2632

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 30, NO. 4, AUGUST 2025 Ws @7‘ d o 73\%@”5

Society

Embodied Intelligence Toward Future Smart
Manufacturing in the Era of Al Foundation Model

Lei Ren
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Abstraci—Embodied intelligence has always been re-
garded as the ultimate form of artificial intelligence (Al) and
an ideal concept for smart manufacturing. With the devel-
opment of Al foundation models, remarkable generalization
capabilities have been achieved in various fields, such as
natural language processing and computer vision. In the
era of Al foundation models, embodied intelligence will be
capable of continuous evolution for unlimited tasks with
multimodal physical interaction in the open world. There-
fore, it is envisioned that embodied intelligence should
be integrated into smart manufacturing to upgrade the
industry for more intelligent, flexible, and human-centric
manufacturing in the future. Therefore, in this article, the
definition and components of embodied intelligence are
proposed with its novel characteristics. Besides, the ca-
pabilities of embodied intelligence in the era of Al foun-
dation model are discussed. Moreover, typical innovative
applications of embodied intelligence throughout the whole
product life cycle for smart manufacturing are presented
with insights. However, embodied intelligence still faces
some challenges for implementation. Thus, in the prospect
of future, challenges and outlooks of embodied intelligence
are discussed for further research and applications.

Index Terms—Artificial Intelligence (Al) foundation
model, embodied intelligence, multimodal model, robotics,
smart manufacturing.
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[. INTRODUCTION

HE concept of embodied intelligence was first proposed by

Alan Turing in the early 1950s [1], referring to machines
being able to autonomously interact with the environment, such
as humans, perceive, decide, plan, act, and possess executive
capabilities [2]. Embodied intelligence is considered as the
ultimate form of artificial intelligence (AI).

With the development of information and communication
technologies represented by Al, some efforts have been made to
deploy Al models onto machines [3], [4]. These contributions
aim to apply the concept of embodied intelligence in areas, such
as home care services [5], [6], smart vehicles [ 7], and particularly
in robotics of industrial production and smart manufacturing [8].
Recently, plenty of works have been exploring to realize em-
bodied intelligence and enhance smart manufacturing via Al
methods [9], [10]. Nevertheless, despite the progress made by
Alin smart manufacturing, there are still certain challenges to be
addressed toward future smart manufacturing [11]. The future
smart manufacturing aims to enable mass personalization and
highly flexible production efficiently in response to changing
consumers’ demands and producing plans via multimodal inter-
action. In contrast, existing Al methods in smart manufacturing
have limitations as follows.

1) Limited manufacturing tasks: Existing Al methods fall
short in handling unlimited customized manufacturing
tasks for mass personalization. Because they are typically
designed for specific and predefined tasks, they lack the
flexibility to adapt to highly variable and unique require-
ments [12].

2) Structured manufacturing environments: Existing Al
methods often fail to generalize in flexible, changing, and
unstructured manufacturing environments. Due to their
reliance on fixed models and predefined rules, these meth-
ods lack the adaptability to handle unforeseen scenarios
and unpredictable settings.

3) Inefficient human—machine interaction: The manufactur-
ing human—-machine interaction still lacks effective col-
laboration. The control manner for manufacturing ma-
chines is still inefficient, mainly limited to teaching and
coding, which is labor-intensive and requires a high level
of expertise.

4) Lack of collaborative intelligence: In the industrial in-
ternet, a series of tasks in production line are usually
continuous with common knowledge and mechanisms.
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Fig. 1. Embodied intelligence model.

However, multiple machines in production line have in-
dependent small Al models operating without sharing
intelligence due to limited interoperability and isolated
data silos among models.

5) Single-input processing limitation: Most of existing Al
models can only process and respond to one type of
input at a time, either internal, external, or task-specific
information, rather than integrating and responding to all
simultaneously in an unified framework.

With the advance of the era of Al foundation models, extraor-
dinary generalization capabilities have been achieved in various
domains such as natural language processing [13] and computer
vision [14] through learning from massive data. Therefore, it
is envisioned that the concept of embodied intelligence will be
expanded with Al foundation models to tackle abovementioned
challenges. In the era of Al foundation model, the embodied
intelligence is defined as an intelligent system that interacts with
the external open world to acquire information [15], understand
the world, make decisions, and take actions to influence the
world physically. Such systems consist of Al cerebrum, cerebel-
lum, body, and cross-modal sensory system, which is named an
ABC embodied intelligence structure in this article, as illustrated
in Fig. 1. The Al cerebrum and cerebellum jointly conduct
cognition, reasoning, and decision-making based on perception
and memory. The body plans and controls to act based on
decision instruction from the cerebrum and cerebellum [16]. The
cross-modal sensory system perceives multimodal information
from both external environment and internal body. Furthermore,
the ABC embodied intelligence structure are proactively learn-
ing from data collected during operation, enabling continuous
learning and evolution [17] to generate intelligent behaviors with
adaptability [18].

