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Abstract

This article focuses on the trend and path of robots and artificial intelligence driving the
intelligent manufacturing industry. With the rapid changes in population and cost structure.
Robot intelligence is becoming more and more important. In the face of the manufacturing
industry in 2040, we have described the four core characteristics that the manufacturing industry
should have in 2040: "robot secondary development capability", "Al integration capability",
"efficient data collection and processing capability" and "supply chain dynamic adjustment
capability". At the same time, this article also discusses the three major challenges of combining
robots and Al in the manufacturing industry, namely robot environment understanding, trust and
safety, and human-machine two-way learning and knowledge sharing. To conclude, we proposed
six different dimensions to try to solve the above challenges from different dimensions such as
dynamic control, environmental perception, LLM empowerment, knowledge sharing platform,
industry basic model and self-learning mechanism, and proposed systematic solutions. Finally,
the importance of talent reserves in promoting more efficient, safe and sustainable development
of the manufacturing industry is explained.

Introduction

The world’s three major manufacturing entities have each proposed their own strategic plans for
the manufacturing sector: China has “Made in China 2035[1] ,” Germany has the “National
Industrial Strategy 2030 [2],” and the United States is promoting a manufacturing reshoring
initiative [3]. These plans all underscore how much these major economic powers value the
manufacturing industry. With the rapid advancement of robotics and Al technologies, the current
manufacturing systems are progressively transformed[4]. As the digitalization of manufacturing
approaches completion, the next breakthrough will be the move toward intelligent
manufacturing. Some enterprises have already begun leveraging robots to enhance factory
intelligence. For instance, Agility Robotics, based in Oregon, has launched a humanoid robot
named “Digit,” designed specifically for warehousing and logistics scenarios[5]. It is already
deployed in the Spanx factory, where it handles repetitive physical labor tasks such as moving
boxes, thereby helping to alleviate labor shortages. In China, SANY Heavy Industry’s No.18
Smart Factory utilizes Automated Guided Vehicles and automated high-rise warehouses to
realize autonomous material distribution [6]. Using IoT and other technologies, it collects and
analyzes production data to optimize workflows, significantly boosting production efficiency.
Smart robots have become a fiercely contested domain among developed nations. The
fundamental driving force behind the push toward scalable and intelligent robotic technology
stems from rapid changes in demographics and cost structures. In developed economies, the
aging labor force and young people’s reluctance to engage in repetitive, physically demanding,
or hazardous jobs are becoming more pronounced [7]. In developing regions, where the
demographic dividend is fading, rising wages and labor market volatility have made the “low-
cost advantage” increasingly unsustainable[8]. Furthermore, industries such as consumer
electronics and smart electric vehicles are accelerating their product update cycles. Finally,
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dangerous or emission-prone processes—such as battery assembly, chemical coating, and heavy-
duty handling—can be taken over by robots, thereby reducing occupational health risks.

The rapid development of Al has been demonstrated in many fields. In the product design phase,
Al has already been applied to assist with design through topology optimization and material
databases[9]. In the quality inspection stage, computer vision enables the detection of defective
samples and assembly errors within milliseconds. For equipment maintenance, technologies such
as digital twins have made predictive maintenance possible [10]. With the rapid development of
large language models, communication between humans and robots is becoming increasingly
seamless. So, a series of technological innovations is driving the manufacturing industry toward
greater intelligence.

In my view, by 2040, an outstanding manufacturing enterprise will possess the following four
characteristics: the capability for secondary development of robots, the ability to integrate
artificial intelligence, robust data collection and processing capabilities, and the capacity for
dynamic supply chain adjustment. However, achieving these four objectives still presents several
challenges. These include how to enable robots to understand complex manufacturing
environments; how to address issues of trust and safety in the process of human-robot
collaboration; and how to realize bidirectional learning and knowledge sharing between humans
and robots. Ensuring that robots can not only learn from humans’ tacit knowledge and experience
but also enhance workers’ cognitive abilities in return.

Characteristics of the Manufacturing Industry in 2040

Although many robotics companies have already released their latest humanoid robots, the field
is still in its early stages. For example, the world’s first humanoid robot half-marathon was held
in Yizhuang, Beijing, China[11]. In Spartanburg, USA, the startup Figure 02 deployed its
humanoid robot for the first time in a BMW factory, where it successfully completed assigned
tasks[12]. Nevertheless, all of this is still in its infancy. In the era of Industry 4.0, the adoption of
robots in manufacturing continues to increase year by year. At the same time, technologies such
as digital twins, predictive analytics, and full-cycle management are being deeply integrated into
production processes[13]. Moreover, efficient data collection and processing capabilities, along
with the ability to dynamically adjust the supply chain, have become critical drivers of intelligent
manufacturing. These advancements enable production enterprises to reduce costs and achieve
rapid product delivery. Against this backdrop, robots are gradually becoming the bridge that
connects the digital and physical worlds, serving as the key execution layer [14]. This shows that
robots are no longer simply machines that execute programmed programs, but robots that can
make autonomous decisions. Therefore, by the year 2040, an advanced high-tech manufacturing
enterprise must possess the following capabilities throughout its production processes:

1. Capability for Secondary Development of Robots
This primarily refers to the ability to redevelop general-purpose robots so that they can more
flexibly adapt to various manufacturing scenarios. This capability includes not only the rapid
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replacement and upgrading of hardware modules but also the flexible programming and
parameter optimization of software platforms to meet the requirements of specific processes and
tasks. This is analogous to training a newly hired employee through pre-job onboarding.

