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Abstract

Embodied multi-agent systems (EMAS) have at-
tracted growing attention for their potential to ad-
dress complex, real-world challenges in areas such
as logistics and robotics. Recent advances in
foundation models pave the way for generative
agents capable of richer communication and adap-
tive problem-solving. This survey provides a sys-
tematic examination of how EMAS can benefit
from these generative capabilities. We propose a
taxonomy that categorizes EMAS by system archi-
tectures and embodiment modalities, emphasizing
how collaboration spans both physical and virtual
contexts. Central building blocks, perception, plan-
ning, communication, and feedback, are then ana-
lyzed to illustrate how generative techniques bol-
ster system robustness and flexibility. Through con-
crete examples, we demonstrate the transformative
effects of integrating foundation models into em-
bodied, multi-agent frameworks. Finally, we dis-
cuss challenges and future directions, underlining
the significant promise of EMAS to reshape the
landscape of Al-driven collaboration.

1 Introduction

Embodied multi-agent systems (EMAS) have garnered grow-
ing interest due to their significant potential in domains such
as smart transportation, logistics, and manufacturing [Yan et
al.,2013; Ismail ez al., 2018]. By integrating physical embod-
iments—ranging from autonomous vehicles to robotic ma-
nipulators—with multi-agent systems (MAS) [Dorri et al.,
2018], EMAS offers a decentralized, collaborative approach
that can handle complex tasks with remarkable efficiency.
Despite these advantages, designing and implementing effec-
tive EMAS remains a non-trivial endeavor, often requiring
specialized knowledge of cybernetics, extensive training data,
and careful reinforcement-learning paradigms [Landauer and
Bellman, 2008; Orr and Dutta, 2023].

In traditional MAS, agents collaborate by dividing respon-
sibilities, sharing state information, and collectively adapting
to dynamic environments [Dorri ef al., 2018]. While these
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principles have led to impressive success in certain niches,
conventional approaches face critical limitations in general-
izing to new tasks [Mahajan et al., 2022], scaling to large
agent populations [Cui et al., 2022], and coping with unex-
pected environmental changes [Weinberg and Rosenschein,
2004]. They often rely on narrowly trained models, which
can be brittle or constrained to specific domains [Yuan er al.,
2023]. These shortfalls underscore the urgency for more flex-
ible and robust solutions that can thrive in open-ended and
rapidly changing embodied scenarios.

Recent breakthroughs in foundation models (FMs, e.g.,
large language models, or vision-language models) [Zhou et
al., 2024] have opened new avenues for advancing MAS to-
ward more adaptive and generative behaviors. By equipping
agents with natural language capabilities, contextual reason-
ing, and the ability to generate novel solutions, FM-based
MAS transcend some of the limitations inherent in purely
signal-driven or reinforcement-based frameworks [Guo et al.,
2024a; Chen et al., 2024c; Lu et al., 2024]. These “genera-
tive agents” can communicate in semantically rich ways, col-
laborate with human-level fluency, and rapidly adapt strate-
gies in response to unforeseen challenges. As such, FM-
powered agents could transform how multi-agent collabora-
tion unfolds—both in physical spaces populated by embod-
ied devices and in virtual spaces where agents share abstract
knowledge and tasks.

Against this backdrop, the field of EMAS stands poised
to benefit from these recent advances in FMs. By combin-
ing physical embodiments with generative multimodal in-
telligence, future systems may embrace a broader design
space that incorporates complex perception, high-level lin-
guistic and visual reasoning, and adaptive decision-making.
However, existing literature surveys on embodied Al and
multi-agent systems often treat these fields in isolation, leav-
ing critical gaps at their intersection [Ismail et al., 2018;
Duan et al., 2022; Guo et al., 2024a; Ma et al., 2024,
Hunt er al., 2024]. A systematic view of how FM-based
generative agents can best be integrated into EMAS is still
emerging.

This survey aims to provide a comprehensive and struc-
tured examination of the current state of generative multi-
agent collaboration in Embodied Al, as shown in Figure 1.
We introduce a taxonomy that classifies existing EMAS so-
lutions based on the number of models and types of embodi-
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ments in Section 2, highlighting how collaboration can arise
both among physical agents and in purely virtual semantic en-
vironments. We explore the major building blocks of multi-
agent collaboration—system perception, planning, communi-
cation, and feedback—and examine how each of these com-
ponents can be designed to leverage FM-based generative
capabilities in Section 3. Finally, moving beyond theoreti-
cal perspectives, we delve into practical applications in Sec-
tion 4, illustrating how generative multi-agent collaboration
enhances functionality across diverse embodied scenarios.
To the best of our knowledge, this is the first survey to
systematically address the convergence of MAS, Embodied
Al, and foundation models. We close by summarizing open
research challenges in Section 5, delineating crucial future
directions, and discussing the potential impact of EMAS on
broader Al and robotics landscapes. Our goal is to inform and
inspire researchers, practitioners, and stakeholders by pre-
senting a holistic overview of this rapidly evolving field.

