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Abstract

Many manufacturing companies are facing an acute shortage
of qualified workers. Deploying robotic cells is a potential so-
lution to address this challenge. Historically robots have been
deployed only in mass production applications in manufac-
turing. A large fraction of manufacturing is classified as high-
mix manufacturing where a large variety of products are pro-
duced. Manually programming robots is not a viable solution
in high-mix manufacturing applications. Robotic cells need
to be powered by embodied Al to make them useful in high-
mix manufacturing applications. This paper aims to build a
bridge between smart manufacturing and Al communities to
enable Al researchers to develop methods and tool that can be
successfully deployed to realize smart robotic cells for high-
mix manufacturing applications. This paper highlights key re-
quirements for developing embodied Al for powering robotic
cells for high-mix manufacturing applications. It also makes
the case for approaches that combine model-based and data-
driven methods to meet the needs of embodied Al in man-
ufacturing applications and describes the role of generative
Al approaches in smart manufacturing applications. Finally,
it describes how Al can be used to enhance digital twins and
augment human-machine interfaces in manufacturing appli-
cations.

Introduction

A large number of manufacturing companies are facing an
acute shortage of qualified workers. Many manufacturing
tasks such as sanding, grinding, coating, blasting, and spray-
ing involve holding a tool in hand and moving it over a
surface to make value-added changes to the surface. Most
such operations can be ergonomically challenging and have
a very high labor churn. This is creating a major problem
for manufacturing companies in terms of maintaining capac-
ity and completing production on time. Robotic automation
technologies are needed to speed up production and achieve
consistent quality.

Manufacturing applications can be broadly classified into
two categories: (1) mass production, (2) high-mix. In mass
production applications, the identical part are produced re-
peatedly. High-mix applications have the following charac-
teristics: (1) quick part changes in production, and (2) vari-
ability in part dimensions and geometry. Robots have been
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successfully used in mass-production applications. How-
ever, high-mix applications have posed significant chal-
lenges for robotic automation.

In mass production applications humans program the
robots. Robots simply executed pre-programmed motions.
Human programming effort is amortized over a large num-
ber of parts and therefore it can be economically justified.
Moreover, by carefully controlling the variation in the up-
stream processes, the need for online process monitoring and
adaptation can either be eliminated or minimized. High-mix
manufacturing applications require the part changeover to
be accomplished within a few minutes, therefore, we can-
not rely on humans to program robots when a new part ar-
rives. Unfortunately, at present, the use of robots in high-mix
manufacturing applications is limited, requiring humans to
perform ergonomically challenging and physically demand-
ing tasks. Using robots in these applications requires robots
to autonomously execute tasks on high-level task descrip-
tions and deliver human competitive performance. This is a
challenging problem and addressing it requires leveraging
the latest advances in Al. The last decade has seen signif-
icant advances in Al such as reinforcement learning, deep
learning, large language models, and generative Al that are
endowing robots with new capabilities (Kusiak 2020; Bhatt
etal. 2021; Zonta et al. 2022; Florence et al. 2022; Stocking,
Gopnik, and Tomlin 2022; Huang et al. 2022; Zhang et al.
2023; Singh et al. 2023; Malhan and Gupta 2023; Chi et al.
2024; Mishra and Chen 2024; Gregory and Gupta 2024; Al-
Hussaini et al. 2024).

For the last thirty years, I have been working in area of
developing robotics technologies for manufacturing appli-
cations. We have leveraged recent advances in Al to cre-
ate smart robotic cells for manufacturing applications (Man-
yar et al. 2022, 2023b,a; Kang et al. 2024b,a; Patel et al.
2024; Shukla et al. 2024; Manyar et al. 2024; Nemlekar
et al. 2024). I also have considerable prior experience in
transitioning technologies developed in my lab to the in-
dustry. I am co-founder and Chief Scientist at GrayMatter
Robotics, a company focused on robotic automation solu-
tions for high-mix manufacturing applications. GrayMatter
Robotics’ smart robotics cells are installed in many factories
in the US serving aerospace & defense, specialty vehicles,
marine & boats, metal fabrication, sports equipment, and
furniture & sanitary ware sectors. These cells are helping



companies to increase human productivity, reduce ergonom-
ically challenging work, compress cycle times, expand ca-
pacity and improve sustainability.