2. Integration Capability of Artificial Intelligence

The enterprise must be able to integrate various types of Al technologies, allowing each to
handle the tasks it excels at. For instance, computer vision is well-suited for quality inspection
and recognition tasks[15]. Reinforcement learning is appropriate for optimizing production
processes[16], and LLMs are ideal for tasks involving text processing[17]. This ensures that the
most suitable Al model is applied at each stage of the production process.

3. Data Collection and Processing Capability

With the rapid advancement of artificial intelligence, obtaining superior models or enabling
models to better understand the current production state requires enterprises to establish efficient
mechanisms for data collection, filtering, and analysis. This includes deploying sensor
technologies, implementing large-scale data storage systems, and ensuring real-time data stream
processing. Such capabilities allow for the continuous acquisition of real-time data generated
throughout the production process, which can then be used to train and improve Al models.

4. Dynamic Supply Chain Adjustment Capability

With ongoing geopolitical fluctuations, manufacturing enterprises must place greater emphasis
on supply chain stability and market diversification. This includes achieving rapid multi-source
switching and enabling localized manufacturing[ 18]. Such capabilities are essential to avoid
production halts caused by geopolitical disruptions and to ensure continuity of operations and
sustain competitive advantage.

Core Challenge: The Reshaping of Human-Robot Collaboration in Industrial Production

According to a report by SNS Insider, the smart robot market is projected to grow at a compound
annual growth rate of 26.63%, reaching USD 111.6 billion by 2032[19]. By then, many
humanoid robots will enter the manufacturing sector, either replacing or augmenting human
labor. This indicates that by 2040, the greatest challenge will no longer be whether robots can
perform manufacturing tasks, but rather how industrial workers can effectively complement
robots, how to build trust between workers and robots, and how to achieve co-evolution between
humans and machines. The three key challenges are as follows:

Challenge of enabling robots to understand complex manufacturing environments. Robots
must be equipped with artificial intelligence and computer vision to make dynamic decisions
based on the real-world conditions of the factory. This means that robots must be able not only to
operate under standardized production processes but also to analyze and adapt in real time to
non-standard workflows and tasks. For example, robots must be capable of handling unexpected
equipment or technical issues and recognizing different types of work. How to combine
reinforcement learning and LLMs to enable robots to autonomously understand complex
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manufacturing environments is also a major challenge in improving human-robot interaction
efficiency.
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Figure 1: Let robots integrate various artificial intelligence and dynamic models

Challenge of Trust and Safety in Human-Robot Collaboration is a big issue. In the process
of human-robot interaction, how to make workers trust robots as they would their most reliable
colleagues is a significant challenge. Furthermore, in terms of production safety, whether safety
incidents may occur due to improper robot operations or inherent dynamic flaws is a matter that
must be rigorously prevented.

Challenges in Enabling Robot Learning. In the manufacturing environment of 2040, human-
robot collaboration is no longer merely about task division or robot replacing labor but about
achieving mutual learning between humans and robots. It is not just about letting robots
understand humans, but also about humans understanding robots, so as to achieve a two-way
improvement in the skills of humans and robots. Specifically, this means enabling robots to learn
tacit knowledge and experience from humans, rather than simply learning through algorithms. It
is necessary to develop knowledge-sharing platforms suitable for mutual communication
between humans and robots, allowing tacit human knowledge to be made explicit for robotic
learning. Then, through high-frequency practice, robots can continuously validate and optimize
this knowledge to acquire the most effective practical experience. This, in turn, will further
enhance the capabilities and efficiency of industrial workers. Achieving such human-robot co-
evolution through this approach will become a key challenge and cornerstone of sustainable
development in manufacturing.

Strategic Solutions
To address the above challenges, we propose the following solutions:

1. Enhancing the Kinematic Control Module of Robots: With the rapid development of model
predictive control (MPC) and reinforcement learning (RL), precise and safe kinematic control no
longer relies on a single algorithm, but instead increasingly integrates multiple algorithms to
control the robot. By combining multiple algorithms, the robot's locomotion becomes more
robust. Each algorithm has its own unique purpose. For example, MPC can be used for multi-
objective optimization over the entire process, integrating control objectives such as end-effector
trajectory error, energy consumption, joint limits, and collision distances. It can also incorporate
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constraints such as human activity zones, dynamic workpieces, minimum safety distances for
collaborative robots, and velocity limits. RL, on the other hand, enhances the model’s
adaptability and assists MPC in making decisions under complex environmental conditions,
thereby enabling more capable and flexible locomotion[20] [21].

