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ABSTRACT

In this work, we address challenging multi-agent cooperation problems with de-
centralized control, raw sensory observations, costly communication, and multi-
objective tasks instantiated in various embodied environments. While previous re-
search either presupposes a cost-free communication channel or relies on a central-
ized controller with shared observations, we harness the commonsense knowledge,
reasoning ability, language comprehension, and text generation prowess of LLMs
and seamlessly incorporate them into a cognitive-inspired modular framework that
integrates with perception, memory, and execution. Thus building a Cooperative
Embodied Language Agent CoELA, who can plan, communicate, and cooperate
with others to accomplish long-horizon tasks efficiently. Our experiments on C-
WAH and TDW-MAT demonstrate that CoELA driven by GPT-4 can surpass strong
planning-based methods and exhibit emergent effective communication. Though
current Open LMs like LLAMA-2 still underperform, we fine-tune a CoLLAMA
with data collected with our agents and show how they can achieve promising
performance. We also conducted a user study for human-agent interaction and
discovered that CoELA communicating in natural language can earn more trust and
cooperate more effectively with humans. Our research underscores the potential of
LLMs for future research in multi-agent cooperation. Videos can be found on the
project website https://vis-www.cs.umass.edu/Co-LLM-Agents/.

1 INTRODUCTION

Humans are adept at cooperating and communicating with others when solving complex tasks
(Woolley et al., 2010). Building embodied agents that can also engage in and assist humans in
everyday life is a valuable but challenging task, considering the complexity of perception, partial
observation, long-horizon planning, natural language communication, and so on (Deitke et al., 2022).

Large Language Models (LLMs) have exhibited remarkable capabilities across various domains,
implying their mastery of natural language understanding, dialogue generation, rich world knowledge,
and complex reasoning capability (OpenAI, 2023; Touvron et al., 2023; Brown et al., 2020; Bubeck
et al., 2023). Recent research has also demonstrated that LLMs can drive embodied agents for
single-agent tasks through zero-shot prompting for instruction following tasks (Huang et al., 2022a)
or few-shot prompting for more complex long-horizon tasks (Song et al., 2022). However, building
cooperative embodied agents to work with other agents or with humans under decentralized settings
with costly communication remains challenging and rarely explored, where they also need to have
strong abilities for cooperative planning and efficient communication. To date, it still remains unclear
whether LLMs have such abilities necessary for distributed embodied multi-agent cooperation.

Therefore, this paper aims to investigate how to leverage LLMs to build cooperative embodied agents
that can collaborate and efficiently communicate with other agents and humans to accomplish long-
horizon multi-objective tasks in a challenging decentralized setting with costly communication. To
this end, we focus on an embodied multi-agent setting as shown in Figure 1, where two decentralized

* denotes equal contribution.
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“Hi, Bob. I
found 3 target objects 

in the kitchen, 
I remember

you were holding an 
empty container, 

can you come here to 
pick them up while I 
go to explore other 

rooms?”

“OK, thanks for your 
information, I'll go to 

transport them.”

Bob
(Human/AI) 

Alice
(LLM) 

Orange Apple

Apple Tea tray

Figure 1: A challenging multi-agent cooperation problem with decentralized control, raw sensory
observations, costly communication, and long-horizon multi-objective tasks.

embodied agents have to cooperate to finish a multi-objective household task efficiently with complex
partial observation given. Specifically, communication in our setting takes time as in real life, so
the agents can’t simply keep free talking with each other. To succeed in this setting, agents must i)
perceive the observation to extract useful information, ii) maintain their memory about the world, the
task, and the others, iii) decide what and when to communicate for the best efficiency and iv) plan
collaboratively to reach the common goal.

Inspired by prior work in cognitive architectures (Laird, 2019), we present CoELA, a Cooperative
Embodied Language Agent, a cognitive architecture with a novel modular framework that utilizes
the rich world knowledge, strong reasoning ability and mastery natural language understanding
and generation capability of LLMs, who plan and communicate with others to cooperatively solve
complex embodied tasks. Our framework consists of five modules, each to address a critical aspect of
successful multi-agent cooperation, including a Perception Module to perceive the observation and
extract useful information, a Memory Module mimicking human’s long-term memory to maintain the
agent’s understanding of both the physical environment and other agents, a Communication Module
to decide what to communicate utilizing the strong dialogue generation and understanding capability
of LLMs, a Planning Module to decide high-level plans including when to communicate considering
all the information available, and an Execution Module to execute the plan by generating primitive
actions using procedures stored in the memory module.

