective in coordinating all agents,
thereby enhancing cooperation efficiency.

Finally, experimental results demonstrate that CaPo significantly improves task completion rates
and efficiency compared to state-of-the-art (SoTA) methods on the widely used ThreeDworld Multi-
Agent Transport task (Zhang et al., 2023b) (object transport task) and the Communicative Watch-
And-Help task (Zhang et al., 2023b) (household chore task). For instance, on the ThreeDworld
Multi-Agent Transport task, CaPo surpasses the SOTA CoELA by 16.7% and 4.7% in completion
rate with GPT-3.5 and GPT-4 based agents, respectively

2 RELATED WORK

LLM-based Agents. LLM-based agents (Hong et al., 2023; Wang et al., 2024; Shen et al., 2024;
Liu et al., 2023a) are designed to autonomously perceive environments, execute actions, accumulate
knowledge, and evolve themselves, with rich real world knowledge and complex reasoning capabil-
ity inherited from LLMs. Notable agents like AutoGPT (Richards & et al, 2021), BabyAGI (Naka-
jima, 2023), and AgentGPT (Reworkd, 2023) showcase remarkable proficiency in decision-making
and complex reasoning. In the embodied environment, LLM-based agents have shown superior ca-
pacity in strategic planning (Li et al., 2023a; Padmakumar et al., 2022; Wu et al., 2023b; Huang et al.,
2022b). Specifically, LLM-planner (Song et al., 2023) harness LLMs to do few-shot planning for
embodied agents. PET (Wu et al., 2023a) translates a task description with LLMs into a list of high-
level sub-tasks. TaPA wu2023embodied enables the agent to generate executable plans by aligning
LLMs with visual perception models. Another line of research focuses on harnessing LLMs’s rea-
soning capabilities in embodied tasks (Zhou et al., 2024; Huang et al., 2022a). ELLM (Du et al.,
2023) utilizes LLMs to set pretraining goals in RL, guiding agents towards the goal without human
involvement.

Multi-Agent Cooperation. Multi-agent cooperation and communication have been studied for
decades to improve communication efficiency (Jiang & Lu, 2018; Li et al., 2023b) and plan-
ning (Torreno et al., 2017; Zhang et al., 2023a). Within the domain of embodied intelligence,
ProAgent (Zhang et al., 2023a) harnesses LLMs to develop proactive agents that dynamically adjust
their behavior to foster better cooperation with teammates. RoCo (Mandi et al., 2023) introduce
a multi-robot collaboration framework that employs LLMs for both high-level communication and
low-level path planning. (Guo et al., 2024) proposed a prompt-based organizational framework for
LLM agents to reduce communication costs and boost team efficiency. CoELA (Zhang et al., 2023b)
enables agents to plan, communicate, and collaborate effectively, but its plan is one-step plan and
is short-term. Despite these advancements, these methods focus on short-term planning and do not
involve sufficient agent discussion, while ours seeks to a long-term strategical and coherent plan via
agent’s thoughtful discussions for efficient multi-agent cooperation.

Optimization with LLMs. With the advancement of prompting techniques, LLMs have shown re-
markable performance across various domains (Wei et al., 2022; Kojima et al., 2022; Wang et al.,
2022; Zhou et al., 2022; Madaan et al., 2024). Their ability to understand natural language lays out
a new possibility for optimization. (Yang et al., 2023) first proposed to leverage LLMs as optimizer,
where the optimization task is described in natural language. OPT2I (Mafas et al., 2024) aims to en-
hance prompt-image consistency in text-to-image models by iteratively generating revised prompts
with LLMs to maximize the consistency score. Vislinglnstruct (Zhu et al., 2024) proposes optimiz-
ing multi-modal instruction for multi-modal language models in a zero-shot manner. DyLAN (Liu
et al., 2023b) is particularly relevant to our work. DyLAN (Liu et al., 2023b) enables agents to
interact for multiple rounds in a dynamic architecture to optimize the selection of agent. In contrast,
our work investigates cooperative plan optimization via multi-turn discussion between agents.