2 Collaborative Architectures

Building upon the key challenges and opportunities outlined
in the previous section, this section presents an overview of
collaborative architectures in EMAS, as shown in Figure 2.
In particular, we address how generative multi-agent sys-
tems leverage either extrinsic collaboration across multiple
embodied entities or intrinsic collaboration among multiple

FMs within a single embodied entity. We also cover hybrid
approaches that combine these strategies to meet diverse sys-
tem requirements. The goal is to provide a structured un-
derstanding of how multi-agent collaborations can be orches-
trated to maximize adaptability, scalability, and task align-
ment, especially when integrated with FMs.

2.1 Extrinsic Collaboration

In scenarios where collaboration unfolds among multiple
embodied entities, known as extrinsic collaboration, agents
physically or virtually interact to accomplish shared objec-
tives. Drawing from the longstanding multi-robot and con-
ventional MAS literature, extrinsic collaboration can be or-
ganized using either a centralized or a decentralized strategy.
These approaches offer differing trade-offs related to scalabil-
ity, communication overhead, and global versus local control.

Centralized Architecture In a centralized policy frame-
work, a single unified model controls multiple robots or
agents, offering centralized task allocation and decision-
making. The centralized model assigns tasks based on
agent capabilities and system objectives, ensuring coordina-
tion across agents by providing a global perspective. Studies
have explored language-based [Liu ef al., 2024b; Obata et
al., 2024; Chen et al., 2024b] and code-based [Kannan et al.,
2024; Zhang et al., 2024c] task allocation.

The centralized model also plays a key role in decision-
making by synthesizing information from all agents to make
final decisions, ensuring coherence. For example, [Yu et al.,
2023] uses a centralized model for navigation target deter-
mination, [Tan er al., 2020] uses it for interactive question
answering with a 3D-CNN-LSTM QA model, and [Garg et
al., 2024] employs it for deadlock resolution in multi-robot
systems by guiding a leader robot’s actions.

The centralized control strategy ensures coordination by
using a single model for task allocation and decision-making.
Its advantages include optimal task distribution and consis-
tent decisions. However, it can be limited by system com-
plexity, high computational demands, and scalability issues
in large or dynamic environments.

Decentralized Architecture In a decentralized strategy,
each model independently controls its corresponding embod-
ied entity, providing greater flexibility and scalability. Early
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Collaboration Architecture | Work Component Application
Perception Planning Communication Feedback Agent Role Environment Task
[Yu et al., 2023] Semantic map Language Star - homo-agents Simulator Navigation
[Liu er al., 2024b] Description Language Star Environment hetero-agents Simulator, real- | Household tasks
world
Centralized | [Chen er al., 2024b] Semantic map Language FC,Star System hetero-agents Simulator Household tasks
[Kannan et al., 2024] Description Code Star - homo-agents Simulator, real- | Household tasks
world
[Zhang et al., 2024c] - Code (PDDL) Star System hetero-agents Simulator Household tasks
[Tan et al., 20201 Semantic map - Star - homo-agents Simulator EQA
Extrinsic [Wang ez al., 2024] Description Language Star Human homo-agents Simulator Household tasks
. [Mandi et al., 2024] Visual detect Language FC Environment homo-agents Simulator, real- | Household tasks
Collaboration world
[Zhang et al., 2024a] Semantic map Language FC - homo-agents Simulator Household tasks
[Zhang et al., 2024b] ‘World model Language - System homo-agents Simulator Cooperative, Com-
petitive game
Decentralized [Agashe et al., 2023] Descrpition Language - System homo-agents Game Ov.ercooked, han-
abi game
[Guo er al., 2024b] - Language Hierarchical Environment homo-agents, Simulator Household tasks
multi-role 1lm
[Chen et al., 2024a] Description Language Hierarchical - homo-agents Game Minecraft creation
[Chen et al., 2024d] Description Language - System homo-agents, Grid Multi grid tasks
multi-role 1Im
[Chen et al., 2023c] - Language Hierarchical Environment homo-agents Game Minecraft creation
[Zhang et al., 2024d] ~ Language FC System homo-agents Simulator,game Household  tasks,
overcooked game
[Tan et al., 2023] Semantic map - - - homo-agents Simulator EQA
[Wu ez al., 2024] Description Language Hierarchical Environment homo-agents Game Minecraft naviga-
tion
[Shi et al., 2024a] Semantic Map Language - - multi-role 1lm Simulator Household tasks
[Qin er al., 2024] Description Language - Environment multi-role llm Game Minecraft creation,
. X navigation
Intrinsic Collaboratiox [Nayak er al., 2024] Description Language - System,  Environ- | multi-role llm Simulator Household tasks
ment
[Zhang et al., 2023] Description - Hierarchical System multi-role IIm Grid Grid Transportation
[Liu er al., 2023] Description Language - System,Human multi-role llm Game Overcooked game
[Chen et al., 2023b] Visual detect Language - System multi-role Ilm - EQA