We instantiate our challenging setting and evaluate our framework on two embodied environments:
ThreeDWorld Multi-Agent Transport (TDW-MAT) and Communicative Watch-And-Help (C-WAH).
Our experimental results indicate that CoELA can perceive complex observations, reason about
the world and others’ state, communicate efficiently, and make long-horizon plans accordingly, as
showcased in Figure 1 where CoELA divide the labor with its partner through natural language
communication effectively. In particular, CoELA driven by GPT-4 can outperform strong planning-
based baselines by achieving more than 40% efficiency improvements and exhibiting emergent
efficient communication. Though Open LMs like LLAMA-2 still underperform, we utilize parameter-
efficient fine-tuning techniques LoRA (Hu et al., 2021) to train a CoLLAMA on few data collected
with our agents and gain promising performance. In the user study, we also discover that CoELA
communicating with humans in natural language can earn more trust. Our contribution includes:

• We formalized a challenging multi-agent embodied cooperation problem with decentralized control,
complex partial observation, costly communication, and long-horizon multi-objective tasks, and
instantiated it in two embodied environments: C-WAH and TDW-MAT.

• We presented a novel cognitive-inspired modular framework that utilizes the strong planning and
communication capability of the LLMs to build cooperative embodied agents CoELA, surpassing
strong planning-based methods.

• We conducted a user study to evaluate the possibility of achieving effective and trustworthy human-
AI cooperation using LLMs.

2 RELATED WORK

Multi-Agent Cooperation and Communication The field of multi-agent cooperation and commu-
nication has a long-standing history (Stone & Veloso, 2000). Many platforms have been proposed
for various multi-agent tasks (Lowe et al., 2017; Resnick et al., 2018; Shu & Tian, 2018; Jaderberg
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et al., 2019; Samvelyan et al., 2019; Suarez et al., 2019; Baker et al., 2019; Bard et al., 2020). Other
works focused on methods that improves communication ef�ciency (Jiang & Lu, 2018; Das et al.,
2019; Wang et al., 2021; Wan et al., 2022), cooperation in visually rich domains (Jain et al., 2020), or
grounding communications in environments (Patel et al., 2021; Mandi et al., 2023; Narayan-Chen
et al., 2019). For embodied intelligence, Puig et al. (2021; 2023) explored the social perception
of the agents during their cooperation. However, these platforms either neglects communication
(Jaderberg et al., 2019; Samvelyan et al., 2019; Carroll et al., 2019; Puig et al., 2021; 2023), or use
uninterpretable continuous vectors (Jiang & Lu, 2018; Das et al., 2019) or limited discrete sym-
bols (Lowe et al., 2017; Jaques et al., 2019; Jain et al., 2020; Patel et al., 2021; Resnick et al., 2018)
for communication. In contrast, we propose a more challenging setting where no presupposed free
communication channel exists, anddistributed agents need to use natural language to communicate
ef�ciently with others, especially humans.

Language AgentsRecently, numerous studies have exploredlanguage agentswhich use LLMs for
sequential decision-making (Yang et al., 2023; Wang et al., 2023b; Xi et al., 2023; Sumers et al.,
2023). Although LLMs still face challenges when solving complex reasoning problems (Bubeck et al.,
2023), a substantial body of work demonstrates their capacity to make plans (Sharma et al., 2021;
Raman et al., 2022; Pallagani et al., 2022; Gramopadhye & Sza�r, 2022; Yuan et al., 2023; Li et al.,
2022; Wang et al., 2023d), especially in embodied environments (Li et al., 2023a; Padmakumar et al.,
2022; Kolve et al., 2017; Shridhar et al., 2020; Misra et al., 2018; Zhu et al., 2017; Brodeur et al.,
2017; Xia et al., 2018; Savva et al., 2019; Xiang et al., 2020; Jain et al., 2020; 2019). Speci�cally,
Liang et al. (2022); Song et al. (2022) used codes or few-shot prompting to directly generate plans,
Huang et al. (2022b) built an inner monologue with environment feedback to improve planning, Ahn
et al. (2022) combined robotic affordances and LLMs for grounded instruction following. There has
also been a line of work utilizing multiple LLMs to cooperate or debate with each other "in mind"
to strengthen the single agent's capability to solve complex tasks (Li et al., 2023b; Du et al., 2023;
Wang et al., 2023c), different from their "free self-talk" setting, our decentralized language agents
must plan about when and what to communicate carefully since it's costly in real-life. More recently,
Park et al. (2023) built an agent society using LLMs augmented with memories to simulate human
behavior. In contrast to the above, our work addresses a morechallengingmulti-agent cooperation
problem, characterized by decentralized control, complex observations,costly communication, and
long-horizon multi-objective tasks. We also study the capability of Open LMs like LLAMA-2 and
tine-tune aCoLLAMAusing LoRA with data collected by our agents in embodied environments to
demonstrate their promising performance for building better cooperative embodied agents.