3 PRELIMINARIES

Task Formulation. We formulate the embodied multi-agent cooperation task as an decentralized
partially observable Markov decision process (DEC-POMDP) (Bernstein et al., 2002; Spaan et al.,
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Figure 2: Overview of the CooperAtive Plan Optimization (CaPo) framework for embodied
multi-agent cooperation. CaPo consists of two key phases: 1) meta-plan Generation: All agents
collaboratively formulate a meta-plan before taking any actions through multi-turn discussions. One
agent serves as meta-plan designer, responsible for creating the meta-plan, while all other agents
serve as meta-plan evaluators, providing critical feedback about meta-plan. 2) Progressive-adaptive
meta-plan and Execution: As new progress is made, agents adopt a progress-adaptive planning
module to adapt the meta-plan to the latest task progress, ensuring the effectiveness of meta-plan.

2006), which is defined as < n,S, O, A, P,r,v >. Here, n represents the number of agents; S
is the finite state space; O denotes the observation space; A is a finite joint action space of all
agents; P : § x A x & — [0, 1] denotes the transition probability function; r = S x A — R
denotes the reward function; v € [0, 1] denotes the discount factor. In this framework, at time step
t € N, each agent ¢ observes the environment’s state s; € S, and receives an observation set O;. O;
consists of a world observation O;", which the agent gathers through its sensors, or a communication
message observation Of from other teammate agents. Agent ¢ takes actions from its action space
A;, which includes a finite set of world action A", e.g., grasping a target object, or a finite set of
messaging action A$. Then agents receive a shared reward r; = 7(s;, a;), where a; € A denotes the
joint actions of agents, and observe a new state s;1 with probability P(s;y1|s¢, a;). We formulate
the problem with two decentralized intelligent embodied agents working together to complete a
long-horizon rearrangement task (Zhang et al., 2023b; Batra et al., 2020) in a multi-room indoor
environment. During the task, agents can execute multiple kinds of actions, such as navigation,
interaction, and communication by sending messages.

CoELA Framework. CoELA Zhang et al. (2023b) is a pioneering modular framework for embod-
ied multi-agent cooperation, which consists of five key modules: (a) Perception, (b) Memory, (c)
Communication, (d) Planning, and (e) Execution. For each agent, the (a) Perception Module gathers
observations from environment, including messages from other agents and relevant scene informa-
tion from the RGB-D image. The (b) Memory Module dynamically stores the shared task, dialogue
history between agents, agent progress, team- mate progress, and action history, all formatted as
text descriptions. (¢) The Communication Module retrieves relevant information from the memory
module and uses an LLM to generate messages that are sent to other agents. (d) The Planning Mod-
ule driven by LLM decides which plan to take given related information retrieved from the memory
module and available actions proposed regarding the current state. Finally, the (e) Execution Mod-
ule convert high-level plan into primitive actions executable in the environment. CoELA exhibits
great performances in the embodied multi-agent cooperation tasks, making it a strong baseline for
validating the effectiveness of our model in improving multi-agent cooperation efficiency.

4 COOPERATIVE PLAN OPTIMIZATION

We first introduce the overall framework of CooperAtive Plan Optimization (CaPo) for LLM-based
embodied agents in Sec. 4.1. We then respectively elaborate on the two key phases of CaPo, i.e.,
meta-plan generation and progress-adaptive meta-plan and execution, in Sec. 4.2 and Sec. 4.3.
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4.1 OVERALL FRAMEWORK OF CAPO

CaPo addresses the challenge of enabling two centralized embodied agents to effectively cooperate
in a shared environment. In this setup, each agent has partial observations and must rely on com-
munication and coordination to accomplish complex tasks. The key objective is to achieve strategic
and step-by-step collaboration, where both agents contribute to the task’s completion through effi-
cient planning and adaptive decision-making. As shown in Fig 2, each agent is equipped with five
foundational modules: perception, memory, communication, plan-phrasing, and execution. These
modules enable the agents to perceive their environment, store and retrieve relevant information,
exchange messages for coordination, generate plans, and execute actions accordingly.