Table 1: Taxonomy of representative works. “-”” denotes that a particular element is not specifically mentioned in this work.

studies used reinforcement learning for decentralized control,
but the rise of FMs has enabled agents to handle diverse tasks
autonomously [Chen et al., 2024al, forming more advanced
decentralized systems.

FMs enhance decentralized systems by leveraging their
reasoning capabilities to improve individual decision-making
based on local partial observations. For example, [Zhang ef
al., 2024b] utilizes a world model to assist multi-agent plan-
ning, where each individual predicts the behavior of other
agents through the world model and infers its own plan. Sim-
ilarly, [Agashe er al., 2023] introduces an auxiliary theory-of-
mind reasoning FM to interpret the actions and needs of part-
ner agents, thereby supporting individual decision-making.

Furthermore, with the reasoning and communication capa-
bilities of FMs, FM-based agents exhibit emergent sociality.
[Chen et al., 2023a] reveals that when not explicitly instructed
on which strategy to adopt, FM-driven agents primarily fol-
low the average strategy, representing an egalitarian organi-
zational structure among agents. Other research [Guo et al.,
2024b; Chen er al., 2024a] highlights the potential benefits of
more structured roles within the team. This suggests that,
similar to human social structures, FM agents can exhibit
emergent behaviors that optimize collaboration by adapting
to organizational frameworks, enhancing their collective abil-
ity to tackle complex tasks.

2.2 Intrinsic Collaboration

While extrinsic collaboration deals with multiple robots and
embodied entities, intrinsic collaboration occurs within the
internal structure of a single system that may contain multiple
FMs. This concept resonates with the recent push for collab-
orative workflows among various FM modules, each special-
izing in different roles, to jointly handle increasingly com-
plex tasks. Such internal orchestration expands traditional
notions of multi-agent coordination by focusing on consoli-
dated decision-making within a single embodiment.

Each FM in this workflow assumes a specific function or
role to collaboratively complete a task. Research has applied
this paradigm to embodied learning systems, such as [Qin et
al., 2024], which uses modules like planner, patroller, and
performer for task-solving in a Minecraft sandbox, and [Shi
et al., 2024al, which decomposes tasks into observer, planner,
and executor roles. LLaMAR [Nayak et al., 2024] also em-
ploys a plan-act-correct-verify framework for self-correction
without oracles or simulators.

Intrinsic collaboration can improve system functionality by
enhancing planning accuracy, safety, and adaptability. For ex-
ample, [Liu ef al., 2023] uses FM-based fast-mind and slow-
mind for collaborative plan generation and evaluation, while
LLaMAC [Zhang et al., 2023] employs multiple critics and
an assessor to provide feedback and improve robustness.
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2.3 Hybrid Collaboration Architectures

In many real-world applications, drawing a strict boundary
between extrinsic and intrinsic collaboration is neither prac-
tical nor advantageous. Instead, hybrid collaborative archi-
tectures combine these strategies to exploit the strengths of
centralized, decentralized, and internal FM workflows. As
embodied tasks grow in complexity, the flexibility to mix dif-
ferent levels of collaboration, both among robots and within
an agent’s internal structure, becomes increasingly valuable.

Intrinsic collaboration enhances model capabilities through
modular FMs and can be applied in centralized and de-
centralized systems. For example, CoELA [Zhang et al.,
2024a] uses five modules—perception, memory, communica-
tion, planning, and execution—while [Yu et al., 2024] builds
agents with observation, memory, and planning modules for
decentralized robot collaboration. Centralized models can
also use modular FMs, such as [Wu et al., 20241, which em-
ploys a task FM and an action FM for robot task assignment.