3 COOPERATIVEPLANNING UNDER DEC-POMDP-COM

Our setting can be de�ned as an extension of the decentralized partially observable Markov decision
process (DEC-POMDP) (Bernstein et al., 2002; Spaan et al., 2006; Goldman & Zilberstein, 2003),
which can be formalized by(n; S; f � i g; f A i g; f Oi g; T; G; R; 
; h ), wheren denotes the number
of agents;S is a �nite set of states;A i = AW

i [ AC
i is the action set for agenti , including

a �nite set of world actionsAW
i and a communication actionAC

i to send a message� i 2 � i ;
Oi = OW

i � OC
i is the observation set for agenti , including world observationsOW

i the agent
receives through its sensors, andOC

i = � 1 � � � � � � n the set of possible messages the agent
can receive from any of its teammates;T(s; a; s0) = p(s0js; a) is the joint transition model which
de�nes the probability that after taking joint actiona 2 A1 � � � � � An in s 2 S, the new state
s0 2 S is achieved;G = f g1; � � � ; gk g de�nes the task with several sub-goals for the agents to
�nish; R(s; a; s0) = � c(a) +

P k
i =1 1(s0 = gi ) � 1(s = gi ) is the reward function to the team,

wherec(a) is the cost for actiona, and1(�) checks if the sub-goalgi is satis�ed in the world state
s; 
 is the discount rate andh is the planning horizon. In the remainder of this paper, we focus on
noise-free broadcast communication and limit our discussion to two agents, though our methods and
experiments are generalizable to more than two agents.

We instantiate the problem with two decentralized intelligent embodied agents (including humans)
cooperating to accomplish a long-horizon rearrangement task (Batra et al., 2020) in an indoor multi-
room environment. The agents are capable of executing one of the actions from the action space
A = A NAV [ A INT [ A COM, whereA NAV includes navigation actions,A INT includes interaction
actions andA COM includes a communication action with which the agent can send a message in
natural language to broadcast to others. The rearrangement task is de�ned with several predicates

3



Published as a conference paper at ICLR 2024

Figure 2: An overview ofCoELA. There are �ve key modules in our framework: (c) The Communi-
cation Module and (d) the Planning Module leverage LLMs to generate messages and make plans,
(b) The Memory Module stores the agent's knowledge and experience about the world and others
in semantic, episodic and procedural memory respectively, (a) The Perception Module and (e) the
Execution Module interact directly with the external environment by perceiving raw observations and
generating primitive actions. More design details can be found in Appendix A.

gi with counts to be satis�ed, such asON(plate,dinnertable):2 representing a sub-task of
putting two plates onto the dinner table.

4 BUILDING COOPERATIVEEMBODIED AGENTSMODULARLY WITH LLM S

4.1 FRAMEWORK OVERVIEW

Inspired by the cognitive architectures (Langley et al., 2009; Laird, 2019; 2022), we buildCoELA,
a Cooperative Embodied Language Agent with novel modular framework integrating the strong
reasoning ability and language generation capability of LLMs. As shown in Figure 2,CoELA
consists of �ve key modules: (a) Perception, (b) Memory, (c) Communication, (d) Planning, and
(e) Execution. At each interaction step,CoELA�rst uses (a) Perception Module to perceive the
raw sensory observation received from the environment, then updates the (b) Memory Module with
extracted new information, which stores its knowledge and experience of the world and others.
CoELAtackles the challenge of ef�cient communication with a two-step method: �rst decide on
what to send, then decidewhetherto send this message or choose another plan by deliberately
using (c) TheCommunication Moduleto retrieve related information from (b) and utilize an LLM to
generate the best message to send "in mind" beforehand, then leverages (d) thePlanning Module
driven by LLM with strong reasoning ability to make the decision on which plan to take given the
related information retrieved from (b) and available actions proposed regarding the current state.
The generated plan is then used to update (b2) the Episodic Memory. Finally, (e) theExecution
Moduleretrieves procedural knowledge stored in (b3) to turn the high-level plan into primitive actions
executable in the environment.
4.2 PERCEPTIONMODULE