With the proposed concept and structure, the embodied in-
telligence is capable of continuous learning and evolution for
unlimited tasks and generalized in dynamic environments of
open world [19]. In addition, the embodied intelligence can re-
alize multimodal interaction with human and influence upon real
world physically. Besides, the entities of embodied intelligence
can be multiple machines, which together form series connection
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or bottom-up collaborative intelligence as production lines, fac-
tories, and even supply and industrial chains. Moreover, the em-
bodied intelligence processes proprioception, exteroception, and
task-specific input simultaneously in a unified framework [20],
[21].

Therefore, with the abovementioned characteristics and po-
tential capabilities, it is necessary to integrate embodied in-
telligence into future smart manufacturing to address above-
mentioned issues. To the best of authors’ knowledge, this is
the first work discussing embodied intelligence toward future
smart manufacturing. In this article, the definition and model
of embodied intelligence is proposed with analysis of its com-
ponents and inner operation logic. Then, the novel character-
istics and capabilities of embodied intelligence in the era of
Al foundation model are discussed, respectively. In addition,
the technical architecture of embodied intelligence system for
smart manufacturing is presented. Moreover, typical innovative
applications of embodied intelligence throughout the product
life cycle in smart manufacturing are presented. Finally, in spite
of the ideal concept of embodied intelligence, there are still
challenges and open issues to discuss, and therefore, outlooks
are presented for further relevant research and applications.

[I. TYPICAL CHARACTERISTICS OF EMBODIED INTELLIGENCE
IN THE ERA OF Al FOUNDATION MODEL

In the era of Al foundation model, embodied intelligence
is featured with novel characteristics, which will address chal-
lenges summarized in Section I toward future smart manufac-
turing.

A. Continuous Learning and Evolution for Unlimited
Tasks

Existing Al methods are designed for limited, specific, and
predefined tasks, lacking the flexibility adapting to highly vari-
able and unique requirements. They can only passively accept
human-collected or curated data rather than autonomously learn-
ing [22].

To realize mass personalization, the ability catering to diverse
individual preferences and requirements is needed. Embodied
intelligence needs adaption to various production tasks over
time, which is realized in a pipeline of automatic data collection
and continuous learning and evolution. Embodied intelligence
should learn more complex tasks and unseen objects from pre-
vious simpler ones, such as learning more complex assembly
task from easier grasping task, or learning to handle unseen
objects. This means extensive customization options will be pro-
vided while maintaining efficiency and scalability in production
processes.

B. Generalized in Dynamic Environments of Open World

Current manufacturing processes are constrained by struc-
tured manufacturing environments. While changing production
demands, adjustment of the production line is necessary. Exist-
ing Al models often fail to generalize in working in flexible,
changing, and unstructured manufacturing environments.
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Toward future smart manufacturing, the generalization in dy-
namic environments is envisioned [23]. Embodied intelligence
presents a solution to the challenges posed by the changing open
world. Embodied intelligence generalizes in flexible, changing,
and unstructured manufacturing environments by leveraging the
generalization capabilities of Al foundation models. It adapts
to varying environments and conditions, learning from simple
to complex scenarios. This adaptability ensures an efficient
performance and resilience for dynamic industrial settings, even
facing unexpected disruptions.

C. Physical Multimodal Interaction With Real World

The state-of-the-art Al systems, such as ChatGPT and Sora,
referred to as disembodied Al, still mainly exist in the digital
domain, lacking physical bodies. Therefore, they cannot exert
influence on the physical world without the embodiment [24].
While these cutting-edge large multimodal models exhibit re-
markable capabilities, their ability to generalize across interac-
tive contexts remains limited.

The ultimate form of artificial general intelligence (AGI) is
envisioned to be embodied in machines equipped with physical
bodies, such as robots. Itis anticipated that in the future, AGI will
be applied to change, influence, and interact with the physical
world [25]. Embodied intelligence enables collaborative inter-
action with humans to accomplish various tasks by leveraging
the interactive capabilities given by large multimodal models
with embodiment [26]. Therefore, toward future smart manufac-
turing, embodied intelligence will assist humans in completing
tasks via multimodal interaction in the physical world.

D. Collaborative Swarm Intelligence

In the current industrial Internet of Things (IToT), devices only
have simple connections within distributed swarm intelligence
systems. For instance, during a series of tasks in one production
line, tasks such as robotic grasping and assembly involve objects
with similar characteristics, but independent Al models for these
tasks cannot share parameters to enhance effect together [27].