This paper is based on a series a blog posts that I have
written for Forbes Tech Council to discuss challenges and
opportunities in the area of Al for enabling smart manufac-
turing.! This paper aims to build a bridge between smart
manufacturing and Al communities so that Al researchers
can develop methods and tool that can be successfully de-
ployed in manufacturing applications. This paper highlights
key requirements for using robots in high-mix manufactur-
ing applications. It also describes how Al is being used to
power smart robotic cells in manufacturing applications.

Need for Embodied Al

Most of the Al that we experience in our daily lives is digital
Al It produces digital artifacts, decision recommendations,
or predictions that will either be used by a human or some
other digital agent. Examples include generating a cover let-
ter for a job application using ChatGPT, recommendations
for watching a movie on NetFlix, creating a painting using
Dall.E, and detecting a tumor in a medical image.

A different kind of Al is being developed to manage the
behavior of physical systems. For example, a robot perform-
ing sanding needs Al to operate autonomously. This Al is
called embodied Al It is tasked with one or more goals and
it uses the sensor data to produce a sequence of actions that
the physical system executes to achieve the goal. The em-
bodied AI monitors the cell state using sensors and gener-
ates instructions for the robot to perform the task. Digital Al
and embodied Al share some similarities and utilize many
underlying techniques. However, understanding the differ-
ences between these two types of Al is critical to success-
fully adapting digital Al approaches for use in the context of
embodied Al applications.

The risk profile of embodied Al applications is often fun-
damentally different from that of digital Al applications. If
the accuracy of a digital Al tool is 99%, then it can tremen-
dously boost human productivity in many applications. For
example, if you are using Al to generate a 1000-word cover
letter that only requires you to manually edit 10 of those
words, then you will be saving a lot of time compared to
writing that letter from scratch. And for the case of a recom-
mendation engine, you would not mind if it gave you a poor
suggestion for a movie once every couple of months.

Accuracy requirements for the embodied Al system are
often very different due to risk considerations. For example,
if a robot has a success rate of 99% on processing steps and
it works on a part that requires 200 steps, then every part
made by the robot will contain two errors. As a result, the
part would get scrapped or would require repairs. In most
manufacturing applications, a technology that does not ex-
hibit extremely high process quality will not be considered
viable.

Risk consists of two aspects: (1) probability of making
an error and (2) the consequence of making errors. When
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the consequence of making an error is not significant, then
a much higher probability of error can be tolerated. That
is why an error probability of 1% will be acceptable in
many digital Al applications. Conversely, many embodied
Al applications demand errors probabilities better than one
in a million. Reducing error probability using a purely data-
driven approach requires using enormous amounts of data.
In most cases, the need for data grows exponentially. Unfor-
tunately, acquiring data from physical systems is expensive.
Therefore, a different approach needs to be followed when
dealing with embodied Al applications.

To address the requirements outlined above, embodied Al
for manufacturing applications needs to have the following
characteristics:

* Composable from Pre-trained Modular Components:
Physical systems can have a wide variety of configu-
rations to support their intended requirements. For ex-
ample, robotic cells in manufacturing applications can
come in many different configurations based on the size
of the part being processed and the process being per-
formed (e.g., sanding or blasting). Different cells may in-
clude robots with different capabilities (mobile platform
mounted robot vs. gantry mounted robot), different types
of sensors (depth camera vs thermal camera), and dif-
ferent tools (orbital sanders vs blasting nozzle) . There-
fore developing universal embodied Al that works for all
manufacturing applications out of the box is not likely to
perform well. The Al for the system needs to be quickly
synthesized from the modular components to match the
sensing and actuation capabilities of the system and the
work environment.

* Adaptable Based on New Data/Context: As new data be-
comes available by deploying the system, it should be
possible to improve the performance of the Al by using
new data. Al should be able to adapt autonomously with
minimal human supervision.