Figure 2: Schematic diagram of MPC with reinforcement learning[22]

2. Enhancing the Environmental Perception Capabilities of Robots: Robots must possess
precise, efficient, and human-surpassing perception capabilities for complex factory
environments. By integrating sensors such as 3D LiDAR, RGB-D cameras, and microphones,
multi-sensor fusion can be achieved, enabling robots to possess human-like sensory
capabilities[23], or even surpass them. Robots can perceive equipment conditions remotely and
observe environments beyond their visual field through technologies such as 10T, thereby
achieving rapid response. Specifically, 3D LiDAR provides high-precision point clouds, capable
of generating centimeter-level three-dimensional geometric contours in real time within complex
factory environments[24], which can be used for SLAM navigation and obstacle avoidance.
RGB-D cameras supplement texture and depth information, and in combination with computer
vision algorithms such as YOLO and U-Net, assist robots in recognition, surface defect
detection, and grasping tasks[25]. Microphone arrays function as "industrial stethoscopes,"
capable of capturing abnormal bearing noises, air leakage, or collision sounds, providing
acoustic features for early fault detection[26]. They can also capture human voices and,
combined with LLMs, contribute to task planning[27].

Furthermore, robots can gain perception capabilities beyond those of humans’ instance,
perceiving areas outside the human field of vision by leveraging [oT technologies. Devices on
the production line such as AGVs and PLC publish real-time status via MQTT[28]. External
cameras and other devices located beyond the robot’s visual field, combined with edge detection
technologies and anomaly detection algorithms, can promptly assess the production line status
and synchronize the information to the terminal robot. Through the above methods, robots can
not only "see farther, hear more precisely, and detect faster," Using this way can significantly

2025 IDETC Design Essay



Page |6

improve production line stability, safety, and equipment availability, thus enabling human-robot
collaboration that surpasses the boundaries of human sensory perception.

3. Utilizing Large Language Models to Achieve Robot Intelligence: As the capabilities of
large language models in understanding, reasoning, and generalization continue to improve,
deeply integrating them with robotic systems can enable robots to possess more advanced natural
language processing abilities, laying the foundation for thinking like humans in the future. By
introducing LLMSs, robots can not only comprehend complex task instructions expressed in
natural language by humans, but also, after fine-tuning, autonomously perform task
decomposition[29], plan generation, and control strategy design, thereby achieving a leap from
“understanding human speech” to “executing practical actions.” Combined with Retrieval-
Augmented Generation (RAG) technology[30], LLMs can access external knowledge bases such
as operation manuals, production documents, and process specifications in real time,
dynamically acquiring contextual information, effectively reducing hallucination generation, and
improving task accuracy and knowledge timeliness, see figure 3.
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Figure 3: Integrating LLMs with robotic systems enables robots to understand tasks through
command, enhanced by RAG to improve accuracy and reduce hallucinations.

This enables robots to possess knowledge retrieval and real-time reasoning capabilities oriented
toward dynamic environments. By integrating perception systems and control systems with
LLMs, robots can achieve embodied intelligence[31]. LLMs interpret and parse tasks, execute
specific actions through connections with control systems, and receive feedback, thus realizing
closed-loop control of language-perception-action. Through the introduction of LLMs, robotic
systems will no longer be limited to simple tasks like picking up the apple but will be able to
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autonomously plan and become capable of addressing the intelligent manufacturing challenges
of 2040.

4. Promoting a Knowledge-Sharing Platform Between Robots and Humans: In order to
make workers trust robots more and make them believe in the safety of robots, it is necessary to
build a platform for robots and humans to share knowledge. This will allow humans to deeply
understand the decision-making mechanism of robots, and in turn allow robots to learn human
knowledge systems and behavior patterns. As Thomas Hobbes stated in Chapter 13 Of the
Natural Condition of Mankind as concerning their Felicity, and Misery in Leviathan: “Man does
not trust others because, in the natural condition, he lives under uncertainty and mutual distrust.”
This viewpoint similarly applies to the relationship between humans and machines’ distrust of
robots does not originate from technical flaws themselves, but rather from their inability to see
and understand how robots think and act[32]. To eliminate humans' distrust toward humanoid
robots, it is necessary for them to understand how robots make decisions. Moreover, robot
decisions should resemble those of humans. Robots must not only learn to explicit human
knowledge but also tacit knowledge. Explicit knowledge refers to knowledge that can be clearly
articulated, systematically encoded, and conveyed through language, diagrams, manuals, or
digital models, for example: equipment operation procedures, product assembly drawings, task
allocation instructions, and visual recognition models. This type of knowledge constitutes the
core of the robot’s current “task execution capability.”

Enabling humans to

trust with robots

©

Learning human
explicit and tacit
knowledge

Figure 4: The process of mutual learning between robots and humans

Tacit knowledge, on the other hand, is more subtle, experience-based, and difficult to formalize.
It is often embodied in human intuition, motion fine-tuning, experience-based responses, and
situational understanding. For instance, a skilled worker naturally controls the force and angle
when tightening a screw, yet this behavior is difficult to describe with precise parameters. Or in
collaborative scenarios, interpreting whether a colleague is ready for the next operation through
body language, this kind of “tacit coordination” also falls under tacit knowledge. Therefore,
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robots must gradually learn tacit knowledge in addition to mastering explicit knowledge.
Through this cycle, people will trust robots more and be more willing to work alongside them.
See figure 4.