For embodied agents to be helpful in the real world, they have to perceive raw observations gained
through sensors and extract useful information for downstream higher-order reasoning. We incor-
porate the Perception Module to deal directly with the complex visual observation received from
the environment by training a Mask-RCNN (He et al., 2017) to predict the segmentation masks
from the RGB image, then build 3D point clouds using the RGB-D image, extract useful high-level
information such as the states of the key objects and build a local semantic map.
4.3 MEMORY MODULE

It's of vital importance for an agent to maintain a memory of the knowledge and experience it has of
the world and others, we mimic human's long-term memory (Atkinson & Shiffrin, 1968; Wang &
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Laird, 2006; Nuxoll & Laird, 2012) and design Semantic memory, Episodic Memory, and Procedural
Memory forCoELA.

Semantic MemorystoresCoELA's knowledge about the world including a semantic map, the task
progress, the state of self, and the state of others. Each time a new observation is received and
perceived by the Perception Model, the Semantic Memory is updated accordingly. To be noticed,
CoELA's knowledge about the world may not be accurate since other agents may interact with the
objects and change their states without its awareness. Dealing with imparities between the memory
and the description of the world from others adds even more challenges.

Episodic Memory storesCoELA's experience about the past including the action history and dialogue
history. Each timeCoELAexecutes a new action including sending out a message or receiving a new
message, the related information is added to the Episodic Memory.

Procedural Memory contains knowledge including how to carry out speci�c high-level plans in a
speci�c environment implemented in code and the neural models' parameters.
4.4 COMMUNICATION MODULE

To deal with thewhatto send problem, we deliberately design a Communication Module utilizing the
strong free-form language generation capability of the LLMs to act as a message generator. To better
condition the LLMs on the cooperative task and avoid inef�cient casual chatting, the Communication
Module �rst retrieves the related information from the Memory Module including the semantic map,
task progress, agent state, others state, and the action and dialogue history, then convert these into text
descriptions using templates, �nally prompt the LLMs with the concatenation ofInstruction Head,
Goal Description, State Description, Action History,andDialogue Historyto generate the message
to send. To better constrain LLMs' generated messages, a note at the end of the prompt is added and
two seed messages are appended at the beginning of the Dialogue History to elicit deserved effective
communication behavior. Detailed prompt design in Appendix. A.3.
4.5 PLANNING MODULE

CoELAneeds a strong Planning Module to make decisions on which action to take utilizing all avail-
able information gathered and stored so far to maximize cooperation ef�ciency. While designing such
a module from scratch consumes large human expert efforts and is nearly impossible to generalize, we
utilize powerful LLMs directly as the Planning Module by �rst retrieving the related information from
the Memory Module and converting them into text descriptions as in the Communication Module,
then compile an Action List of all available high-level plans proposed according to the current state
and the procedural knowledge stored for the LLMs to make the choice, which formalization makes it
easier for the LLMs to concentrate on the reasoning and make an executable plan without any few-shot
demonstrations easily, �nally prompting the LLMs with current information and the proposed Action
List to generate a high-level plan. We also use the zero-shot chain-of-thought prompting technique
introduced by Kojima et al. (2022) to encourage the LLMs to carry out more reasoning before giving
the �nal answer. More details can be found in Appendeix. A.4.
4.6 EXECUTION MODULE

As shown in (Deitke et al., 2022), solving challenging embodied tasks requires modular methods
to tackle the complexity of tasks. We found that while LLMs were effective at making high-level
plans, they were poor at making low-level controls, as also discussed in (Wu et al., 2023). Thus, to
enable effective and generalized cooperation decision-making in different environments, we design
an Execution Module to generate primitive actions to execute a given high-level plan robustly in a
speci�c environment, allowing the Planning Module to be generalizable and focus more on solving
the overall task with LLMs' rich world knowledge and strong reasoning ability. Practically, this
design can also reduce the LLM inference time and is time-saving and economical.CoELAretrieves
the procedures in its Memory Module regarding the plan generated by the Planning Module and then
carries out the procedure with primitive actions suitable for the environment.