The future entails the collaboration of multiple machines,
allowing for the sharing of contextual semantic information,
knowledge, and understanding across different production tasks.
In the system of the IIoT, various devices will be equipped with
embodied intelligent agents, sharing intelligence, and working
together to accomplish tasks. This collaborative swarm intelli-
gence helps form a bottom-up embodied intelligence system,
including machines, production lines, factories, and supply and
industrial chains from bottom up, which will be further discussed
in Section III.

E. Proprioception, Exteroception, and Task-Specific
Action

Current systems, whether driven by nonintelligent or intelli-
gent models, often rely on singular modes of response. Devices
lack the ability to both perceive environment and recognize
their own bodies, leading to limitations in their adaptability and
responsiveness.
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The future involves the integration of diverse forms of signals,
encompassing proprioception, exteroception, and task-specific
action, to enable both rapid instinctual responses and intelli-
gent reasoning decisions. Embodied intelligence entails simul-
taneous processing of proprioceptive, exteroceptive, and task-
oriented signals, akin to the collaborative mechanism between
the human cerebrum and cerebellum. The cerebrum receives
task-oriented signals, responsible for complex logical reasoning
tasks. Conversely, the cerebellum processes proprioceptive sig-
nals to control different parts of the body and responds instinc-
tively to changes in the external environment [28]. By combin-
ing task instructions and considering both rapid responses and
decisions, tasks will be efficiently completed in future smart
manufacturing.

[Il. CAPABILITIES OF EMBODIED INTELLIGENCE IN
INDUSTRIAL UNITS FOR SMART MANUFACTURING

In this section, capabilities will be analyzed in dimension of
intelligent manufacturing units as illustrated in Fig. 2. These
units include machine, production line, factory, and supply and
industrial chain from individual in basic level to the whole in
higher level. The entities of embodied intelligence can be robots
with various types, machine tools, production equipment, and
hardware products. The entities can also be expanded to higher
levels, such as combinations of multiple embodied intelligent
entities forming production lines, factories, supply, and indus-
trial chains [29]. This forms a bottom-up embodied intelligence
collaboration in the smart manufacturing.

A. Machine

Perception of machine: Machines can perceive multimodal
information in the production environment, such as vision,
language, pressure, and temperature, which are collected to be
analyzed by multimodal foundation models.

Memory of machine: Machines are capable of storing and
remembering multimodal information related to production.
By compressing information from recognized patterns of data,
machines can complete different tasks throughout the production
process.

Cognition of machine: The multimodal foundation model of
the machine integrates and correlates the perceived and memo-
rized multimodal information, thereby gaining a comprehensive
understanding of the production environment. This allows for a
better simulation of the human cognitive process and provides
support in complex and dynamic industrial environments.

Reasoning of machine: The multimodal embodied intelli-
gence reasons from the results of cognition to deduce the overall
production process and the logical relationships among different
production steps, ensuring that the production procedures are
carried out in sequence.

Decision-making of machine: Based on the results of reason-
ing, the embodied intelligence can automatically determine the
current production phase of the machine and accordingly make
next decision of the production process.

Planning of machine: Based on the comprehensive results of
reasoning and decision-making, the embodied intelligence will
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Fig. 2.

further plan and select appropriate methods to advance the pro-
duction process in accordance with the outcomes of reasoning
and decision-making, ensuring further smooth control.

Control of machine: After planning, the embodied intelli-
gence will use actuators, controllers, and communicators to pre-
cisely control the machines [30], ensuring production activities
carried out according to the predetermined procedures and in
the predefined manner.

Evolution of machine: During the execution of tasks, the
embodied intelligence not only continuously perceives, reasons,
and makes decisions to ensure the smooth progress of production
tasks, but also gathers data throughout the production process,
expanding its database, and thereby gradually evolving its learn-
ing capabilities.

B. Production Line

Perception of production line: On the production line, per-
ception is achieved through sensors distributed across various
machines. The production line collects multimodal information
such as visuals data from quality control device, and tactile
data from dexterous hands. These multimodal data are perceived
by various machines, and then transmitted with comprehensive
information to the embodied intelligence of production line for
further processing and analysis.

Memory of production line: The production line summarizes
and stores the multimodal information related to production
that machines remember and store during the production pro-
cess. Utilizing this comprehensive compressed information, the
production line will complete the manufacturing tasks of the
products with prior memory.

Cognition of production line: The multimodal embodied in-
telligence integrates and correlates the multimodal information
perceived by each machine at various stages of production,
achieving an in-depth understanding of the entire production
process and environment. This provides precise cognitive sup-
port and operational guidance for industrial production.