By constructing a human-robot knowledge sharing platform, robots can gradually acquire tacit
knowledge through video acquisition data learning, imitation learning, multimodal perception,
and human feedback mechanisms, and convert it into executable strategies via embodied
intelligence. This platform should also feature bidirectional transparency. On the one hand,
robots should clearly display their current states, intentions, and reasoning processes to workers;
on the other hand, through continuous data collection of human interaction patterns and natural
language communication, the platform’s human tacit knowledge base can be continuously
optimized for robot learning. Using this way, | believe Al with robots are no longer “black box”.
This forms the foundation for building a safe, controllable, and highly trusted human-robot
collaboration system, and is a prerequisite for humanoid robots to truly deliver value in the
manufacturing environment of 2040.

5. AI Models Based on the Manufacturing Industry: To achieve the four points mentioned
above in the manufacturing industry in 2040, the manufacturing sector must develop its own
foundational Al model system. This involves building its own database for Al training. A full
life-cycle intelligent model tailored to manufacturing needs to be established. Since different Al
models have their own characteristics, each stage of production requires its own specialized Al
model[33]. Multiple AI models should be integrated through a Modal Fusion to achieve
multimodal detection and anomaly-linked alerts across “vision, sound, and measurement.” The
goal is to construct an intelligent model ecosystem that spans design, production, quality
inspection, and maintenance, making multimodal Al the central perception and decision-making
hub of the intelligent factory of 2040.

6. Solving the Problem of Robot Self-Learning Capability

For manufacturing in 2040, the self-learning capability of robots remains an unresolved
challenge. A mechanism for autonomous knowledge updating and performance improvement is
required. Given the fast-paced product iteration cycles in manufacturing, especially in consumer
electronics and the automotive sectors, where updates may occur on a monthly rather than yearly
basis[34], robots’ self-learning capabilities are particularly critical. Therefore, establishing a
comprehensive robot self-learning system is a key support for achieving manufacturing goals in
2040.

First, we need to automatically establish a mechanism for data acquisition and ensure that the
data is stored in a consistent format. This data will span multiple dimensions, such as operational
processes, yield rates, and voice recordings. In this way, high-quality data can be obtained for
subsequent model training.

Furthermore, we need to establish a mechanism for continuous knowledge updating and
classification. Imagine if a robot has learned how to install the cover of device A, and later it
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needs to install the cover of device B using the same method. Do we need to retrain the robot
from scratch? To address this issue, we need to construct a skill graph. When a new task arises,
the robot can first match similar skills within the graph and then perform fine-tuning to achieve
transfer and adaptation, significantly improving learning efficiency.

Finally, to ensure that the new knowledge and strategies acquired during the robot’s self-learning
process are executable and safe on actual production lines, they must be validated using digital
twins. Whenever a robot completes a task transfer, parameter adjustment, or strategy update in
the Skill Graph, the corresponding skill must first be simulated in its digital twin production
unit[35]. This validates the stability and execution precision of the skill under different scenarios,
working conditions, and abnormal disturbances[36]. Through this process, the system can
expand from single-point knowledge learning to multi-scenario generalization, while
significantly reducing the safety risks and cost pressures associated with trial and error on real
production lines.

Conclusion

As 2040 approaches, I believe that with the development of Al and the advancement of robot
dynamics, robots combined with Al technology will bring revolutionary changes to the
manufacturing industry. This transformation is not only caused by the advancement of science
and technology, but also social factors. I believe that robots with Al can change this situation,
and in the future, robots will not only do some repetitive mechanical work that has been pre-
edited by code but also use artificial intelligence to achieve collaboration with humans, thereby
improving the work ability of workers. Enabling robots to autonomously understand and adapt to
complex production environments is the direction that all major excellent manufacturing
industries need to work hard on, and this challenge is huge. This is not just a breakthrough in one
field but requires exploration and research in multiple fields. In summary, in order to become an
excellent manufacturing company in 2040, at least it must have integrated optimization of robot
technology, artificial intelligence technology and data processing technology. As long as the
company actively reserves relevant technology and talents and keeps up with the pace of the
times, [ believe that it will be able to obtain more efficient production efficiency, produce better
products, and thus gain more market share. Although the above technologies seem out of reach
for most companies, I believe that with the continuous development of technology, just like
personal computers, from tools that can only be used in high-end laboratories to personal
computers have become a part of people's lives. Therefore, as long as companies have careful
planning, they will be able to successfully cope with the above challenges and set a benchmark
for the global manufacturing industry.
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Appendix

The two versions of LLM used are GPT 03 and GPT 40. As a non-native English speaker, | used
English and Chinese as the languages for the prompts. | use Al to assist me with translation and
grammar correction. | also use Al for information retrieval and to help with creating
visualizations. All Al-generated texts are for reference only, and only translated texts are chosen
for direct use. All the content retrieved by Al has been double checked by me again.