» Upgradable with Minimal Effort: The performance of a
physical system may change over time because of wear
and/or updates to physical components. This may require
refinement of Al to ensure that it can keep up with system
evolution over time. Therefore, the embodied Al system
needs to be designed to ensure that it can be updated with
minimal disruption to the system operation.

* Risk-Informed Action Recommendations: The system
should be able to estimate its confidence in recommended
actions. It should be able to analyze the sensor data being
used and make sure that the data being used in making
prediction/recommendation comes from the same distri-
bution that is used to train the underlying AI component.
If the data appears to be out of the training distribution,
then the system should lower its confidence level in its
recommendations. This should prompt it to perform risk
analysis to analyze the consequences of failure. If the risk
is too high, then it should seek help from humans.

* Explainable: If the system recommended actions do not
match user expectations, then the system should be able
to explain the rationale used to select actions.



* Distributed Architecture to Enable Partitioning of Com-
putation between Edge and Cloud: Tt is not possible to
perform all AI computation in the cloud in the context of
embodied Al. The system should be designed to ensure
that computation that is sensitive to network latency can
be performed on the edge. The use of edge computing
may also be needed to support applications where sensor
data cannot be transmitted to clouds due to privacy/secu-
rity reasons.

Integrating Model-Based and Data-Driven
Approaches

Data-driven Al has delivered very impressive results in
wide-ranging applications such as recommendation engines,
playing games, face recognition, text translation, text syn-
thesis, and fraud detection. This type of Al uses a vast
amount of data to train the system. Collecting high-quality
data in many manufacturing applications takes significant
time and incurs prohibitively large costs. Therefore, unfor-
tunately, a purely data-driven Al approach is not a viable
model in many manufacturing applications.

Manufacturing has a lot of known models and useful pro-
cess knowledge. Rediscovering these models and knowledge
using a purely data-driven approach does not make sense.
However, all known models make simplifying assumptions
to reduce complexity and, therefore, are approximate in na-
ture. Embodied Al needs to exploit the known models and
use a data-driven approach to augment the known models
and existing knowledge based on experimental data to fill the
missing gaps. This type of approach is often called Physics-
informed Al It enforces known physics-based process mod-
els (or knowledge) as a constraint in the Al system to en-
sure that it does not learn anything that contradicts existing
models/knowledge. For example, the system can enforce a
constraint that increasing pressure on the sanding tool will
increase the deflection of the part being sanded. We don’t
need to conduct a large number of tests to learn this already-
known fact. If the measured data contradicts this constraint,
then it is highly likely either the sensor is malfunctioning, or
the part/tool is not clamped properly.

On one hand, the physics-informed Al approach restricts
the solution space and, therefore, makes the problem much
more tractable from the data requirement point of view. Let
us consider the problem of predicting process output based
on the input. If the output is expected to increase with an
increase in the input, then the underlying model space is
limited and it can be trained by a smaller amount of data
because we don’t need to consider arbitrarily complex mod-
els. On the other hand, using physics-informed Al requires
more complex representations and associated methods to
handle constraints to produce acceptable computational per-
formance. We cannot use a simple neural network and train
it with observed input and output data. If we did not ex-
plicitly enforce process model constraints, then there is no
guarantee that the learned model would preserve the process
constraint if the output used during training is noisy.

Here are a few representative use cases for using Physics-
informed Al in manufacturing applications.

» Defect detection is an essential ingredient of smart man-
ufacturing. Machine learning has emerged as a power-
ful technique for analyzing and classifying images. How-
ever, collecting a large number of images of physical de-
fects needed to train a machine learning system is not
possible. An alternative is to develop a pipeline for gener-
ating photo-realistic images. In this case, a physics-based
process model can be utilized to generate realistic defects
in virtual models. These virtual models can be used to
generate photo-realistic images. Recent work has demon-
strated that a training process that utilizes a combination
of photo-realistic synthetic images and real images of de-
fects works well in practice.