Centralized and decentralized strategies can be combined,
with different stages of a task utilizing different approaches.
Inspired by the centralized training with decentralized execu-
tion (CTDE) framework in multi-agent reinforcement learn-
ing (MARL), [Chen et al., 2024b] and [Zhao et al., 2024al
propose centralized planning with decentralized execution,
where global planning guides task execution, maximizing the
synergy between global oversight and local autonomy.

By showcasing these varying architectures, we illustrate
how practitioners can effectively orchestrate multi-agent col-
laboration in EMAS across different levels of granularity and
control. The next section builds on this architectural perspec-
tive by examining how key system components—perception,
planning, communication, and feedback—can be designed to
leverage FM-based generative capabilities for more robust
and adaptive multi-agent collaboration.

3 Advancing Collaborative Functionality

Building upon the architectural insights from Section 2,
which examined how multi-agent collaboration can be or-
chestrated at the structural level, we now pivot to the func-
tional building blocks that drive effective teamwork among
embodied agents. Specifically, we highlight how perception,
planning, communication, and feedback mechanisms can be
designed to harness the generative capabilities of FMs. By
focusing on these key modules, we illustrate how EMAS so-
lutions can more robustly interpret the physical environment,
formulate and adapt plans, exchange information, and itera-
tively learn from both their own behaviors and the environ-
ment itself. This approach complements the collaboration
architectures introduced previously, offering a finer-grained
perspective on enabling dynamic and context-aware coopera-
tion among embodied agents.

3.1 Perception

Although a generative model may derive semantic knowl-
edge from text and vision, embodied agents must actively
sense and interpret the physical world. This entails han-
dling 3D structures, dynamic conditions, and real-time in-
teractions [Liu et al., 2024e]. Consequently, the perception

module is paramount, as it conveys detailed environmental
features to subsequent models, ensuring that generative capa-
bilities are grounded in tangible contexts [Pan et al., 2024].

Physical Perception for FM The simplest means of pro-
viding physical context to an FM is to supply a verbal de-
scription of the environment. Although such prompts may
be crafted manually, many approaches augment linguistic de-
scriptions with automated tools. For instance, some stud-
ies [Mandi et al., 2024; Chen et al., 2023b] use visual models
to detect and describe objects, while others [Brohan et al.,
2023; Huang er al., 2023] employ affordance learning to en-
rich the FM’s understanding of how objects can be operated
upon in a physical setting. Beyond passively receiving infor-
mation, recent work enables agents to decide when and what
type of information to observe, facilitating active perception.
For example, [Qin er al., 2024] allows the FM to query a
fine-tuned model about environmental details; the responses
inform a progressively constructed scene description.

Collaborative Perception In multi-agent systems, col-
laborative perception aims to merge complementary sen-
sory inputs from different agents, enhancing overall perfor-
mance [Yang et al., 2023]. Within autonomous driving or
drone fleets, this often arises through sensor-level data shar-
ing or output-level fusion [Singh er al., 2024]. In FM-based
systems, collaborative agents may collectively build a global
memory of the environment by aggregating each agent’s lo-
cal maps or visual data. For instance, [Yu er al., 2023] fuses
the semantic maps derived from RGBD inputs of multiple
agents, and [Tan et al., 2020] employs 3D reconstruction of
each agent’s observations to form a holistic 3D status and se-
mantic memory of the shared environment.

3.2 Planning

Planning constitutes a core module of multi-agent embodied
systems, enabling agents to strategize based on states, goals,
and individual capabilities. Effective planning is crucial for
task assignment, coordination, and seamlessly integrating the
capabilities of generative FMs.

Planning format Planning methods often employ either
language-based or code-based formats. Language-based
planning uses natural language to guide task flows, achieving
intuitiveness and ease-of-adaptation, especially with the ad-
vent of advanced FMs [Mandi et al., 2024; Yu et al., 2023].
By contrast, code-based methods utilize structured program-
ming or domain-specific notations (e.g., PDDL) for higher
precision. [Kannan et al., 2024] uses Python code to frame
overall task flow, and [Zhang et al., 2024¢] converts tasks into
PDDL problems for allocation to multiple robots.

Planning process Beyond individual decision-making,
multi-agent collaboration demands consensus-building, con-
flict resolution, and resource sharing. In centralized systems,
a single model frequently allocates sub-tasks. For example,
[Liu et al., 2024b] generates action lists based on each agent’s
capability, [Obata er al., 2024] integrates FMs and linear pro-
gramming to solve task partitions, while [Chen et al., 2024b]
exploits “robot resumes” for FM-based discussions around
task assignment. In decentralized systems, agents commu-
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nicate directly to optimize their collective plans, supported
by robust information exchanges.