In terms of hallucinations, my experience is that many answers generated by LLMs cannot
withstand close scrutiny. This is especially true for highly specialized questions, where the
model often produces responses that appear highly convincing but fall apart upon deeper
analysis. For prompts, | prefer to input all the materials | have to see if the summary and answer
of LLM are consistent with what | imagined. | used LLM to help me quickly read the design
essays of previous years. | think this is a good method to help me quickly understand the
structure and ideas of other people's articles. When searching for information, LLM will give me
some information that I didn't know before, but some of the information is fictitious. I can't find
the source of the information when | double check, which is something to pay attention to. The
following are the raw outputs.

Me: Please find me a chart that shows trends in young labor in developed countries.

ChatGPT :

YOUN UNempioyment
Rates in Major Nations

The paukﬂkdwmptnmm ely affe -cud )vud\
China, as mary
mIInS)wuod\Asdow\ e apbauof.l\mt.m

AVERAGE YOUTH UNEMPLOYMENT RATE (%) ——

<
=0 ! COSTA RICA 741
HH SUEE 249
i CREECE Pa1]
p) ITALY Wik]
) CHINA %)
198 :
- LUXEMBOURG B3
[*) SLOVAKIA J1¥3 China's youth unemployment
- [CRIGIGEIEN 187 rate rose to 20:3‘<-inJum.
fi 5.3% in 24 Th

P PORTUGALRY) bedtist sttt

[URK 170 « of age-specific
e TURKIVE ] he release of ific
(O FRANCE B U] unernployment data,
+ FINCAND ]2
S LT 156 Meps .
() D TSV 139 B North Arncrica

B Soueh Arerkcn

@ LITHUANIA BE3:] W Asia
' CZECH REPUBLIC Js¥4 B Oceania

HUNGARY J55)

*) CANADA B0V
& NORWAY B0F]
96  » The OECD' youth unemployment
93 rote is skghtly over 1%

NETHERLANDS E:§]

L0 80 > 67 nations have an overall youth

Q_BEEL']_T.I 78 unempheyment rare of 8.7%.
¢ YN 74

"“ ""

b JCELAND s
- GERMANY [

Certainly! Here's a chart illustrating youth unemployment rates in major developed countries,
based on data from the OECD and China's National Bureau of Statistics as of June 2023:
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Il Youth Unemployment Rates in Major Nations (June 2023)

Country Youth Unemployment Rate (%)
Spain 27.4
Costa Rica 27.1
Sweden 249
Greece 21.3
Italy 21.3
China 19.6
Chile 19.5
Lithuania 19.2
Slovakia 18.0
Colombia 17.9
Portugal 17.2
France 16.6
Finland 15.8
Israel 15.6

Luxembourg 15.0
United States ~ 14.3
Mexico 14.0
Italy 13.8
Czech Republic 13.5
Hungary 13.0

United Kingdom 12.6
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Country Youth Unemployment Rate (%)
Poland 12.4

Canada 11.3

Norway 10.2

Austria 9.5

Netherlands 8.3

Denmark 7.4
Australia 7.1
Ireland 6.4
Iceland 6.3
Germany 6.1

Note: Youth refers to individuals aged 15—24.ResearchGate+2 1 OECD+2 Inorvanreports.com+21

This chart highlights the varying levels of youth unemployment across developed nations, with
countries like Spain and Costa Rica experiencing higher rates, while Germany and Iceland have
comparatively lower rates.

For more detailed information and visual representations, you can refer to the full article here:
Charted: Youth Unemployment in the OECD and China.Telegraph

If you need further insights or data on specific countries or trends, feel free to ask!

Me: The rapid progress of artificial intelligence is injecting "cognitive and decision-making
brain" into the above-mentioned robots and manufacturing ecosystem. In the product design
stage, Al has realized assisted design through topology optimization and material database. In the
quality inspection link, computer vision and assembly errors can be found for defective samples
at the millisecond level. Predictive maintenance can be achieved by combining technologies such
as digital twins in equipment maintenance. With the rapid development of LLM, communication
between humans and robots will become more and more smooth. In summary, a series of
technological innovations are driving us towards a more intelligent manufacturing direction.
Draw a schematic diagram required in a PPT based on this description.
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Predicitive Predictive S poboocr

ChatGPT : maintenance maintenance
Me: ez NEESIEMNEZ D TUNEE?
ChatGPT :

IER, EHRV/ARERFEIERK, LHEETWARSOE, N TE—EXFHIENM
W, FWEPET BN RASEBMNES R EEN

= T HlaR NG KBS

o REFEEFMAJ/AKES (IFR) £ 2024 FHFYIRARE), BE2023FK, £
KRIT FEfT T A= A EILE] 4,281,585 5, RILLIEIK 10%, HFRAIA
2H #7+51FR International Federation of Robotics+5 A E FHRHS5

o 2023%F, BRI Wl AERIEEHN 541,302, EEF=FBI 08, TE
B +3 R A0R B2 AN 248 204+ 31FR International Federation of Robotics+3

o FHITE| 2026 F, EHREERREANTOTETIUNRA, BrREFIFEERNES.
R F B2 IR AR 2 R F A2

D FRNBATHEK

o 2023, EEREREABATHIARN 136.32425%7T, FUiTE 2032 FHILE] 646.08
{ZE7T, TUWHEAA (2024-2032 FF) ME SEEKER K 19.51%, Fortune Business
Insights+4Straits Research+4Mordor Intelligence+4

o X—ERFERIALEEEAAESMEITIN BSAUTFEREINAIHER . Statzon
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Y HANBRARKRE
o BEREIFMICN, 22050 F, HAVSKATHERNGILE 47 FZET, Rit