Reasoning of production line: The embodied intelligence in
the production line can reason the overall production process
of the product. The production processes of different machines
will also be coordinated based on the cognitive information in
various production steps.

Capabilities of embodied intelligence in industrial units for smart manufacturing.

Decision-making of production line: Based on the information
from reasoning, the embodied intelligence can autonomously
determine the current status of the production line and decide
the next processing direction for the product, ensuring that the
production line operates according to the reasoning production
process.

Planning of production line: After determining the product
processing route, the embodied intelligence precisely selects the
appropriate machines to execute the subsequent processing steps
based on the real-time production status of each machine within
the production line.

Control of production line: The control of production line not
only involves the precise regulation of the machine production
process using various controllers and actuators, but also requires
intelligent control over the positioning and production paths of
machines within the line.

Evolution of production line: Throughout the production
process, the embodied intelligence continuously evolves itself
through activities of perception, cognition, reasoning, etc. This
achieves autonomous evolution, enhancing performance, and ca-
pabilities to meet dynamic and flexible production task require-
ments, ensuring the stability and efficiency of the production
process.

C. Factory

Perception of factory: In a factory, perception is carried out
through various sensors among product production lines. In-
formation about the entire factory’s production environment is
perceived and aggregated. This comprehensive information is
ultimately transmitted to the multimodal embodied intelligence
for subsequent memory and cognition.

Memory of factory: During the product production, infor-
mation is collected by the production lines, such as machine
operational data, product quality indicators, and environmental
conditions. This comprehensive information is summarized and
stored by the factory’s intelligent agent system, which helps co-
ordinating the production line to complete different production
tasks.

Cognition of factory: The embodied intelligence in the factory
is capable of integrating information from each independent
production line, forming a comprehensive understanding of
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the entire factory’s production process and environment. This
enables the production of factory with enhanced efficiency and
adaptability.

Reasoning of factory: The embodied intelligence can integrate
information from various production lines, reason about the
overall production process of the factory, and the coordination
of product production among different lines. Based on reasoning
capability, the production plan for the entire factory can be
formulated, ensuring the stability of the factory’s production
process.

Decision-making of factory: The embodied intelligence will
autonomously determine the current stage of production and de-
cide the next production direction based on the reasoning results.
It will recognize the production status of the factory and respond
quickly and accurately to any production demands, then coordi-
nate the production lines to proceed manufacturing process.

Planning of factory: After making decisions, the embodied
intelligence will further plan by scheduling and collaborating
the appropriate production lines based on the current factory
production situation to complete the production plan.

Control of factory: The factory will control the operation of
different production lines according to the established decisions
and plans, ensuring the stable operation of the production pro-
cess.

Evolution of factory: The embodied intelligence is capable
of monitoring changes in the production environment and pro-
duction requirements in real time during the production process
and adjusting the production strategy accordingly. As the data
becomes more abundant for evolution, the learning capability
of the embodied intelligence will be further enhanced, enabling
autonomous learning and development.

D. Supply and Industrial Chain

Perception of supply and industrial chain: Perception is re-
sponsible for collecting and aggregating market demand in-
formation, production information, and other critical supply
and industrial chain data. After integration, this information is
transmitted to the multimodal embodied intelligence, providing
comprehensive perception support.

Memory of supply and industrial chain: The supply and
industrial chain system stores and compress the collected and
aggregated information for further data processing and analysis,
ensuring the stable operation and continuous improvement of
the supply and industrial chain system.

Cognition of supply and industrial chain: The embodied
intelligence within the supply and industrial chain integrates
multisource data such as production processes and market de-
mand to conduct in-depth analysis. This forms a comprehensive
understanding of factory operations and market conditions, en-
hancing its adaptability to market changes.

Reasoning of supply and industrial chain: The supply and
industrial chain system utilizes its reasoning capabilities to pre-
dict future supply and production needs based on the real-time
production status of the factory and current market demand.

Decision-making of supply and industrial chain: The embod-
ied intelligence will consider the market conditions, production
status, and reasoning results comprehensively to determine the
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supply of production materials and the manufacturing of prod-
ucts, ensuring a balance of supply and demand in the production
process.

Planning of supply and industrial chain: Based on the results
of reasoning and decision-making, the embodied intelligence
will adjust the production and material supply of the entire fac-
tory, coordinating the production among the factories to ensure
production balance.

Control of supply and industrial chain: The embodied in-
telligence will precisely control production and supply—demand
based on the content of decisions and plans, ensuring the smooth
execution of planned tasks. This achieves efficient and stable
operation within the supply and industrial chain.