* To efficiently and accurately build part models, a ma-
chine learning-based approach is being utilized for pre-
dicting sensor performance (e.g., measurement errors).
This approach needs to use known models of sensor per-
formance during the training process. For example, if the
sensor is expected to produce a higher amount of error
when imaging from a larger distance, then this informa-
tion is used during the training phase to ensure that the
image is acquired from the right distance. This approach
enables the acquisition of good-quality data for improved
decision-making.

* Robots often require body-mounted hoses and cables for
the cell to function. These appendages may restrict the
motion of the robot. Applying overly conservative re-
strictions makes the robotic cell inefficient. On the other
hand, not applying appropriate limits may result in dam-
age to cables/hoses and force the cell to shut down. A
learning framework can enable users to estimate robot
motion limits when flexible components are attached to
the robot. This approach can use a physics-based model
of cables and hoses bending, twisting, and stretching to
accelerate the learning process.

* A smart cell should be capable of building process mod-
els for new materials by autonomously conducting ex-
periments. While the exact quantitative relationship be-
tween the input process parameters and process perfor-
mance may not be known, often qualitative relation-
ships between many variables are known (i.e., increas-
ing torch velocity decreases weld height). We can utilize
loss functions during the training phase that penalize de-
viations from known process constraints. This approach
can enforce known knowledge and accelerate the model-
building process.

* Smart robotic cells need to use advanced prognostics and
health management to ensure a higher level of reliabil-
ity. We need to utilize known causal relationships during
the inferencing process to ensure that we can accurately
predict the system state based on the process monitoring
data. For example, we can utilize the force and vision
data to hypothesize the cause of accelerated tool wear in
robotic sanding.

Leveraging Generative Al in Manufacturing

Generative Al methods have been successfully used to gen-
erate a variety of outputs, including images, texts, audio, and



videos. Recent advances in Generative Al (e.g., ChatGPT,
DALL-E 2) are expected to revolutionize the future of work
in many industry sectors.

Labor shortages are requiring robotic solutions to be de-
ployed rapidly. Unfortunately, deployment of robotic takes
a significant amount of human effort due to time needed to
write software and test the system. Increasing complexity of
robotic systems is aggravating this problem. Unfortunately,
the availability of human expertise can become a bottleneck
in robotic cell deployment.

The robotics community has always been at the forefront
of leveraging the latest Al advances. So, a natural question
is: how will generative Al concepts and tools can be used
by the robotics community to accelerate the deployment of
the next generation of smart robotic cells? Recent efforts
are showing early signs of success in using generative Al
in robotics applications. The list below highlights opportu-
nities for using generative Al in smart robotic cells.

* Generating Robot Motion from Natural Language De-
scriptions: Robots often need to perform complex mo-
tions to successfully execute a task. Consider the exam-
ple of sanding where the robot needs to move the sanding
tool in a complex motion pattern to produce a scratch-
free surface finish. Many process experts would prefer
a new modality to generate robot motion based on nat-
ural language description of the motion. Generative Al
now offers the capability to generate code from the text
description, which enables humans to communicate with
robots in a more natural, time-efficient manner and au-
tomatically create robot motion. This means human ex-
perts with no programming experience can get the robots
to perform the right kind of motion. The elimination of
robot programming is expected to remove bottlenecks
and can significantly speed up this task.

Task Planning: Many applications require robots to per-
form complex tasks. For example, consider the task of
replacing a motor of a cooling fan in a control box. This
requires the top-level task to be decomposed into much
simpler subtasks and to determine the sequence of tasks.
Once the task sequence is determined, the robot can gen-
erate motions for the simple tasks and execute this task.
Traditionally, a task planner needs to be developed for
each specialized domain and the addition of new ob-
jects or processes requires an update to the planner. Tasks
planners often struggle to deal with new failure modes
and therefore recovering from failures becomes challeng-
ing during task planning. Large Language Models (LLM)
have become the foundation of many Generative Al tech-
niques and can be used to identify sequences of atomic
tasks needed to perform complex tasks. With the latest
advancements in LLMs we can pose a query such as,
“Provide step-by-step directions to obtain a tool from a
locked shelf.” and generate a sequence of various sub-
tasks necessary to perform the overall task. Once atomic
tasks have been identified, the robot can use a motion
planner to generate the motion to execute the task. LLMs
can be extremely useful in automatically generating task
sequences based on common sense knowledge and us-
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ing them can eliminate the need for developing domain-
specific task planners.