$HEBIT 10124, Investors Business Daily

o PFETRITTRIZE 2025 FEFHTEHAVISEA, HEBE/LEREIEMN™ZE.
barrons.com

o R[E -DHrmIUN, F 2040 F, HFAVISAFERBILIEIRAL, news.com.aut?
BAF A2 EFREBF R lE+2

lll I%\g:élr
il LT E/ MHIIER FIEKES

2023 FEIBTHBL 428 FRKEL 10%, Fit 2026 FEREDS

TAAEA Yik=] 1058

ZREVIRAT 2023 FHHHAAREY 136 2%

2024-2032 2 A FEK KL 19.5%
b7/ JT
FAMIEEA 2050 EFUNEERE 10128 KRR ERNFHEKEEEK

BAKRE, ISRARARERELRR, FUTRRIVESRERETRNIERE L.

Me:
B IOk
ChatGPT :

Here are key English-language sources and forecasts regarding the annual growth of robots
across various sectors:

= Tndustrial Robots
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o Annual Installations: In 2023, global installations of industrial robots reached 541,302
units, marking the third consecutive year with over half a million units installed. Statzon

e Operational Stock: The total number of industrial robots in operation worldwide was
approximately 4.28 million units in 2023, a 10% increase from the previous year. Statzon

o Regional Insights:
o Asia: Accounted for 70% of all new robot installations in 2023.
o Europe: Saw a 9% increase in installations, reaching a new high of 92,393 units.

o Americas: Maintained a robust installation rate of over 50,000 units for the third
consecutive year. Statzon

&9 Smart Robots (Al-Enabled)

e Market Size: Valued at USD 13.39 billion in 2023, the smart robot market is projected to
reach USD 111.6 billion by 2032. MAXIMIZE MARKET RESEARCH+4SNS
Insider+4EIN Presswire+4

e Growth Rate: Expected to grow at a compound annual growth rate (CAGR) of 26.63%
from 2024 to 2032. EIN Presswire+1GlobeNewswire+1

o Key Drivers: Advancements in Al, increased automation across industries, and rising
demand for robotics in sectors like healthcare, automotive, and consumer goods.
GlobeNewswire

» Humanoid Robots

o Market Forecast: Morgan Stanley projects that the global humanoid robot market could
generate $4.7 trillion annually by 2050, with over 1 billion units in operation by then.
superhuman.ai+5Investors Business Daily+5 45837 £+5

e Adoption Timeline:
o 2030: Estimated cumulative sales of 900,000 humanoid robots.
o 2040: Projected sales of 134 million units.

o 2050: Expected to reach 1.02 billion units. Investors Business Daily

e Applications: Initial adoption in industrial and logistics sectors, expanding to household
and eldercare applications over the next decade. Investors Business

Daily+1Investing.com+1
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~~ Summary Table
Robot Type 2023 Data / Forecasts Growth Rate / CAGR Key Sources

Industrial 541,302 units installed; IFR World Robotics Report

10% annual increase

Robots 4.28 million in use 2024
$13.39B market size in 26.63% CAGR (2024 .
rt Robot I R t
Smart Robots 2023 2032) SNS Insider Repor

Humanoid $4.7T projected market by  Significant growth Morgan Stanley, Investor's
Robots 2050; 1B units through 2050 Business Daily

If you need further details or access to specific reports, feel free to ask!
Me: F5B3E AYHIE W BERTHI A7
ChatGPT :
BRHENFHELYERTIFXE—PIETNERER, EBREHEMRAHELER”
(Reshoring) ={“iLEEEE W HRHE A" (Make American Manufacturing Great Again)
EHEEREL” (America First) BURAIZOAERERD o FETLHTE 1 W EE K+
7 2025 5, 4ERAE BN EIE W ERM T E=E R
o BERH: WMHEZFEZREANESERSIX 60%HXH, ERBfEt it
FEEERE, MWEEM+4 BT E4 FRME+4

o FUMME: RIWBEZEEARATATHNLWHASITRERM 21%EZE 15%, RUSRD
WHEEERER . FEMEZ+4AP News+4Gryphon Citadel+4

o WHIEWEX: TRIEBSB L FES BERFERABE NFEE WX, hHEE
E4 =N VIRHEZHE, POLITICO+IReuterst]

o fEapdlENAME: FHTIINHENYKE", ARFRESIKGEFE L TEE
E, Goovert2POLITICO+2Reuters+2

tesh, BT IEBEE R KE . BREEREMAFETFR, Wl WERERE.
Centurion Publishing+1 I 222 R+1
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BRXEBRARPARS| T —EhWAHREXE, BH5IRTIEHRERER LAMEIR
Y SRR E ERYIEIL