Evolution of supply and industrial chain: The embodied
intelligence of the supply and industrial chain monitors the
production status, market environment, and changes in the
supply—demand structure in real time. It adjusts production
strategies based on these changes to achieve adaptive production
management. Simultaneously, the data will be continuously
enriched during the adjustment process, further promoting the
evolution of the supply and industrial chain.

[V. ARCHITECTURE OF INDUSTRIAL EMBODIED
INTELLIGENCE SYSTEM

In the industrial embodied intelligence system, the interac-
tion relationship between embodied intelligence with industrial
elements is illustrated by Fig. 3 and described as follows.

1) Human: Embodied intelligence receives multimodal in-
teraction commands from humans and understands inten-
tions and needs, then collaborate with human to complete
production tasks according to the commands.

2) Machine: Embodied intelligence interacts with machines
through commands to control their operation, in which
sensors collect machine running data, which is used by
the embodied intelligent cerebellum to adjust its working
mode.
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3) Material: Embodied intelligence perceives and manip-
ulates materials for production and manufacturing, and
materials provide data for the embodied intelligent cere-
brum for cognition and reasoning in production tasks.

4) Method: Embodied intelligence invokes external models
or methods for production tasks, which provide the em-
bodied intelligence with the knowledge, knowhow, and
techniques needed in manufacturing.

5) Environment: Embodied intelligence senses environ-
mental information and adjust its operation strategy
accordingly. The challenges brought by unstructured
environmental changes in open world also promote the
continuous evolution of embodied intelligence.

Moreover, the technical architecture of embodied intelligence
system, described by Fig. 4, will be discussed as follows.

A. Physical Layer

In the technological architecture of industrial embodied in-
telligence, the physical layer serves as the foundation, encom-
passing four key components: human, machine, material, and

environment. The human element represents the engineers, de-
signers and other people involved in manufacturing processes.
Machines refer to the various robotic and automated systems
utilized in manufacturing and production, ranging from robotic
arms, various robots to machine tools. Materials include the
raw material, parts, and finished products manipulated and
processed within the manufacturing process. The environment
includes the physical surroundings where industrial activities
take place, mainly divided into structured and unstructured
environments. Together, these components form the physical
layer, which is fundamental to support various activities in smart
manufacturing.

B. Communication Layer

The communication layer represents an essential interface
facilitating seamless interaction and data exchange between
various components within the smart manufacturing system.
This layer comprises three primary elements: sensors, actua-
tors, and controllers. Sensors play a crucial role in capturing
real-time data from the physical environment, including vision,
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auditory, pressure, temperature, etc., providing valuable inputs
for monitoring and control systems. Controllers serve as the
center, organizing, and regulating the actions of machines and
processes based on inputs from sensors and directives from
higher level control systems. Actuators convert electrical energy
into mechanical movement by manipulating mechanisms, in
order to interact with the external environment, and provide
feedback to the system, allowing for closed-loop control and
adjustment based on real-time performance. Together, these
elements form a robust communication infrastructure that en-
ables the efficient transmission of information, commands, and
feedback, facilitating agile and adaptive operations for various
tasks of embodied intelligence.

C. Industrial Data and Knowledge Layer

The industrial data and knowledge layer serves as a crucial
repository and processing hub for industrial data and knowledge,
as well as the digital models established for embodied intelli-
gent entities. This layer comprises two primary components:
industrial data and knowledge, and digital models for embodied
intelligent entities. Industrial data encompasses data collected
from sensors, machines, processes, and human interactions
throughout the product life cycle. These data are collected,
stored, and processed to derive insights, patterns, and trends that
inform decision-making and optimization efforts in smart man-
ufacturing. Industrial knowledge includes various knowledge
with specific industrial expertise relevant to industrial opera-
tions. Digital models for embodied intelligent entities represent
virtual representations of physical entities within the smart man-
ufacturing, facilitating simulation, analysis, and optimization
of their behavior and interactions. Together, these components
form a robust foundation for leveraging data-driven insights and
digital representations to enhance productivity, efficiency, and
innovation in industrial processes.