To complete a task cooperatively and efficiently, inspired by humans collaboration (Tuomela, 1998;
Thiirmer et al., 2017), CaPo first analyzes the task at hand to create a long-term meta-plan before
agents take any actions. All agents participate in this plan-making process, either generating meta-
plan or providing feedback. The meta-plan is then dynamically refined based on the latest agent
progress to ensure its effectiveness in coordinating agents. To this end, it contains two key phases,
including 1) meta-plan generation, and 2) progress-adaptive meta-plan and execution. In the meta-
plan generation phase, given a task, multiple embodied agents first gather relevant information such
as object locations. Then, they discuss together to create a meta-plan that decomposes the task into
subtasks and consider agent situation (e.g., agent and object locations) to assign agents to differ-
ent subtasks with accomplishment steps. In the progress-adaptive meta-plan and execution phase,
agents dynamically align the meta-plan with their latest progress. This is achieved through multi-
turn discussion triggered by clear task progress, such as discovering target objects or successfully
completing subtasks. In the following, we will elaborate on these two phases in turn.

4.2 META-PLAN GENERATION

To generate the long-term meta-plan which coordinates all agents to accomplish tasks efficiently,
CaPo introduces two key steps, including 1) meta-plan initialization where one agent initializes a
meta-plan according to the task description and existing information, and 2) meta-plan evaluation
and optimization where all agents evaluate the meta-plan and provide feedback to improve the plan.

Meta-plan Initialization. At the beginning of a task, the task description is provided to all
agents, e.g, Transport 2 apples and 3 bananas to the bed. One agent, e.g., Al-
ice in Fig. 2, is randomly selected as the meta-plan designer, and creates the meta-plan through a
cooperative planning module. Note that the meta-plan here, as illustrated in Fig. 3, differs from the
short-term or unorganized plans used in previous work (Zhang et al., 2023b;a; Mandi et al., 2023).
Specifically, the cooperative planning module is equipped with a pre-trained LLM, and leverage the
LLM to generate the meta-plan. The prompting for the LLM is organized as follows:

[ Prompt: <Task Desc> + <Instruct Head> \n. LLM: <Meta-plan> . ]

Here, <Task Desc>, <Instruct Head>,and <Meta-plan> are three placeholders for
the task description, instruction head, and generated meta-plan. The task description provides back-
ground descriptions about the task, while the instruction head introduces additional constraints into
the generation of meta-plan, such as the format of meta-plan and available actions to generate a clear
and executable plan. Detailed prompt design is shown in Fig. 9 of Appendix.

Meta-plan Evaluation and Optimization. The meta-plan generated by a single agent is often
biased by that agent’s partial observations, resulting in a suboptimal plan that fails to coordinate
all agents effectively. To address this issue, CaPo involves all agents in a multi-turn discussion
to optimize the meta-plan. Specifically, the meta-plan designer (e.g., Alice in Fig. 3) broadcasts
the meta-plan to all teammate agents, while teammate agents (e.g., Bob in Fig. 3) serve as meta-
plan evaluators, providing feedback about the meta-plan. Since teammate agents have different
partial observations of the environment, they provide the meta-plan designer with better situational
awareness to help generate a more efficient and effective meta-plan. This optimization process
continues until all agents reach a consensus, i.e., the evaluator agents are satisfied with the meta-
plan, or the communication budget (e.g., maximum discussion round) is exhausted. Indeed, Fig. 8
in Sec. 5.2 analyzes the convergence analysis of the meta-plan optimization process, and shows that
typically agents would reach a consensus within three rounds of discussion.
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Meta Plan Generation
Step 1: Alice go grasp <purse> (931981), put <purse> (931981) into container; Bob explore living room. Step 2: Alice put <pen>
(14280289), <mouse> (3660150) into a container; Bob go grasp found objects and transport them to the bed.

Befa-

Discussion Round 1
[
=
o

M ge to Bob

Hi Bob, I have explored the Office and found a purse. I am currently holding a pen. I will continue exploring the Office to
gather the remaining target objects efficiently. Do you have any suggestions for our next steps in the meta plan?

M ge to Alice
Hi Alice, considering that you are currently holding one object and have found a container, you can start putting the objects into Tl
the container. I will grasp the mouse in living room. Please update the action plan accordingly. Satisfied with the meta plan : No

Meta Plan Generation
Step 1: Alice go grasp a container, put holding <pen>(1480289) into container; Bob go grasp <iPhone> (11176165). Step 2: Alice
go grasp <purse> (931981 , <mouse> (3660150), and put into container; Bob put <iPhone> (11176165) into a container.

befe-

2
=

Message to Bob
Hi Bob, I have updated the meta plan according to your suggestions. I think you could grasp the iPhone in the living room as you
are already there. Do you have any other suggestions to improve our meta plan?