ZEMR, FREMHEEVERITIIFRE—MRENET SR, EHCBERERE—
RYBERFER, #HhFEWEIFKEARLT, Robotics & Automation News+1 HRIAZE+1

Me:

[EH—EWAT FaEL MIAVRAR R,

ChatGPT 7% :
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UTEHE L SRAMEIAYVISATARNILNHEIRE, KE T MNESEHELEFHNS
B AISERE: 478K % ZE+1 Reuters+]

cN R E R
. =—FT 1851

Z-ETIN BS FREVMERANBEEENET, BHARK 105K, 21
SKHL T Wikt TZ2MYEIE RN ERERFUMaE L. i EE

o WETBIMUIECEMAGY (Bx1F51%E) R, SHYRINBRIEIE.
o T MES (FIEHITRS) FERP &%, SSIITHRE|AF~HILEAE.

o BETWYELR (IoT) #A, REMSTE~EIR MAESRE, FHENE2
MIBE T FE+2 B AGVA+2 5V 3T 0+1 B 40 B +1
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BUEE, IJ BEFRERIRS T 24%, £7BF%ET 28%, AREETET 14%, ¥
X ) 5
2. XNEHE BefEm L
ENERATEEFMAT SINTERMURS, SWTANBMENSRE~: T E

AGV+1moma-hz.com+l1
o X224 8WHEYBRARAGY RG, LM T ZREFRAETREH
o BUTHEBEMNEKEE, NERIILEE/NS 36005, BAEETL45F 5,

- BEERCHARSRE TET 8S%NAMER, FEEMARKL S00 KT, &
AGV-+1 1 BX M8 FE+1

toh, EMEBEBBEEERRAS, #—PRATHET IR ATENEARAL .
FE AGV

3. HE ALRFNAI AT BN HI1E

i E EERRAR IR AL RE I AFEAN B ATERI W AR . Reuters
o B2 AgiBot F Unitree IEAEFF R B & B EBMANRKE IHIATEH =R A
o BUFBRNEBIE 200 ZETXFZREMEAR, BFRL BI0ZETNETTES.

o BIREE 2030 AN ARNE AN BRINL 3.5 TRTHERE 1.7 H %
Jt. F[E AGV+2Reuters+2 [EIR+2

XEY R AEAARRT ) N RRMES HIE W BRHKFAIRHE. Reuters

HEx EA
4 BRARE EBEHI
BRAAEELBNEN I KEATEREHANTET 2— ZHEHNE
o T AHET 386 aflst N, EENFTERFEEMSHNIE,
- REBZUEES, BNRETILEIANHTEEMER.
o BRUAFZ0 GHYBRITRE. i HE

ZI Rr7TsEEMNLS ATENSIERR.
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5. RERTUN—S"TAE
REELBEYN TN —S"TACEHYRANUNRKE ZitiE

o CERIEBTRKEAGVFHNHFEAN, TUTMTELAETERSPHHNDRES DN

€.
o EWIFEWHTHE, LIETRMNENKRERT, BRNNSERNYRE
s

ZH B R T BRI AR E TR

MRENEMNMTWHEEEAR (2 AGV. MES R4, AIHIRHE) Bk, TN
BIR B RN R B DTSR R

Me:
SELHHhE?

ChatGPT :
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,,,,,,,,,

UTR—EXEALFIELEZRUMSIANRATHASREESG, HE T MEFRHIEE
Wik, REIMIFENE:

@) 1. Agility Robotics i AFEH/188 A “Digit”#5% N\ L Fr4E =
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AT 2N X M B9 Agility Robotics #EH 7 ATZA88 A “Digit”, T A GEMNYRIZEIRLT
2024 %, Digit EFEHSATAY Spanx T/ AR, MERBTIEEISEE L.

Agility XM=z ARIARS” (RaaS) X, BFKAXAMER, HENSALRGKE. T
BIUARER . 2R 5UEHEE, EEHCEREE Digit, INEBRTN5ER(]

B, #EE J Bl+1Business Insider+1Business Insider

< 2. Ty “Vulcan# 28 A B & oo 6

2025 F, TS ¥EEEA “Delivering the Future”JEFI R R 7 & A “Vulcan”IHL2F A, 1%
Vs AR EHCRE S, BEEBALIEL 75% M CEY M. Vulcan F AT EEEIR BT R it
RHREYE, BETRBERAOMAKLNAERARE. €T UNERRNERERFHY
m, BD T ARTARMKEARIE, 2iftinewst]