3.3 Communication

Communication is central to MAS, enabling agents to share
situational updates, coordinate tasks, and reach consensus.
Unlike traditional approaches that require painstaking com-
munication protocol design, generative agents can exploit the
zero-shot language generation abilities of FMs, reducing the
complexity of building efficient communication interfaces.

Following [Sheng er al., 2022], we categorize multi-
generative-agent communication patterns in embodied Al to
three main structures:

 Star: A virtual central agent controls the flow of messages,
broadcasting plans or directives to other agents. Much
work with centralized architecture has explored this ap-
proach [Kannan et al., 2024; Yu et al., 2023]

* Fully Connected (FC): Every agent communicates freely
with every other agent, leveraging FM-driven messages.
For instance, [Mandi et al., 2024] uses inter-FM dialogues
between two robotic arms to coordinate manipulation tasks.
In CoELA [Zhang et al., 2024al, each agent references
current state information via memory retrieval, generating
communication content through an FM.

* Hierarchical: A leadership structure emerges to boost
scalability and reduce communication overhead. [Chen et
al., 2024a; Liu et al., 2024f; Guo et al., 2024b] show how
leadership roles channel or filter communications, improv-
ing efficiency and outcomes.

3.4 Feedback

Embodied tasks are complex and uncertain, making feedback
mechanisms essential for agent improvement. Feedback en-
ables agents to adjust and optimize behavior, allowing con-
tinuous learning based on the current state, environmental
changes, or external guidance.

System Feedback System feedback refers to information
generated internally before an action is taken. This involves
agents or a centralized model revisiting their initial plans to
identify flaws or potential improvements. Several works [Liu
et al., 2024a; Chen er al., 2024b; Zhang et al., 2023] im-
plement a multi-agent discussion phase post-plan generation,
refining action lists through peer feedback. [Chen ef al.,
2024d] and [Zhang er al., 2024c] employ FM checkers to vali-
date code-based plans, ensuring syntactic correctness. Mean-
while, [Zhang er al., 2024d] devises advantage functions to
evaluate and iteratively refine plans, and [Liu et al., 2023] ap-
plies an FM to predict plan consequences, followed by an-
other FM that rates plan quality, thus driving iterative en-
hancements.

Environmental Feedback Environmental feedback sur-
faces after executing actions in the physical (or simulated)
world. Many studies log real-world outcomes to guide future
decisions. For example, [Liu et al., 2024b] and [Yu et al.,
2024] store action results in memory for future planning ref-
erences, whereas [Qin ef al., 2024] and [Nayak e al., 2024]
assess the root cause of failures and adapt their action plans

accordingly. Additionally, multi-agent organizational struc-
tures can be reconfigured mid-task in response to environ-
mental signals. [Chen et al., 2023c] dynamically updates the
roles, and [Guo et al., 2024b] employs a critic FM to evaluate
agent performance, even reorganizing leadership.

Human Feedback External human guidance can offer
nuanced interventions and strategic directions unattainable
through purely automated systems. For instance, [Park et
al., 2023] identifies ambiguous or infeasible task instructions
warranting human assistance, while [Wang et al., 2024] and
[Ren er al., 2023] integrate conformal prediction to measure
task uncertainty and trigger human help requests. Beyond so-
liciting assistance, [Cui ef al., 2023] and [Shi e al., 2024b]
permit human operators to refine on-the-fly robot actions
through spoken instructions, improving task success rates.

In sum, perception, planning, communication, and feed-
back emerge as foundational pillars for translating high-level
collaborative architectures into practical, generative multi-
agent solutions. Whether agents collaborate extrinsically
through distributed configurations or intrinsically via multi-
ple FMs within a single embodied, robust supporting modules
ensure adaptability and resilience in real-world settings.

The next section delves into concrete application domains,
illustrating how these functional modules synergize to tackle
diverse embodied tasks. By bridging architectural princi-
ples (Section 2) with modular functionalities and grounding
them in real-world scenarios, we aim to offer a comprehen-
sive view of how generative multi-agent collaboration can be
effectively realized in EMAS.

4 Downstream Tasks: From Simulation to
Real-World Deployment

Building on the architectures and functional modules, this
section examines how generative multi-agent collaboration
moves from controlled simulation environments to real-world
applications. Although many advances are validated through
virtual platforms, these simulation insights lay the ground-
work for tackling the complexities of intelligent transporta-
tion, household robotics, and embodied question answering.