5 EXPERIMENTS
5.1 EXPERIMENTAL SETUP

ThreeDWorld Multi-Agent Transport (TDW-MAT) is a multi-agent embodied task extended from
the ThreeDWorld Transport Challenge (Gan et al., 2022) with more types of objects and containers,
more realistic object placements, and communication between agents supported, built on top of the
TDW platform (Gan et al., 2021), which is a general-purpose virtual world simulation platform. The
agents are tasked to transport as many target objects as possible to the goal position with the help
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of containers as tools. The agents receive ego-centric 512� 512 RGB-D images as observation and
have an action space of low-level navigation control, interaction, and communication. We selected 6
scenes from the TDW-House dataset and sampled 2 out of the two types of tasksfoodandstuff in
each of the scenes, making a test set of 24 episodes, and instantiate the horizonh with 3000 frames.

Communicative Watch-And-Help (C-WAH) is extended from the Watch-And-Help Challenge (Puig
et al., 2021) built on a realistic multi-agent simulation platform, VirtualHome-Social (Puig et al.,
2018; 2021), where we focus more on cooperation ability and support communication between agents.
We conduct experiments under both symbolic and visual observation settings. The task is de�ned
as �ve types of common household activities and represented as various predicates with counts to
be satis�ed. We sampled 2 tasks from each of the �ve types of activities to construct a test set of 10
episodes and instantiate the horizonh with 250 steps. More details can be found at Appendix. B.

Metrics We use theTransport Rate (TR), the fraction of the sub-goals satis�ed on TDW-MAT, and
theAverage StepsL taken to �nish the task on C-WAH as main ef�ciency metrics respectively and
calculateEf�ciency Improvement (EI)of cooperating with other agents as� M=M 0, where� M
denotes the main ef�ciency metric difference, andM 0 denotes the larger one of the main ef�ciency
metric for numerical stability.

5.2 BASELINES

MCTS-based Hierarchical Planner(MHP) is adopted from the strongest baseline in the original
Watch-And-Help Challenge, which is a Hierarchical Planner with a high-level planner based on
MCTS and a low-level planner based on regression planning (Korf, 1987).

Rule-based Hierarchical Planner(RHP)is adopted from the strong performing baseline in the
original ThreeDWorld Transport Challenge, which is a Hierarchical Planner with a high-level planner
based on heuristics rules and a low-level A-start-based planner to navigate with semantic map, using
Frontier Exploration strategy which randomly samples a way-point from an unexplored area as a
sub-goal for exploration.

Multi-Agent Transformer(MAT) is a MARL baseline that applies a centralized decision transformer
to generate actions from shared observations (Wen et al., 2022). To apply MAT in our setting, we
make the compromise to feed the oracle semantic map and the agent states as observation and stack
up to 50 frames as an RL step since TDW-MAT is too hard for it with long-horizon and sparse reward
signals. We train MAT on the training set with more details in Appendix. C.1.

Implementation Details. We train a Mask-RCNN on the training set for the Perception Module
and instantiateCoELAwith the most powerful LLM GPT-4 from the OpenAI API1 with the default
parameter of temperature 0.7, top-p 1, and max tokens 256 unless other stated. We also conduct
experiments with Open LLM LLAMA-2-13b-chat (Touvron et al., 2023) and �ne-tune aCoLLAMA
with LoRA (Hu et al., 2021) on a small set of human-�ltered high-quality trajectory data collected
with our agents. More details are deferred to the Appendix. C.3.

5.3 RESULTS

5.3.1 COLLABORATING WITH AI A GENTS

Symbolic Obs Visual Obs

MHP 111 141

MHP + MHP 75(" 33%) 103(" 26%)
MHP + CoELA 59(" 45%) 94(" 34%)
CoELA + CoELA 57(" 49%) 92(" 34%)

Table 2: Quantitative results on C-WAH. We
report the average steps(Ef�ciency Improvement)
here over 5 runs for MHP and 1 run forCoELA
due to cost constraints. The best performance is
achieved when cooperating withCoELA.

CoELA cooperates better with baseline agent
As shown in Table 1, compared with RHP doing
the task alone, cooperating withCoELAleads
to a higher TR and EI than cooperating with
another RHP (0.69(36%) v.s. 0.61(29%)), even
without any knowledge of the inner working
mechanism of others, showingCoELAcan rea-
son about the other agent's state well without
hand-designed heuristics. From Table 2, we can
observe the same performance boost of cooper-
ating withCoELAon C-WAH of 45% compared
to 33% of cooperating with the same MHP.

CoLLAMA is in competence with GPT-4 to
drive CoELA Two CoELAcooperate together can further boost the TR to 0.71 and 0.85 on TDW-

1Our main experiments are done between 2023.9.1-2023.9.28 and 2023.5.1-2023.5.16
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