3. Rumiano Cheese /A 5] 5| A\ Formic F9#188 A RS

AN A Rumiano Cheese /A 5] 75 &7 X 45 BA 3 BURF #T < Bl BUR 5 ok BY B AR _E FHAN AL R S8 A8
SEMERT, EFES|IA Formic 32N ARS . Formic VB ARRES RN, B
F AR AR T EREANAEA . B E 2025 4], Formic (AR AEAEEE 100 ZR T #
HE, WMIBEL 1224~ R, BRERARE1IBE2AEIEKT 17%, Business Insider

i A EETIT MBARBLIL LS

RIEEFRYI ABKES (IFR) 2024 F£9 AWkeE, RE LT AT VASAEEILT
381,964 &, REIELIEK 12%., 2023 £, EKEFLZRIET 44303 e TN, FTEEHHER
ZMEFHEFTIW., techb2b.com+2IFR International Federation of

Roboticst+2todaysmedicaldevelopments.com+2IFR International Federation of Robotics

@ 5 Al AR ALE S ZITON M4 17

SSEFE ke S F AA TS MY s AR AR TIUN L7 4P, DUREE
HEHE Sk ARk, a0, Aquant 1 Gecko Robotics ZEHIBIA T F LA T EF AT EEEMNFE
B ENHEAN, HEIT O KA FaIESELA SRSV B FF L 43P T 15,

Business Insider
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MRENEMTUHEERAR (WENRA. AGV RGt. ATIRIRAITF) Bl 3
I A BRI R R B D AT S AR R
Me: what is Embodied Intelligence

ChatGPT :

Embodied Intelligence is a concept in robotics, artificial intelligence (Al), and cognitive science
that refers to intelligence that emerges from the interaction between an agent’s body, brain, and
its environment. Rather than viewing intelligence as something purely computational or brain-
based, embodied intelligence emphasizes that physical form (the body) and real-world
interaction are essential to intelligent behavior.

Key Ideas Behind Embodied Intelligence:
1. Intelligence is not just in the brain (or code):

o The body contributes to cognition—shape, sensors, actuators, and morphology all
influence behavior.

o For example, a gecko’s ability to climb is not just about control algorithms but
about the physics of its toes.

2. Sensorimotor coupling:

o Intelligent agents perceive the environment and act upon it in a tightly coupled
loop.

o Action and perception are inseparable in real-time interaction.
3. Situatedness:

13

o Intelligent behavior is context-dependent. A robot’s “smart” response depends on

its physical setting.
4. Learning by doing:

o Embodied agents learn not through abstract data alone but by exploring, failing,
and adapting within a physical (or simulated physical) world.

In Robotics:
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e A robot with embodied intelligence learns to walk, manipulate objects, or collaborate
with humans by relying on its sensors, motors, and body dynamics.
o Famous examples include:
o Boston Dynamics robots (e.g., Spot, Atlas)
o Soft robotics

o Legged robots that learn balance and locomotion via reinforcement learning

Contrast with Traditional Al:

Traditional Al Embodied Intelligence
Symbolic/logical reasoning Physical interaction and adaptation
Disembodied (just software) Grounded in a physical body
Pre-programmed responses Adaptive, learned behaviors

Often static datasets Real-time, dynamic sensory input

Related Concepts:

e Morphological computation: Using the body’s shape to simplify control (e.g., passive
walkers).

o Embodied cognition: In psychology, the idea that the mind is shaped by the body’s
interactions.

Would you like a real-world robotics example or how it relates to Al training strategies like
reinforcement learning?

Me: IRIEXMER LIREH — ppt HPHTFEE. T 2040 Fligd, HFIANBEF
SIRNMB—IAHFBRROEZ. FE—IPBEEIMNMREFHERRFOVSE . FEWw
EA—NFREFEREERAEACERE T, AEFIE, ~oREHBEHTEMNAT
MIEEt, ATENXRHENNR, VSHANBRFIENENALIRE. Fit, &
Y—EZENSRABRFEIER, SKIUBNIEW 2040 IXBXE. BE, HHAFE
M — PR EIERBIGIN AU S EBL, BSAEFREFTE ABEMN

i Nt BT RECRFSMMERSEXERBEE, FEATZENREIE,
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BEBXENEIEEDERL, TRATEEEXIIS%. E#H—F ERWE—INRF
ZEFE . VBMAFITRFEERAMNES, AR ESESE" 5 MREN
BN, BlE, FRTREETZRE, MUXTURE-FET, BITNRERMX—X
MET. XREAERWREI—MIRAKEESMED RIEREF IR, ERF
. BERRANERE, X— Skill Graph T A EHH/ASALEMIAKZFAEE. FE
SRIRE, YISATEERPLEARUEE FEIHBHRTIRER, KEBRSFIN
R, &E, IHERVISABREIIETRAGHOIANA. FIRBERL L AL
MITHELEMHBEL G digital twins KEIEEHMIRAERESELAN, SatlsA
AERBEERERN—REFTIR. SERBRBERR, &EFTBIZIXEAHI T EN
TEEAFRTRHATHENS, BIEHARRSR. ARIR. FRFELE THRIR
EMSHTRE. BEX—38, REUXIAMESMRZEIRZHRZUEINT R,
RN WRKER T “EELF LA E NLTENESHAES.

ChatGPT
Robot Self-Learning for
Manufacturing 2040
Automated Data Continuous Verification with
Acquisition and Knowledge Updating Digital Twins

Structuring

Skill Graph | =

Structured Data
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