Generating Synthetic Scenarios for Utilizing Reinforce-
ment Learning: Reinforcement learning has emerged as
a useful tool for robots to acquire new skills. This type of
learning requires the robot to train in a simulation using
a trial-and-error approach. Manually generating a large
number of scenarios for reinforcement learning is highly
time-consuming and may still not cover all the relevant
cases or provide adequate diversity. Generative Al tech-
nology can be used to generate distinct, synthetic scenar-
ios to aid reinforcement learning in simulations. By en-
abling the robots to train on a diverse set of examples and
scenarios, Generative Al can enable robots to learn new
behaviors, strategies, or responses based on the learned
patterns and context. This allows robots to develop ro-
bust and adaptive behavior when faced with new situa-
tions and perform tasks efficiently.

Failure Detection and Recovery for Resilient Operation:
The ability to recover from failure is needed on challeng-
ing tasks. Whenever testing reveals that the system is not
able to recover from failure, the system needs to be im-
proved. This requires an ability to detect failures and take
recovery actions. Take, for example, an assembly opera-
tion where a previously-installed component is damaged
due to a subsequent assembly operation. To proceed with
the assembly, the damaged part will need to be replaced
through a series of many disassembly steps. Manually
coding all possible contingency actions is intractable. By
learning the patterns and characteristics of normal oper-
ation, the Al model can generate synthetic data that de-
viates from the norm. These generated anomalies can be
used to train a failure detection and recovery system to
detect and respond to unexpected or abnormal situations,
helping to improve its robustness and fault tolerance.

* Automating Tool Design: Many material handling tasks
in manufacturing require the use of end-effectors and, de-
pending on the task, these end-effectors need to be cus-
tomized for optimal performance. In the case of picking
and transporting a highly-compliant large sheet, design-
ing a complex end-effector can take multiple days. If sig-
nificant human effort is needed during the end-effector
design process, the availability of humans can become
a bottleneck. It will be much better for a Generative Al
system to design the end-effector and a human expert to
approve the design. Generative Al is showing promise in
a wide variety of design tasks, and therefore, it can be
utilized to automate the design of an end-effector for a
new task. By reducing the human time required to design
new end-effectors tailored to a specific task, autonomous
robots can be deployed more rapidly.

Enhancing Digital Twins

A digital twin is a digital counterpart of a real-world system.
The digital representation used in digital twins is created us-
ing data from sensors and Internet of Things devices, and it
mimics the physical object or system in real-time. A digital
model (e.g., 3D model of an object) created during the de-



sign stage to perform simulations is not a digital twin. Sim-
ulations prove invaluable during the design phase, allowing
for the exploration of various design options before making
a decision. However, digital models used during design rep-
resent the idealized state and not the actual physical system
state. Similarly, 3D models created by reverse engineering
processes (sometimes referred as digital shadows) are not
digital twins because they cannot influence the physical sys-
tem. The digital twin performs continuous model updates
using sensor data to mirror the current state of the physi-
cal system. Therefore, information flows from the physical
system to the digital twin. A digital twin is also used to in-
fluence the operation of the physical system. Therefore, in-
formation also flows from the digital twin to the physical
system. This two-way information flow makes digital twins
different from purely digital models.

Digital twins are being used in manufacturing in the fol-
lowing ways:

Digital twins are being used to provide information to
task planners and schedulers to make decisions about the
next tasks to perform based on the current state of the
manufacturing system.

Digital twins monitor the condition and performance of
machines and equipment in real-time and use this data
to predict when maintenance is needed, reducing unex-
pected downtime and preventing machine breakdowns.

Digital twins are being used for identification of defects
and perform real-time quality control.

When the system enters an error state, digital twins can
be used to diagnose the problem and recommend the nec-
essary actions to bring the system back to the normal
state.

By analyzing manufacturing process data, digital twins
are able to identify areas for optimization and recom-
mend changes to realize improvements.