Discussion Round 2

()
Message to Alice ]
Hi Alice, current plan looks good. But I recommend you grasp the <basket>(601123) and then put object into it to transport more (oo
objects efficiently. I will grasp the iPhone in the living room. . Satisfied with the meta plan : No

Meta Plan Generation
’; Step 1: Alice go grasp the <basket>(601123), put holding <pen>(1480289) into <basket>(601123); Bob go grasp <iPhone>
g é (11 176.165?. §tep 2: Alice go grasp <purse> (931981) , <mouse> (3660150), and put them into <basket>(601123); Bob continue
S T exploring living room.
[}
£ Alice Message to Bob
2 { Hi Bob, I have updated the meta plan according to your suggestions. I am satisfied with this meta plan; how do you think about it?] o
2
2 Message to Alice ]
[ Hi Alice, I think the meta plan is on the right track, let’s work together to transport as many objects as possible to the bed. Good (aoo)
progress so far! . Satisfied with the meta plan : Yes Bob

Figure 3: Examples of the evaluation and optimization process of meta-plan via multi-turn dis-
cussion between agents. The discussion is triggered by new progress, i.e., Alice founds new object
purse’. Here, Alice acts as the meta-plan designer, while Bob serves as the meta-plan evaluator.
The example is derived from the transporting task of TDW-MAT.

As shown in Fig. 2, each agent is equipped with a communication module powered by a pretrained
LLM to facilitate multi-turn discussions. Specifically, the communication module first retrieves
relevant information from the memory, e.g., meta-plan, agent state, and previous dialogue history
among agents, then prompts the LLM to generate the message to send via the following prompt:

Prompt: <Task Desc> + <Instruct Head> + <Meta-plan> + <Agent State> +

<Dialog History> \n. LLM: <Messages> .

The tags <Meta-plan>, <Agent State>,and <Dialog History> actas placeholders
for inserting the meta-plan, the agent’s state, and the dialogue history between agents. The tag
<Instruct Head> differs for the meta-plan designer and evaluator: the former instructs the
LLM to generate messages asking teammates for their opinions, while the latter focuses on providing
feedback on the meta-plan. After receiving feedback from the teammate agents, the meta-plan
creator reinitiates the process to generate a new meta-plan. Fig. 3 illustrates the evaluation and
optimization process of a meta-plan through multi-turn discussions among agents. It is evident
that the optimized meta-plan effectively integrates partially observed information from all agents,
resulting in improved coordination and efficiency. Detailed prompt designs for the communication
module can be found in Fig. 10 and 11 in the Appendix.

4.3 PROGRESS-ADAPTIVE META-PLAN & EXECUTION

The optimized meta-plan acts as a high-level guide, assigning subtasks to each agent and coordinat-
ing them for efficient task completion. However, due to dynamic environmental changes and task
progress updates, the meta-plan can become outdated during execution. As illustrated in Fig. 4,
agents may encounter significant progress, such as discovering target objects or completing sub-
tasks, necessitating adjustments to the meta-plan. In such cases, the previous plan becomes less
effective or invalid for coordinating the agents.

To address this, we design a progress-adaptive planning module for CaPo for adapting the meta-plan
to the agents’ latest progress. This module follows a similar process as described in Sec. 4.2—meta-
plan initialization, evaluation, and optimization—but with modified prompting strategies for the
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LLMs. Whenever an agent makes new progress, the meta-plan designer promptly generates an
updated meta-plan, followed by a multi-turn discussion among all agents to further optimize it. The
LLM prompting strategies for the progress-adaptive planning module are structured as follows:

Prompt: <Task Desc> + <Instruct Head> + <Meta-plan> + <Agent Progress>
+ <Teammate Progress> + <Dialog History> \n.

LLM: <meta-plan> or <Messages> .

Here we introduce two placeholders, <Agent Progress> and <Teammate Progress>,
to capture the task progress of agents and enable the LLM to generate progress-aware responses,
such as meta-plans or communication messages. Agents engage in discussions to optimize the meta-
plan until a consensus is reached or communication resources are exhausted (e.g., after three discus-
sion rounds). Detailed prompt designs for the LLMs—responsible for generating the meta-plan and
facilitating messages for both the meta-plan designer and evaluator—are provided in Fig. 11~12.

