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Yunzhu Li, Takamitsu Matsubara , Maria Pozzi , and Bolei Zhou

Over the past decade, robotics has expe-
rienced substantial progress in percep-
tion, control, and learning. Advances in 
sensing, actuation, and computation have 
enabled robots to generate agile motions, 
process high-dimensional sensory inputs, 
and operate in increasingly complex envi-
ronments. At the same time, it has become 
rapidly clear that sustained progress in 
robotics cannot be attributed to algorithms 
alone. Enabling robots to autonomously 
and reliably interact with humans and the 
physical world requires careful integration 
across sensing, perception, planning, con-
trol, and embodiment. Embodied artificial 
intelligence (AI) directly addresses this 
challenge by emphasizing closed-loop 
interaction, where intelligence emerges 
from the continuous coupling between 
physical bodies, learned representations, 
and real-world feedback.

In this special issue of IEEE Robot-
ics and Automation Magazine, we adopt 
embodied AI not as a specific algorithmic 
approach but as a unifying perspective 
on how intelligence should be embedded 
into robotic systems. From this view-
point, intelligence is shaped by physical 
embodiment, task constraints, sensing 
modalities, and interaction dynamics 
rather than existing as an abstract com-
putational entity. Embodied AI therefore 
emphasizes system-level design, where 
learning, modeling, and control are code-
veloped with hardware to achieve robust 
behavior in the physical world.

The articles collected in this spe-
cial issue ref lect the breadth of this 

perspective, spanning legged loco-
motion, dexterous manipulation, soft 
robotics, medical intervention, assistive 
systems, autonomous navigation, and 
long-horizon skill learning. Two survey 
contributions provide complementary 
overviews of perceptive legged locomo-
tion in real-world environments and of 
dexterous and embodied manipulation, 
respectively [A1], [A2]. Together, they 
highlight recurring challenges related to 
robustness, physical interaction, sensing, 
and embodiment that motivate many of 
the technical contributions in the issue.

A central theme across the issue is the 
interdependence between hardware and 
AI. Physical embodiment shapes what 
information can be sensed, how forces 
are generated, and which behaviors are 
feasible. Learning, in turn, determines 
how effectively a system can exploit 
these physical capabilities. Rather than 
viewing intelligence as independent of 
embodiment, the contributions in this 
issue illustrate how mechanical design, 
actuation, sensing, and control objec-
tives fundamentally influence learning 
outcomes. Examples include the use of 
compliance and morphology to simplify 
manipulation [A3], physically informed 
modeling for soft actuators [A9], and 
modular robotic platforms designed to 
support embodied learning across dif-
ferent morphologies [A5].

Embodied AI is inherently inter-
disciplinary and system driven. While 
learning-based methods have become 
increasingly powerful, integrating per-
ception, learning, and control into reli-
able robotic systems remains a major 
challenge. Tasks involving dexterous 

manipulation, contact-rich interaction, 
and human–robot collaboration continue 
to demand careful consideration of uncer-
tainty, safety, and physical constraints. 
Historically, learning-based approaches, 
e.g., deep reinforcement learning, were 
adopted cautiously in robotics due to 
concerns about sample efficiency and 
safety. Over time, advances in simula-
tion, objective design, and structured 
policies have demonstrated that learning 
can be a practical component of embod-
ied systems when grounded in physical 
models and constraints [1], [2], [3].

Sim-to-real learning is also becom-
ing increasingly practical in domains 
involving physical interaction with 
humans. In medical robotics, high-
fidelity digital twins and simulators 
enable the development and validation 
of autonomous behaviors that interact 
with tissue and internal anatomical 
structures prior to deployment, as dem-
onstrated by the cardiac intervention 
system presented in this special issue 
[A4]. In wearable robotics, experiment-
free learning in simulation has enabled 
effective exoskeleton assistance with-
out requiring extensive human subject 
data collection, demonstrating both 
safety and practicality [4]. These ad-
vances highlight how simulation, when 
combined with embodiment-aware ob-
jectives and physical constraints, can 
serve as a powerful and pragmatic tool 
for embodied learning.

A recurring message across the spe-
cial issue is that effective embodied intel-
ligence does not require overly complex 
models or massive neural networks. In-
stead, well-chosen state representations, 
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physically grounded objectives, and 
modest-sized models can achieve ro-
bust real-world performance. This ob-
servation aligns with broader trends in 
physical intelligence and model-based 
reinforcement learning, where struc-
ture, embodiment, and feedback loops 
play a central role in shaping behavior 
and reducing unnecessary complexity 
[A10], [A11], [A12], [A13], [5], [8]. Data-
driven learning is most effective when 
paired with appropriate physical priors, 
models, and constraints rather than used 
in isolation.

Large language models and founda-
tion-model ideas are beginning to influ-
ence embodied systems by enabling 
new forms of abstraction, interaction, 
and task specification. In this special 
issue, such models appear primarily as 
high-level components that complement 
embodiment-aware perception, con-
trol, and planning. Examples include 
language-guided interactive naviga-
tion [A7] and language-assisted teleop-
eration [A6], where physical execution 
remains grounded in robot dynamics 
and sensing. These contributions under-
score that data-driven learning alone is 
insufficient for reliable physical interac-
tion; accurate models, physical priors, 
and constraint-aware control remain 
essential for safety, efficiency, and real-
time responsiveness [6], [7].

Looking forward, embodied AI 
research faces several open challenges, 
including principled hardware–AI code-
sign, improved generalization across 
tasks and embodiments, and systematic 
evaluation of safety and robustness in 
real-world environments. Addressing 
these challenges will require continued 
collaboration across robotics, AI, and 
related disciplines.

Ultimately, the goal of embodied AI 
is not to develop algorithms in isolation 
but to create robotic systems that pro-
vide tangible benefits to people. Improv-
ing quality of life, enhancing safety, 
enabling medical interventions, and 
assisting humans in physically demand-
ing or hazardous environments are the 
benchmarks by which success should be 
measured. The contributions in this spe-
cial issue collectively reflect this goal, 
emphasizing embodiment, integration, 

and real-world relevance as defining 
characteristics of embodied AI research.
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