D. Embodied Intelligence Engine Layer

The embodied intelligence engine layer constitutes a critical
component responsible for orchestrating the cognitive and sen-
sory functions of embodied intelligence. This layer comprises
four primary elements: Al cerebrum, Al cerebellum, body, and
cross-modal sensors. The AI cerebrum serves as the central
processing unit, responsible for higher level cognitive func-
tions, such as reasoning, planning, and decision-making within
the industrial context. The Al cerebellum, akin to its biologi-
cal counterpart, coordinates sensorimotor functions, integrating
feedback from cross-modal sensors to regulate and refine the
movements and interactions of the embodied intelligence with
environment. The body refers to the physical structure and actu-
ators of the system, enabling it to manipulate objects, navigate
spaces, and execute tasks autonomously. Cross-modal sensors
capture a diverse range of sensory inputs, including exterocep-
tive visual, auditory, tactile data, and proprioceptive information,
providing the system with comprehensive situational awareness
and facilitating adaptive behavior in dynamic industrial environ-
ments [31]. Together, these components collaborate as engines in
embodied intelligence to operate effectively and autonomously.
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E. Capability Layer

The capability layer constitutes the cognitive and functional
capabilities of embodied intelligence. These capabilities include
perception, memory, cognition, reasoning, decision-making,
planning, control, and evolution, which are described in de-
tail in Section III. Aside from these capabilities, interaction
is also a significant capability in higher level, which calls
these capabilities above. The interaction can be mainly divided
into human—machine interaction, multimachine interaction, and
machine-world interaction. These interaction capabilities facil-
itate seamless collaboration in diverse and dynamic industrial
environments of smart manufacturing.

F. Application Layer

In the industrial embodied intelligence architecture, the ap-
plication layer represents the practical implementation and de-
ployment of embodied intelligence across various stages of the
industrial life cycle. These applications will be further discussed
in next section in dimension of product life cycle and human
involvement together.

V. TYPICAL APPLICATIONS OF EMBODIED INTELLIGENCE FOR
SMART MANUFACTURING

With remarkable capabilities of the embodied intelligence, it
is prospected that its applications will cover the whole product
life cycle. In this article, the product life cycle is divided into
research and development (R&D), production, test and experi-
ments, sales and management, and services and maintenance.
In each phase of product life cycle, according to human in-
volvement, we propose separate typical applications for human-
centric and embodied autonomous applications, respectively.
These applications are illustrated in Fig. 5.

A. Research and Development

R&D assistant: R&D assistants collect and analyze perfor-
mance data of existing products as well as user feedback to
provide suggestions for designers to design products. During
the R&D design phase, wearable devices can serve as physical
embodiment of intelligent design assistants. Through embodied
intelligent wearable devices, R&D assistants help designers
via render prototypes for visualization, simulate assembly pro-
cesses, and adjust design parameters from human instructions.
During the assembly process of prototypes, wearable devices
can monitor performance parameters in real time, which helps
designers understand the operating status of prototypes and
promptly identify potential issues intuitively and efficiently, thus
enhancing design quality, shortening R&D cycles, and achieving
higher quality and innovative designs.

Metamorphic robot: Embodied intelligence can also achieve
autonomous optimized design. Metamorphic robots are robots
capable of bodily, modal, and functional changes and evolution,
which exemplify autonomous evolutionary capabilities of em-
bodied intelligence [32]. They can autonomously change struc-
ture, morphology, and modalities and evolve in real-time accord-
ing to the environment. The evolving targets can be structure and
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material of embodied entities. For instance, in the design process
of robotic dexterous hands, metamorphic robot collect data on
hand movements and object grasping to analyze the optimal
grasping strategies, then adjust the shape or structure of the hands
to improve grasping efficiency and adaptability. For quadruped
robots working in outdoor environments, the efficiency of robot
movement on different terrains will be analyzed by monitoring
joint loads and motion data, and adjusting joint stiffness and
damping.

B. Production and Manufacturing

Assembly assistant: Embodied intelligence-based assembly
assistant collaborates with workers to complete assembly tasks
for mass personalization. These robots assist workers in the
assembly process by providing functions such as assembly
position prediction and error warnings. Assembly assistant col-
laborate with workers in completing tasks that are too labor-
intensive, thereby reducing the physical burden on workers.
This allows workers to focus on more creative tasks, such as
optimizing assembly processes and inspecting assembly results,
thereby improving overall work efficiency and product quality.

Special robot: In certain special environments, special robots
replace workers to autonomously perform production tasks,
ensuring worker safety and improving operational efficiency. In
tasks such as welding, special robots are designed to complete
welding tasks autonomously, thereby avoiding workers’ direct
exposure to high temperatures and radiation. In the mining
industry, special robots perform tasks such as underground exca-
vation, transportation, and exploration, avoiding miners working
in narrow, dark, and hazardous environments. In underwater con-
struction, salvage, or marine resource exploration, special robots

Typical applications of embodied intelligence for smart manufacturing in product life cycle.

perform precise underwater welding, cutting, or equipment in-
stallation tasks. In aerospace, assembly robots autonomously
identify, disassemble or assemble components of satellites or
space stations in space.