Once the meta-plan or progress-adaptive meta-plan
is established, each agent autonomously transforms
the plan into executable actions via a plan pars-
ing module and an execution module. The plan
parsing module generates the latest sub-plan by
retrieving relevant information from the memory
module and converting it into text descriptions,
and then compiles an Action List of all avail-
able high-level sub-plans. We implement the plan
parsing module as a pretrained LLM, and prompt
it with a concatenation of Instruct Head, Figure 4: Two types of new progress dur-
Task Description, meta-plan, Action INg task execution. (a) Discover a new ob-
History, Agent Progress, and Action JECt poundcake. (b) complete a subtask.
List to choose the most suitable sub-plan. See

Fig. 13 in Appendix for more prompt details. Given the sub-plan, we adopt a similar execution
module as in (Zhang et al., 2023b) to generate primitive actions for executing the sub-plan.

Subtask: Put poundcake in fridge.

(a) Discover a target object (b) Complete a subtask

5 EXPERIMENTS

Benchmarks. We follow CoELA, and adopt the ThreeDworld Multi-Agent Transport (TDW-MAT)
task (Zhang et al., 2023b), and the Communicative Watch-And-Help (C-WAH) task (Zhang et al.,
2023b) to test our CaPo. TDW-MAT is built on the general purpose virtual world simulation plat-
form TDW platform (Gan et al., 2020), and requires agents to move objects by their hands or con-
tainers which can contain several objects for efficient moving to the destination. Moreover, agents
can receive ego-centric 512x512 RGB-D images as observation and can communicate with others.
The test set of TDW-MAT consists 24 episodes, which evenly divided into food and stuff tasks. In
C-WAH, agents are requested to complete five types of household activities, represented as various
predicates with specific counts that must be satisfied. The test set contains 10 episodes, including
both symbolic and visual observation settings. More details about TDW-MAT and C-WAH environ-
ments are provided in Appendix B.1 and B.2, respectively.

Metrics. On TDW-MAT, we adopt Transport Rate, i.e., the fraction of subtasks completed within
3000 time steps (a.k.a. frames), as performance metric. Note, one action step may last multiple time
steps, e.g., resetting arms. On C-WAH, Average Steps to complete all tasks is used as the metric to
evaluate cooperation efficiency. Following CoELA (Zhang et al., 2023b), we also report Efficiency
Improvement (EI) of cooperating with other agents as AM /M, where AM is the main efficiency
metric difference, and M denotes the larger on of the main efficiency metric for numerical stability.

Implementation. Following CoELA, we test two settings on TDW-MAT task: 1) a real-world set-
ting where the perception module is instantiated as Mask-RCNN (He et al., 2017) that is trained us-
ing collected scene images (Zhang et al., 2023b), and 2) an oracle setting with segmentation ground-
truth. We use GPT-3.5-turbo and GPT-4 from the OpenAl API (OpenAl, 2024), and LLAMA-2-
13B-CHAT (Touvron et al., 2023), as LLMs in embodied agents. We set default parameters for
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| Classic Agents | GPT-3.5 Agents LLAMA-2 Agents GPT-4 Agents
|RHP*T RHP' | CoELA CaPoous)| CoOELAT CaPoous)| COELAT ProAgent RoCo  CaPo(ous)

w/o Oracle Perception

Food (T)| 49 67 195% |67 123% 70 131% | 57 you 66 y179% |82 138% 82 yory 8334% 85 1a3%
Stff ()| 36 54 1349% |39 118% 45 4or% |48 y11% 56 122% |61 yu1%% 57 135% 60 1309 64 L40%
Avg. (D] 43 61 4299% |52 y20% 57 y20% |53 +10% Ol y19% |71 y30% 69 131% 71 136% 74 141%

w/ Oracle Perception

Food (1)| 52 76 133%|72 +20% 85 y38% | 60 139 66 114% |87 419 84 1379 88 1429 90 140%
Stff ()| 49 74 1349% |73 130% 84 130% |63 y10% 76 123% |83 ya1% 85 134% 82 135% 87 138%
Avg. (D] 50 75 4349 |72 y30% 84 y38% | 62 y8% 71 y18% |85 ya1% 84 135% 85 138% 89 130%