4.1 Simulation Platforms

Earlier sections introduced how multi-agent collaboration can
be structured and functionally enabled. Simulation environ-
ments now enter as a crucial layer for testing these designs, al-
lowing researchers to systematically refine agent interactions
without incurring real-world operational costs or risks.

Grid-World Paradigms Grid worlds feature cell-based
structures that focus on decision-making and path planning
while abstracting away physical details. By adopting an
FM-based translator-and-checker framework, [Chen et al.,
2024d] improves multi-agent performance on grid tasks,
while [Zhang et al., 2023] introduces feedback mechanisms
to enhance grid transportation. [Chen ef al., 2024e] further
evaluates various FM-driven multi-robot architectures in a
grid setup, underscoring how these simplified worlds facili-
tate quick validation of collaborative designs.
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Envi t
Simulator Level nvironmen Related paper

and Benchmark
Grid Grid World

[Zhang et al., 2023], [Chen et al., 2024d], [Chen er al.,
2024e]

[Chen et al., 2024al, [Park et al., 20241, [Qin et al., 2024],
[Zhao et al., 2024al, [Zhao et al., 2024b]

Overcooked-Al | [Agashe ef al., 2023], [Ying et al., 2024], [Zhang et al.,
2024d]

[Zhang et al., 2024b], [Liu et al., 2024al, [Zhang et al.,
2024al

Minecraft
Game

ThreeDWorld

AI-THOR [Kannan er al., 2024], [Wang et al., 2024], [Nayak et al.,
20241, [Zhang et al., 2024c], [Liu er al., 2024d]
Real-world ALFRED | [Shi et al., 2024a]
Habitat [Chen et al., 2024b], [Yu et al., 2023]
VitualHome [Ying et al., 20241, [Guo et al., 2024b]
RocoBench [Mandi et al., 2024], [Zhang et al., 2024d]
Bestman [Yu et al., 2024]
Behavior-1k | [Liu et al., 2024b]

Table 2: Simulators and Applications

Game-Based Collaboration Scenarios Game-based plat-
forms like Overcooked provide clear rules, time constraints,
and forced coordination among agents [Ying er al., 2024;
Agashe et al., 2023; Zhang et al., 2024d]. FM-coordination
extends to other structured games such as Hanabi and Col-
lab Games, showcasing that generative approaches are adapt-
able to diverse team-based challenges. For more open-
ended tasks, Minecraft [Wang er al., 2023; Park et al., 2024]
pushes the envelope with larger environments and indefinite
goals. Recent work [Park et al., 2024; Zhao et al., 2024a;
Qin et al., 2024] focuses on collaborative exploration, while
others [Chen et al., 2024a; 2023c; Zhao et al., 2024b] tackle
resource collection or structure building.

Advanced 3D Environments and Robotic Simulations
Realistic simulators aim to mirror real-life complexity more
closely. AI2-THOR [Kolve et al., 2017] offers meticulously
rendered indoor scenes and is used for multi-agent household
tasks [Kannan et al., 2024; Wang et al., 2024; Liu et al., 2022;
Shi et al., 2024a]. Similarly, VirtualHome-Social [Guo et
al., 2024b], BEHAVIOR-1K [Liu et al., 2024b], and Habitat-
based benchmarks [Chen et al., 2024b] enable agents to de-
velop collaborative strategies for object manipulation and
navigation. Such platforms help bridge the gap between al-
gorithmic development and physical deployment.

4.2 Emerging Applications

Armed with validated architectures and robust functional
modules, researchers is facing an ultimate frontier: trans-
lating simulator learnings into viable physical deployments.
From intelligent transportation to household robotics, this
subsection spotlights how generative multi-agent collabora-
tion is being adapted to meet real-world demands, illustrating
both the maturity and remaining challenges of these systems.

Intelligent Transportation and Delivery Multi-agent col-
laboration in intelligent transportation covers UAV/UGV co-
ordination for cargo delivery and environmental monitoring.
Early approaches mainly leveraged MARL, but FM-driven
solutions are now emerging. [Gupte er al., 2024] explores
FM-based initial task allocation for surveillance missions,
and [Wu et al., 2024] applies generative models to assign
tracking targets, suggesting that language-guided strategies
can adapt swiftly to dynamic scenarios.