Digital twins can be used to optimize the manufacturing
operations in real-time to support on-demand production
of personalized products in a cost-effective manner.

Al is increasingly being used to augment capabilities of
digital twin technology and create new opportunities. Here
are a few examples:

* Sensors in a robotic surface finishing cell can be used to
build a model of the part placed in the cell. This elimi-
nates the need for using expensive part holding devices.
To eliminate the possibility of collision, tool paths need
to account for uncertainties in part models created using
sensors. Therefore, the digital twin needs to use Al for
predicting uncertainties in part models.

Simulations are necessary to generate optimal plans for
performing finishing operations. Traditional simulations
lack the speed required when dealing with part models
with uncertainties. Machine learning is being used to cre-
ate fast simulations based on neural networks, endowing
digital twins with new planning and prediction capabil-
ities. Tool motion cannot be safely executed using posi-
tion control in the presence of uncertainties. An Al-based
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controller needs to be used that uses force feedback to dy-
namically adapt tool motion to prevent part damage and
maximize tool life.

Robots performing surface finishing often require hoses
and cables connected to the tool. These appendages may
restrict the motion of the robot. A digital twin enables
building models of all the peripherals (e.g., cables, and
hoses) mounted on the robot. Using an Al-based ap-
proach enables the system to estimate robot motion lim-
its based on the estimated states of flexible peripherals
attached to the robot. These models can be used by the
planner to ensure that the robot does not collide with
these peripherals.

Al-based prognostics and health management can be
used by digital twins to ensure that the onset of adverse
events can be automatically detected and corrective ac-
tions can be taken. For example, the digital twin can uti-
lize the force and vision data to determine the cause of
rapid tool wear in robotic finishing and take corrective
measures to prevent it. The need for continuous improve-
ments and process optimization requires the system to
build its own process model. A digital twin can utilize
machine learning to safely conduct autonomous experi-
ments and build a process model for selecting the right
process parameters for sanding a new material.

Augmenting Human-Machine Interfaces

Humans need to interact with machines in manufacturing
applications to task the machines, initiate production, mon-
itor the process, and troubleshoot problems. Historically,
human-machine interfaces in the industrial setting have not
been very user friendly. Humans often interact with indus-
trial machines by pressing buttons, turning knobs, and typ-
ing on keyboards. These traditional interfaces are hard to
master and can be quite frustrating for a new user. Even an
experienced user may find such interfaces inefficient and not
very helpful when trying to troubleshoot a failure.

Improved human-machine interfaces have potential to
change the user experience and improve efficiency of the
manufacturing operations. Well-designed interfaces can also
reduce the probability of errors and accelerate the training
process for new users.

Recent advances in Al are providing new ways for hu-
mans to interact with machines. Here are possible ways Al
is expected to revolutionize human-machine interfaces.

* New Interaction Modalities: Recent advances in natural
language processing and human speech understanding
are enabling new modalities for humans to interact with
machines. It is now possible for humans to talk to ma-
chines in natural language. This can reduce the need for
people to learn new interfaces. Recent advances in im-
age and video understanding is also enabling machines
to understand human gestures. Machines can not only un-
derstand hand gestures, but also decipher the meaning of
nodding of heads and small body movement. These can
be very useful in understanding human intent. Recent ad-
vances are also showing that machines can also decode
facial expressions. These advances will enable machine



designers to offer new nodes of interactions. New inter-
action modalities can also improve accessibility and user
experience, especially for individuals with limited mo-
bility. Some people believe that new advances in brain-
machine interfaces will enable humans to interact with
machines by just thinking about the tasks. This technol-
ogy is showing promise, but a lot of advances will be
necessary before the promise of this technology can be
harnessed in actual factory settings.

Preventing Cognitive Overloading by Delivering Rele-
vant Information: Modern machines deploy a lot of sen-
sors and generate a lot of data. Providing all of this in-
formation to a user can easily overwhelm them by in-
ducing cognitive overload. It is important to be selective
about what information is presented to the user based on
the interaction context. For example, if a user is trying
to troubleshoot a quality issue, then it will be useful for
them to only focus on the information that is likely to
play arole in the failure. Al can play an important role in
sifting through all the information generated by sensors
and only delivering the relevant information to the user in
the right format. Al can also play a role in monitoring the
cognitive load of the machine operator and make suitable
adjustments to prevent cognitive overloading.