Table 1: Comparison of average Transport Rate(%) of all baselines on the TDW-MAT w/o and
w/ Oracle Perception task. Each task requires agents to move two kinds of items, including Food
and Stuff. RHP* uses a single agent while all others adopt two agents.  denotes results quoted from
CoELA. The subscript value like +25% in 67 | 959 denotes the Efficiency Improvement.

| Classic Agents | Heterogeneous Agents | GPT-4 Agents

[MHP*"  MHP' |MHP+CoELAT MHP+CaPo|CoELAT ProAgent RoCo CaPo(ous)
Symbohc Obs (\L) 111 75 +33% 59 +45% 57 +47% 57 +49% 62 +37% 57 +43% 51 +46%
Visual Obs (\L) 141 103 +26% 94 +34% 90 +38% 92 +34% 90 +37% 89 +32% 83 +37%

Table 2: Comparison of Average Steps of all methods on the C-WAH task. ”Symbolic Obs” and
”Visual Obs” denote symbolic and visual observation settings, respectively. MHP* uses a single
agent while all others adopt two agents. T indicates results quoted from CoELA. The subscript value
like +33% in 75 | 339, denotes the Efficiency Improvement.

LLMs: temperature of 0.7, a maximum of 256 output tokens, and top-p sampling with p = 1. Our
code will be made publicly available.

Baselines. We adopt two types of methods as our baseline: 1) classical agents, including
MCTS-based Hierarchical Planner (MHP) (Puig et al., 2020) and Rule-based Hierarchical Plan-
ner (RHP) (Gan et al., 2022). 2) LLM-driven agents, including CoELA Zhang et al. (2023b),
ProAgent (Zhang et al., 2023a), and RoCo (Mandi et al., 2023). CoELA Zhang et al. (2023b) fea-
tures a modular framework for multi-agent planning, communication, and complete long-horizon
tasks, but generate independent short-term plan for each agent. ProAgent (Zhang et al., 2023a), and
RoCo (Mandi et al., 2023) generate joint plans for cooperative agents, and introduce a reflection
loop or environment feedback for plan validation. See more details in Appendix A.1.

5.1 MAIN RESULTS

Performance comparison. We follow CoELA to test two-agent cooperation setting, and compare
with classical methods like MHP and RHP, and LLM-driven methods CoELA, ProAgent, and RoCo.

Table 5 summarizes the performance of all compared methods under the two settings of the TDW-
MAT task, and shows several observations. 1) Compared with the single-agent baseline RHP, CaPo
and all two-agent baselines consistently make significant improvements, showing the effectiveness
of multi-agent cooperation in embodied tasks. 2) In multi-agent comparisons, our CaPo outperforms
LLM-driven methods by a clear margin, e.g., respectively making 4.7% and 5.9% improvement over
CoELA and RoCo under the oracle perception setting. 3) CaPo demonstrates consistently superior
performance across all settings when paired with different LLMs as the agent brain. Notably, even
with a less advanced LLM like GPT-3.5-turbo, CaPo achieves a significantly higher performance
compared to the baseline CoELA. For example, under the oracle perception setting, CaPo achieves
a transport rate of 84, outperforming CoELA’s 72. The improvement of CaPo is derived from its
meta-plan and progress-adaptive meta-plan, which both provide strategical and coherent guidance
for agent cooperation, thereby improving cooperation performance.

Table 5 reports the performance of all methods on the C-WAH task. Specifically, with GPT-4 agents,
our CaPo respectively makes 9.8%, 7.6% and 6.6% relative improvement on CoELA, ProAgent and
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1 CoELA-SoTA TUT Previous Meta Plan: Step 1: Alice explores living room; Bob explore office.
x1.2 184 { revious Yeta Hlan Step 2: Alice and Bob grasp found objects and put them into fridge.
[ CaPo-Ours Current progress: Next action for Alice: Next action for Bob:
72 Alice found 1 wine and 2 cupcakes Grasp 1 cupcake and 1 wine. Grasp 1 cupcake.
x1.9 ]
\ <
-
X2.3;
10 Py d‘i' ‘ Step 1: Al 1 l ake; Bob 1 ke
. . . rogress-adaptive tep 1: Alice grasps 1 wine and 1 cupcake; Bob grasps 1 cupcake.
1000 time Steps 2000 times Steps 3000 time StePS Meta Plan: Step 2: Alice puts wine and cupcake into fridge; Bob puts cupcake into fridge.