C. Experiment and Testing

Test assistant: Test assistants help testers in completing exper-
imental and testing tasks as physical embodiment. Test assistants
perform mechanical tasks such as experimental environment
construction and equipment handling before experiments to
reduce repetitive work of humans. During the experiments,
test robots perceive real-time key indicators such as operating
efficiency, load capacity, battery life, and obstacle avoidance
ability of products. Ultimately, the test assistants automatically
generate test reports containing various key indicators, charts,
analytical results, and improvement suggestions for testers to
quickly understand the test results.

Self-test robot: During the testing process, self-test robots not
only collect and monitor their own real-time parameters, but also
conduct in-depth analysis of the test environment and adjust
testing conditions to ensure the smooth progress of the test.
In addition, the self-test robots independently identify potential
issues, analyze the root causes of problems, thereby optimizing
the entire testing process. Based on accumulated knowledge
and experience, the self-test robots provide analytical results
and targeted optimization suggestions, which helps identifying
potential shortcomings and improving themselves.

D. Operations and Management

Management assistant: Management assistant can moni-
tor production chains in real time, collect, and summarize
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production data then provide intelligent suggestions for man-
agers. Based on operation data and management knowledge,
management assistants provide future demands prediction, mar-
ket dynamics, etc., assisting managers in understanding and
achieving comprehensive monitoring and optimization of the
supply and industrial chains. This helps improving production
efficiency, reduce costs, cater to market supply and demand, and
enhance the competitiveness of enterprises.

Sales robot: Sales robots autonomously use their multimodal
interaction capabilities to provide intelligent sales services for
customers. Sales robots interact with customers through voice,
touchscreen, or gesture recognition, providing product infor-
mation, answering questions, and even consulting on returns
and exchanges, guiding customers through visits. Based on cus-
tomers’ purchase history or real-time interaction data, sale robots
can accurately recommend related products, thereby increasing
sales opportunities.

E. Service and Maintenance

Maintenance assistant: Maintenance assistants, especially in
complex or hazardous environments, can assist human monitor
and inspect to ensure the safety of maintainers. With intelli-
gent reasoning capability, maintenance assistant helps locate
problems more quickly and provide corresponding solutions.
Afterwards, professional diagnostic suggestions will be pro-
vided to workers, and some difficult maintenance tasks, such as
heavy object handling and fixture adjustment, will be precisely
performed by assistants. In this way, robots can assist main-
tenance personnel in completing complex maintenance tasks,
reducing their physical burden, and enabling them to focus on
fine maintenance tasks and other high-skilled processes.

Self-maintaining robot: Self-maintaining robots are embod-
ied intelligent robots with strong autonomous maintenance ca-
pabilities. Self-maintaining robot can perform predictive main-
tenance based on real-time data parameters itself, adjust its own
operation modes in a timely manner to minimize damage via Al
cerebellum, thereby extending the service life of the equipment
and improving production efficiency in optimal condition. In
addition, robots can automatically perform maintenance tasks,
such as lubrication, cleaning, and replacing worn components,
reducing the need for manual intervention.

VI. CHALLENGES AND OUTLOOKS

A. Multimodal Data Scaling-Up for Al Foundation Model
Learning

Embodied intelligence faces significant challenges in scaling
up multimodal data, which is crucial for enhancing cognitive and
operational capabilities. For embodied intelligence, multimodal
data provide a comprehensive understanding of the environment,
especially in open world. It is necessary to scale up multimodal
data to support training Al foundation models for embodied
intelligence. However, there is still a lack of such real-world mul-
timodal 3-D dataset for embodied intelligence at present. Com-
pared to large-scale 2-D vision-language dataset like contrastive
language-image pretraining [33] or segment anything-1B [34],
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data in 3-D world are more difficult to obtain and annotate.
Data for embodied intelligence are heterogeneous from multiple
sources to collect and integrate, and multimodal in diverse labels
to annotate. Addressing these challenges involves developing
more automated data processing and annotation methods and
innovative multimodal data fusion alignment methods to enable
training better embodied intelligence.

B. Self-Evolution Framework Through Al Foundation
Model

Embodied intelligence encounters significant challenges in
implementing a self-evolution framework, crucial for contin-
uous improvement, and adaptation in dynamic environments.
This framework involves the autonomous collection of data
during operation, enabling continuous learning without human
intervention. The process begins with the collecting diverse sen-
sory data as it interacts with its surroundings during operation.
Then, this data needs to be processed to prepare for training
without requiring labor-intensive and time-consuming manual
annotation. Techniques such as unsupervised, self-supervised,
and reinforcement learning are essential in this context, allow-
ing derivation of meaningful patterns and insights from raw
data autonomously. In addition, the framework must ensure
efficient data management, including storage, retrieval, and pre-
processing, to maintain a high learning rate and adaptability. By
overcoming these challenges, embodied intelligence enhances
its cognitive flexibility, capable of learning unlimited tasks in
dynamic real-world scenarios.