Household Assistance Robotics Many 3D simulation
benchmarks, including AI2-THOR and Habitat, were origi-
nally crafted to emulate domestic environments. Domestic
tasks such as “clearing the table” or following instructions
like “Turn on the desk and floor lamp and watch TV” de-
mand robust perception, planning, and communication. Stud-
ies [Kannan er al., 2024; Wang et al., 2024; Liu et al., 20244,
Mandi et al., 2024; Zhang et al., 2024d] demonstrate how
multiple agents can share roles, interpret commands, and di-
vide complex tasks. Generative models further streamline
coordination, enabling adaptive task assignment and richer
human-robot interactions.

Beyond Exploration: Embodied Question Answering
(EQA) involves active exploration and reasoning in 3D
spaces. Unlike tasks that emphasize physical interactions,
EQA focuses on gathering and interpreting information, of-
ten requiring an advanced understanding of spatial layouts,
object relationships, or event histories. Multi-agent versions
often leverage team-based sensing for global memory and
consensus [Tan et al., 2023; 2020; Patel et al., 2024]. [Chen
et al., 2023b] positions agents with specialized functions to
contribute key information, showcasing how FM-driven col-
laboration can integrate observations into coherent answers.

Highlighting these simulation benchmarks and real-world
applications, we underscore a key trajectory in EMAS: lever-
aging structured testbeds for proof-of-concept, then transi-
tioning solutions to high-stakes domains. Having established
where and how generative multi-agent collaboration can be
deployed, the next sections propose remaining challenges and
outline prospective frontiers for EMAS research.

S Open Challenges and Future Trends

As the field of multi-agent collaboration in embodied Al sys-
tems is continuing to develop, there remain several open chal-
lenges and promising future directions. Despite the progress
made, numerous real-world obstacles persist, limiting the ap-
plication of embodied systems. This section identifies key
challenges and outlines potential areas of exploration and in-
novation to address these issues.

Benchmarking and Evaluation One major challenge is
the lack of standardized evaluation criteria. While significant
strides have been made in benchmarking individual agents
and single-agent systems, there is a notable gap for the evalu-
ation of embodied multi-agent collaboration. Existing bench-
marks focus on task-specific metrics, and fail to account for
the complexity of interactions, coordination, and emergent
behaviors that arise in multi-agent settings. There is an ur-
gent need for unified evaluation standards for the holistic per-
formance, including factors such as scalability, adaptability,
robustness, and collective intelligence. The development of
benchmarks is crucial to ensure consistency across different
domains, and enabling meaningful comparisons between var-
ious multi-agent frameworks.

Data Collection and Heterogeneity Another challenge in
multi-agent collaboration is the data scarcity and hetero-
geneity for embodied systems. Collecting large-scale, high-
quality data of different systems with diverse physical char-
acteristics and capabilities is an arduous task. The variation
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in hardware, sensor, and environmental interactions leads to
inconsistency, making it difficult to generalize across systems
and tasks. The real-world data available could be limited, hin-
dering effective training and evaluating. Additionally, most
works in multi-agent collaboration are conducted in simu-
lated environments, due to practical constraints, while only
a few studies employ real-world data. Hence, there is a press-
ing need for standardized data collection, as well as innova-
tive methods to transfer between simulation and real-world
applications, to bridge the gap between theory and reality.

Foundation Models for Embodied AI The development
of foundation models, particularly for embodied agents, is
poised to be a transformative breakthrough in the field of
multi-agent collaboration. Currently, generative agents pri-
marily rely on FMs to perform complex tasks, and naturally
the next step is to build specific foundational models de-
signed for embodied systems. These models serve as a core
framework for multi-agent collaboration, integrating percep-
tion, decision-making, and action. Recent works, such as RT-
1 [Brohan et al., 2022] and RDT [Liu et al., 2024c], made sig-
nificant strides in robot foundation models for adaptable and
scalable systems. The evolution of foundation models will lay
the groundwork for more seamless multi-agent collaboration,
enabling agents with comprehensive capabilities and team-
work in dynamic environments. However, challenges remain
to extend single-agent foundation models to multi-agent, re-
quiring novel architectures and methodologies.

Scalability of Agents Currently, the number of agents in-
volved in collaborative multi-agent systems remains small.
Scaling up the number of agents will lead to the increased
complexity and difficulty of computation, communication,
coordination, task allocations, and resource management.
Moreover, maintaining stability and robustness in large-scale
multi-agent systems requires sophisticated orchestration and
coordination techniques. Research on scalable architecture,
efficient communication protocol, and collaborative tactics
will be essential to unlocking the full potential of large-scale
embodied systems. The development of optimize agent work-
flows and patterns will be crucial for scaling up these systems
in a resource-awareness manner.