Figure 5: Comparison of Transport Figure 6: Example of progress-adaptive meta-plan
Rate (%) of CoELA and CaPo using adaptation. New progress: Alice found target objects,
GPT-3.5 under different time steps. 1 wine and 2 cupcakes.

Meta Plan Step 1: Alice goes grasp pudding and wine; Bob goes grasp cupcake. Step 3. Alice and Bob put holding objects on the table.
Step 2: Alice and Bob transport holding objects to the table. ©00

Alice : é

Sub Transport pudding and
Plan wine.

Alice Wy
Go grasp pudding and
wine.

Bob

Sub Put pudding and wine Put cupcake on dinner-
Plan on table. -table.

Go grasp cupcake. Transport cupcake.

Figure 7: Examples of cooperative behaviors introduced by meta-plan. Guided by meta-plan,
agents show clear work and task allocation, thereby improving cooperative efficiency.

RoCo. Interestingly, CaPo, when paired with MHP, where the CaPo agent independently creates
and updates the meta-plan, outperforms both a team of two MHP agents and a combination of MHP
and CoELA agents. These results consistently highlight the superiority of CaPo in enhancing multi-
agent cooperation. We provide more analysis on heterogeneous agents in Appendix A.2.

Efficiency comparison. To demonstrate the cooperation efficiency, we compare the transport rates
of CaPo and CoELA with different time steps on TDW-MAT. As shown in Fig. 5, with the same time
step budget and GPT-3.5 agents, CaPo consistently outperforms CoELA across various time steps,
indicating its superiority to coordinate agents effectively. The improvement is particularly clear in
scenarios of small time steps. For example, given 1,000 time steps, CaPo doubles the transport rate
of CoELA by improving 10% to 23%. This shows that with limited time or resources, a cooperative
meta-plan can significantly improve cooperation efficiency.

Qualitative Analysis. Here we investigate the agents’ behavior in CaPo with GPT-4 on the C-
WAH task. In the meta-plan generation phase, as shown in Fig. 3, agents ask questions, provide
feedback, and collaboratively refine the initial meta-plan. Moreover, in this phase, Fig. 7 shows
that with meta-plan as guidance, two agents, Alice and Bob, have clear work/labor allocation to
complete tasks, thereby avoiding redundant steps and improving cooperation efficiency. For the
progress-adaptive meta-plan and execution phase, Fig. 6 also shows that when agent Alice achieves
progress, e.g., discovering three target objects, both agents will accordingly discuss to adapt the
meta-plan, e.g., grasping 1 wine and 1 cupcake by Alice. This ongoing adaptation of the meta-plan
provides strategic, coherent, and timely guidance, facilitating efficient coordination among agents
and ultimately enhancing multi-agent cooperation.

5.2 ABLATION STUDY

Effects of each component in CaPo. Here we examine the effects of two key components: 1)
meta-plan generation, which includes meta-plan initialization, evaluation, and optimization, and 2)
the progress-adaptive meta-plan. To evaluate their impact, we first remove both components from
CaPo, resulting in CaPo;. As shown in Table 3, CaPos, which includes meta-plan initialization
but freezes the meta-plan during subsequent procedures, improves upon CaPo; by approximately
1% across three metrics, demonstrating the value of meta-plan initialization. Similarly, CaPos,
which incorporates the full meta-plan generation process, outperforms CaPos by a significant mar-
gin, highlighting the benefits of meta-plan evaluation and optimization. Finally, CaPo achieves a 7%
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Method Food (1) Stuff (1) Avg. (1) ~ Method Symbolic Obs () Visual Obs ({)
CaPo; (No MP + No Pro. MP) 72 75 73 CaPox1 93 106
CaPo, (MP Initialization + No Pro. MP) 73 76 74 CaPox2 51 83
CaPo3 (MP Generation + No Pro. MP) 74 80 77 CaPox3 46 72
CaPo (MP Generation + Pro. MP) 85 84 84 CaPox4 45 74

Table 4: Benefits of increasing
Table 3: Effects of the components in CaPo using  agent numbers in our CaPo using

GPT-3.5 on TDW-MAT task. We report the transport  GPT-4 on the C-WAH task. Aver-
Rate (TR, %). MP” denote ‘Meta Plan” and Progress- age steps required to complete task
Adaptive Meta Plan”, respectively. are reported.

improvement over CaPogs, showcasing the effectiveness of the progress-adaptive meta-plan. These
results underscore the importance of each component in the CaPo framework.