C. Real-Time Human-Interaction Via Al Foundation
Model

Embodied intelligence faces substantial challenges in achiev-
ing effective real-time human interaction, which is crucial for
human-centric applications in smart manufacturing. Real-time
interaction necessitates multimodal capabilities, enabling pro-
cessing and reasoning across diverse multimodal data streams,
including 3-D vision, audio, text, tactile signals, etc. The main
solution is multimodal alignment to deal with in AI foundation
models, which helps understand spoken instructions, interpret
visual cues from the surrounding workspace, and respond ap-
propriately to textual information. Another issue to tackle with is
synchronization and low-latency processing of these multimodal
data to provide timely and contextually relevant responses with
high frequency, which requires the integration of sophisticated
multimodal alignment to ensure seamless interaction. More-
over, the robots must be capable of adapting to dynamic and
unpredictable human behaviors while maintaining safety and
efficiency, enabling robots to interact naturally and effectively
with human.

D. Industrial Knowledge-Based Embodied Intelligence

The industrial knowledge integration is a significant chal-
lenge for embodied intelligence particularly in the era of Al
foundation model, which may output untrustworthy results and
cause hallucinations. Embedding industrial knowledge involves
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synthesizing domain-specific information, including manufac-
turing processes, safety protocols, quality standards, etc., into
the cognitive framework of embodied intelligence. This integra-
tion ensures that decision-making processes align with industrial
best practices and regulatory requirements, mitigating the risk of
erroneous or unsafe behavior in manufacturing tasks. Further-
more, to prevent hallucinations and uncertainties of Al foun-
dation models, robust validation, and verification mechanisms
are essential. Techniques like uncertainty quantification, model
calibration, and anomaly detection help enhance the reliability
and trustworthiness of predictions and embodied actions.

E. Reasoning Replacing Compression in Al Foundation
Model

The future prospect of embodied intelligence with Al foun-
dation models involves enhancing its reasoning capabilities
rather than merely compressing massive information. This en-
ables embodied intelligence to delve deeper into understanding
patterns behind massive data and infer more complex, higher
level relationships and structures. Reasoning involves making
deductions, inferences, and speculations about data rather than
simply conducting straightforward statistical analysis or pattern
matching. Through reasoning, embodied intelligence handles
unseen, incomplete or ambiguous information better, and makes
more accurate decisions and planning. The development of
this capability is significant to understand and deal with the
complexity and uncertainty in many fields especially in changing
environments of flexible manufacturing. Moreover, as embodied
intelligence continues to learn and evolve, the model will be-
come more creative and innovative. With reasoning capability in
the open world, embodied intelligence will generate new ideas,
designs, and solutions, driving progress in R&D, industrial pro-
cess optimization, technique innovation, and other applications.

F. Advanced Action System in Brain of Embodied
Intelligence

Embodied intelligence faces the challenge of developing an
advanced action system that mirrors the complex interplay be-
tween the cerebrum and cerebellum of humans. In this intricate
neural system, the cerebrum handles cognition and reasoning,
responsible for higher order intelligent tasks. Conversely, the
cerebellum integrates sensory inputs from the external environ-
ment and proprioceptive feedback from its own body, coordi-
nating the execution of instinctual and motor functions. This
system will help both cognitive reasoning for complex tasks and
real-time motor control for embodied action, which correspond
to understanding abstract instructions from human and basic
obstacle avoidance, respectively. With synergy of these two
action mechanisms, embodied intelligence will be enabled with
human-like adaptability, versatility, and autonomy in dynamic
environments.

VIl. CONCLUSION

In the era of Al foundation models, Al has achieved excellent
generalization in multiple tasks and fields. With prevailing trend
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of the Al foundation model, the integration of Al foundation
model and embodied intelligence is promising. To the best
of authors’ knowledge, as the first work discussing embodied
intelligence toward future smart manufacturing, we envisioned
that the embodied intelligence will bring next-generation smart
manufacturing enhancement and more opportunities. Therefore,
the definition of embodied intelligence and its corresponding
novel characteristics were proposed. Compared with previous
Al applications in smart manufacturing, the novel capabilities
of embodied intelligence are proposed in hierarchical industrial
units. Moreover, the embodied intelligence’s typical innova-
tive applications were discussed with insights for future usage
throughout product life cycle. Finally, challenges and outlooks
were discussed as future research directions.
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