Human-Centric Collaboration The integration of robots
into human-centered environments remains a critical topic.
In many applications, multi-agent systems need to collab-
orate with not only each other but also human. Ensuring
that robots can work seamlessly alongside humans in dy-
namic and unstructured environments requires the develop-
ment of human-robot interaction (HRI) protocols that con-
sider human cognitive capabilities, preferences, and limita-
tions. Human-robot collaboration introduces additional chal-
lenges, such as safety, adaptability, and trustworthiness. Re-
searches on human-robot teamwork, shared autonomy, and
intuitive interfaces will be vital for fostering productive and
safe collaboration between humans and robots, particularly
for healthcare, industrial automation, and service robots.

Theoretical Foundations and Interpretability Current
approaches to embodied multi-agent collaborations, particu-
larly those involving FMs, often lack a solid theoretical foun-
dation. While substantial progress has been made in devel-

oping practical systems, the understanding is very limited
about the underlying principles and collective intelligence
that emerges to govern agent interactions. A deeper the-
oretical exploration of the dynamic cooperation, including
the roles of communication, coordination, and consensus, is
essential for advancing the field. Furthermore, the reliabil-
ity and interpretability of embodied multi-agent systems and
models is critical, especially for safety-critical environments,
such as autonomous driving and smart railway.

6 Related Work

Although numerous surveys have examined embodied Al or
MAS individually, few efforts have tackled the critical over-
lap between these fields, leaving significant knowledge gaps
unaddressed. Early studies on embodied AI [Hu et al., 2023;
Firoozi et al., 2023; Ma et al., 2024] focus on single-agent
perception-action loops. They discuss autonomy and sen-
sorimotor learning in depth, yet devote limited attention to
collaborative paradigms. Similarly, [Duan et al., 2022] and
[Liu er al., 2024¢] explore how agents interact with their en-
vironments, but they still assume solitary agents with limited
capacity for distributed teamwork in complex tasks.

In contrast, recent surveys on FM-driven multi-agent sys-
tems [Guo et al., 2024a; Chen et al., 2024c; Lu et al., 2024]
showcase promising results in semantic communication and
emergent coordination, especially in virtual environments.
However, these contributions remain detached from physical
embodiment, where hardware constraints, sensor noise, and
kinematic coordination pose significant challenges. Mean-
while, classic robotics surveys [Ismail et al., 2018; Yan er al.,
2013] laid the groundwork for cooperative swarm behaviors
but lack generative capabilities that facilitate role adaptation
or zero-shot planning.

Several specialized reviews provide partial bridges. For in-
stance, [Hunt et al., 2024] advances language-based human-
robot interaction, yet overlooks non-linguistic coordination
crucial in industrial or warehouse settings. Likewise, [Sun
et al., 2024] integrates FMs with multi-agent reinforcement
learning (MARL) but treats embodiment mostly as an imple-
mentation detail. Consequently, none of these views examine
physical grounding, collaborative intelligence, and generative
models under a single unified lens.

Our survey addresses this gap by synthesizing insights
from three converging axes: (i) embodied AI’s physical im-
peratives, (ii) multi-agent systems’ collaborative intelligence,
and (iii) generative models’ adaptive reasoning. We pro-
pose a novel taxonomy that reconciles embodiment multiplic-
ity (physical agents) with model multiplicity (virtual agents).
Through case studies in cross-modal perception and emer-
gent communication, we show how FMs overcome conven-
tional multi-agent limitations in real-world embodied con-
texts. Hence, we identify underscored challenges, such as
Sim2Real transfer for generative collectives, bridging the di-
vide between robotics and FM-based coordination. Our work
thus establishes conceptual foundations for a new generation
of embodied systems, where physical constraints and genera-
tive collaboration progress in tandem.
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7 Conclusion

This survey investigates a popular and potential research area,
i.e. multi-agent collaboration in embodied systems, and fo-
cuses on how generative foundation models can be integrated
into embodied multi-agent systems. We emphasize how FM-
based generative agents facilitate dynamic collaboration and
emergent intelligence, and systematically explore multi-agent
collaboration architectures from both intrinsic and extrinsic
perspectives, focusing on key technologies such as percep-
tion, planning, communication, and feedback mechanisms.
Various applications, ranging from grid world exploration to
household assistance,are studied to demonstrate the poten-
tial of FM-based EMAS in addressing complex problems and
to discuss the associated challenges and opportunities in this
rapidly evolving field. This survey can serve as a valuable
lamp for researchers, practitioners, and stakeholders, offering
a comprehensive understanding of the current landscape, and
inspires more advanced and scalable solutions of dynamic
and seamless collaboration for embodied multi-agent AL
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