Effects of agent number. Table 4 investigates the effects of agent number in CaPo using GPT-
4 on the C-WAH task, where “CaPo x C” denotes using C GPT-4 agents. We can observe that
increasing agent number to 3 significantly reduces the overall time step number required to complete
tasks. This improvement also shows the effectiveness of our CaPo on multiple agent cooperation.
However, increasing the number of agents to four results in only minor or degraded improvements.
This is because for simple tasks, agents are too much and suffer from highly-frequent agent dispatch,
leading to inferior collaboration efficiency. For instance, setting up a dining table does not require
four waiters, as a maximum of two agents is sufficient.

Progress in meta-plan adaptation. Fig. 4 in
Sec. 4.3 shows two clear task progress examples: | Discussion —— 4 —— 5 —— 3 /=7 53
1) discovering a target object and 2) completing a | Re"d
subtask, both of which can trigger agents to adapt
the meta-plan to their latest task progress. Such 36.4
progress is crucial, as agents need to continually re- 31.2 324
fine the meta-plan to complete tasks efficiently and 256
maximize cooperation. Conversely, actions without :

significant progress, such as entering a new room, 20.1 20.9 2L
do not prompt agents to adjust the current (progress-
adaptive) meta-plan. This is because it would be un-
necessary, and updating the meta-plan involves com-
munication, which incurs additional time overhead.

12.3

Food tasks Stuff tasks

Convergence analysis of agent discussion. Here Figure 8: Percentage (%) of discussion
we investigate the convergence of agent discussions, rounds needed for agents to reach consen-
specifically focusing on how many rounds are re- sus on a meta-plan, based on results from
quired for agents to reach a consensus on the meta- TDW-MAT.

plan. In the TDW-MAT environment, we set the

maximum number of discussion rounds—referred to as the discussion budget—at three. As shown
in Fig. 8, agents reach consensus on the new meta-plan within three rounds in most cases, with
78.9% achieving consensus in the “Stuff” tasks. This meta-plan, which incorporates the states of all
agents, enables more efficient cooperation in task completion. Furthermore, by limiting the number
of discussion rounds, CaPo strikes a balance between discussion effectiveness and budget, prevent-
ing unnecessary or prolonged discussions.

6 CONCLUSION

In this work, we introduce Cooperative Plan Optimization (CaPo) to enhance cooperation efficiency
of LLM-driven embodied agents. CaPo first proposes to create a strategic and coherent meta-plan
through multi-turn agents discussion before executing any actions. CaPo first proposes creating a
strategic and coherent meta-plan through multi-turn discussions among agents before executing any
actions. This meta-plan serves as an action guide to efficiently coordinate multiple agents in com-
pleting tasks. During the execution phase, agents dynamically adapt the meta-plan to their latest task
progress, maintaining the effectiveness of the meta-plan in coordinating agents to complete tasks ef-
ficiently. Experimental results on TDW-MAT and C-WAH tasks show the higher task completion
rates and efficiency of CaPo compared to state-of-the-arts.

10
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While CaPo significantly improves multi-agent cooperation efficiency, it has limitations, specifically
its heavy reliance on LLMs for reasoning and planning during meta-plan generation and adaptation.
As shown in Table 5, agents using stronger LLMs like GPT-3.5 outperform those using weaker ones
like LLAMA-2. This dependency is a common challenge for LLM-based frameworks like CoELA.

REPRODUCIBILITY STATEMENT

We provide detailed descriptions of the two aforementioned embodied environments in Sec.B, cov-
ering task settings, as well as the observation and action spaces of the agents. Additionally, we
present the detailed prompt designs used in our LLMs in Sec.C of the Appendix. Furthermore, we
include a section in Appendix Sec. A.3 to demonstrate the reproducibility of our experimental results
on the TDW-MAT environments.
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