Generating Alerts and Warning: Sometimes humans
might make mistakes and ask the machine to perform an
unsafe operation. By monitoring human behaviors and
the task state, the machine can predict occurrences of fu-
ture unsafe situations and alert humans. Al can be used
to simulate possible futures and perform risk assessment
by accounting for uncertainties. Al can be used to assess
risk in an objective manner and issue appropriate alerts
and warnings.

Improving Training Efficiency: Training new users to ef-
fectively utilize machines takes significant time and re-
sources with traditional interfaces. This is becoming a
major challenge in today’s era of high labor churn. Most
traditional interfaces were not designed with ease of
training in mind. Al-powered interfaces can provide real-
time feedback, guidance, and assistance to users during
the training phase, helping them navigate complex tasks
or troubleshoot problems effectively. Active learning can
monitor user’s mastery of a task and enable them to focus
on areas where they need more practice. Moreover, vir-
tual assistants equipped with Al can offer interactive sup-
port and tutorials, improving user productivity and learn-
ing outcomes during the training phase.

Learning Human Preferences and Generating Cus-
tomized Interfaces: Different people have different pref-
erences. Therefore, to deliver the best experience to the
operators, we need interfaces that match the user pref-
erences. This requires moving away from the concept
of fixed interfaces and instead focus on generating cus-
tomized interfaces for different users based on their
preferences. By analyzing user behavior and historical
data, Al algorithms can predict users’ preferences, needs,
and intentions, allowing interfaces to anticipate user ac-
tions and provide personalized recommendations or as-
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sistance. This proactive approach can significantly en-
hance user satisfaction and efficiency. Recent advances
in Al can be leveraged to create new interfaces based
on individual user preferences, abilities, and past inter-
actions. Using Al to deliver custom interfaces ensures
that user-friendly and efficient interfaces can be deliv-
ered for a diverse user demographic in a cost-effective
manner. This technology can also be leveraged to sup-
port workers with physical and intellectual disabilities.
Customized interfaces can accommodate an individual’s
accessibility requirements by supporting appropriate in-
teraction modalities.

Conclusions

Smart robotic cells are expected to transform high-mix man-
ufacturing and address the labor shortage problem. Realiz-
ing such robotic cells will require new advances in embod-
ied Al to address the risk considerations in manufacturing
applications.

Embodied Al needed in manufacturing applications can-
not be realized as a monolithic system running on the
cloud. Embodied Al in the context of manufacturing should
be viewed as a complex system that involves interactions
among multiple AI components. The system should use the
right functional decomposition to ensure that it is able to
achieve the desired trade-off in performance and modular-
ity. Many different Al approaches exist. It is unlikely that
a single approach will suffice to deliver the desired perfor-
mance. Therefore, each functional block should use the right
Al approach by carefully considering pros and cons. There-
fore, having the right system architecture in the embodied Al
system is the key to success in manufacturing applications.

Generating a large amount of data is not possible in man-
ufacturing applications from time and cost perspective. The
embodied Al should be designed such that it can be trained
with limited data generated by physical experiments. An ap-
proach that combines model-based and data-driven method
is needed to successfully deploy embodied Al in manufac-
turing applications.

Deploying robotic cells in complex applications currently
requires significant human effort. The availability of human
resources needed to get this accomplished often emerges as
a bottleneck and can cause delays in deployment. Genera-
tive Al is offering new tools to reduce the human expertise
needed to deploy robots in manufacturing applications.

Al-powered digital twins are ushering a new era of smart
manufacturing by lowering costs, reducing errors, improv-
ing quality, increasing performance, and reducing the envi-
ronmental footprint.

Humans are important parts of manufacturing operations
and therefore human-system integration issues need to be
proactively addressed during the system design. Al can be
used to revolutionize human-machine interfaces in manufac-
turing applications by fostering flexibility in processes and
promoting more intuitive interactions for workers.
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