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ABSTRACT
Embodied Intelligence (EI) provides a foundational frame-
work for understanding intelligent and adaptive behaviors
in both biological and artificial systems. Emerging from
early philosophical and scientific discussions on mind-body
dualism, EI emphasises the intricate relationship between
physical bodies and information processing, which enables
meaningful sensory-motor interactions with the environment.
Its theories and technologies span multiple disciplines, in-
cluding mechanical, electrical and control engineering, as
well as computer science and material sciences, making it
a complex field for robotics researchers to navigate. How-
ever, a comprehensive understanding of EI is essential to
addressing key challenges and avoiding the redundancy of
past discoveries. This article introduces fundamental design
principles of intelligent adaptive systems, followed by key
paradigms in autonomous agent architectures, such as feed-
back control, behavior-based approaches, mechanical and
material intelligence and embodied social interaction. It ex-
plores insights from biology, physics, cognitive science and
philosophy, focusing on emerging applications in adaptive
systems, human-robot collaboration and bio-hybrid tech-
nologies.
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1
Introduction

The concept of Embodied Intelligence originates from theological and
philosophical debates on body-mind dualism and has evolved into a foun-
dational framework for understanding how physical bodies contribute to
adaptive intelligence in both biological and artificial systems. Initially
explored in philosophy and cognitive science Descartes, 1999; Varela
et al., 2017, EI has gained increasing significance across disciplines such
as biology, physics and robotics Pfeifer, 2006a.

At its core, EI suggests that intelligent behavior is fundamentally
shaped by an agent’s physical body, which serves as a mediator between
the agent and the environment. While numerous mechanical and com-
putational designs exhibit surprising emergent behaviors, the deeper
implications of EI have been progressively uncovered through interdis-
ciplinary studies, spanning not only in robotics and computer science
Laschi et al., 2012; Howard et al., 2019; Takeda et al., 2019; , but also
in philosophy Varela et al., 2017, psychology Glenberg, 2010, behavioral
science, evolutionary biology, physics and mathematics Nandram et al.,
2017; Langton, 1997; Varela et al., 2017.

Seminal contributions by early mathematicians and computer scien-
tists laid the groundwork for self-organising systems, including reaction-
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3

diffusion models by Turing, 1990, self-replicating machines by Von
Neumann, Burks, et al., 1966 and cybernetics Wiener, 2019. These
early conceptual frameworks provided a foundation for modern EI re-
search, emphasising that intelligence is not merely a product of internal
computation or centralized complex algorithms but rather an emergent
property of the continuous interactions between an agent’s body and
its environment. Emergent properties in this context are system-level
behaviors that arise from local interactions among simpler components,
which cannot be predicted by analyzing the components in isolation
Holland, 2000; Brooks, 1991. Unlike traditional computational models
that rely purely on symbolic manipulation, embodied systems leverage
physical system-environment interactions to offload complex control
and computation onto the body’s physical properties. For instance, in
biological systems, muscle elasticity, passive dynamics and biomechanics
significantly contribute to energy-efficient and adaptive movement. Sim-
ilarly, self-organising principles, observed in swarm intelligence, cellular
automata Wolfram, 1982 and artificial life Langton, 1997, demonstrate
that complex, intelligent behaviors can emerge from simple local inter-
actions, without the need for centralised control O’Keeffe et al., 2017.
This paradigm shift—from explicit programming to emergent intelli-
gence—highlights the importance of studying physical embodiment. It
is worth exploring self-organising systems which show how complex,
adaptive behaviors can arise through local interactions between body
and environment without centralized control.

More recently, the interplay between physical bodies and information
processing in intelligent adaptive behavior has been examined across
different timescales, particularly in ontogenetic development (how in-
telligence develops over an individual’s lifetime) Krishna et al., 2024
and phylogenetic evolution (how intelligence evolves across generations)
Lungarella et al., 2003; Nolfi and Floreano, 2000. Timescales matter
in Embodied Intelligence as intelligent behavior emerges from interac-
tions across multiple temporal layers at different speeds, such as faster
events similar to reflexes, neural spikes (milliseconds to seconds) en-
able real-time responsiveness while slow events as learning, adaptation,
morphological changes, hormonal regulation (minutes to days) shape
behavior through experience. These timescales show how intelligence
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emerges from the interplay of evolution shaping body and brain design
over millions of years across many generations, development tuning be-
havior and learning over one’s life time and realtime interaction enabling
adaptive, context-sensitive actions.

Biological learning processes are not only shaped by neural adapta-
tion but also by bodily development, with cognitive functions co-evolving
alongside changes in morphology. Similarly, the coevolution of brains
and bodies has provided new insights into the role of embodiment in
shaping information processing in real-world environments. These per-
spectives demonstrated the nontrivial yet essential role of the physical
body in determining an agent’s ability to learn, adapt and interact
effectively with its surroundings.

The field of Embodied Intelligence integrates conceptual, theoretical
and technological elements. Unlike many areas of robotics research,
which often begin with formal first principles that can be extended
systematically, EI does not emerge from a single foundational
theory. Instead, it begins with a broad conceptual landscape
based on fundamental principles, which are then refined into
concrete theoretical paradigms that serve as a basis for devel-
oping technologies and methodologies. Following this approach,
this article first introduces foundational concepts, then explores key
paradigms and finally discusses their broader implications for robotics
and intelligent systems. While numerous articles and textbooks have
explored similar topics from different perspectives, including works by
Pfeifer and Scheier Pfeifer, 2006a, Laschi et al. Laschi et al., 2012 and
Iida and Giardina Iida and Giardina, 2023, this review builds upon
these foundational contributions, incorporating recent developments
with a particular emphasis on robotics research. Compared to previous
works, it aims to provide a broader and more integrative perspective,
covering fundamental concepts, theories and paradigms that define the
landscape of Embodied Intelligence .



2
Foundations of Embodied Intelligence

The study of Embodied Intelligence has deep conceptual and philo-
sophical foundations. For instance foundational works emphasize the
interplay between brain, body and environment in shaping cognition
Clark, 1998, while some explore the philosophical dimensions of embodi-
ment within cognitive science Varela Francisco et al., 1991. More recent
perspectives highlight how embodied cognition differs fundamentally
from traditional cognitive science Wilson and Golonka, 2013. Hence
highlights that embodied cognition is not just about using the body
in cognition but how it fundamentally changes the way we understand
cognitive processes. In this context, cognition emerges through dynamic
interactions between an organism and its environment, emphasizing real-
time behavior rather than internal computation where it is grounded in
sensorimotor experiences.

The real-world interactions are essential for developing intelligent
behavior, moving away from purely representational models Brooks,
1991. Similarly, physical embodiment within real environments shapes
adaptive responses and cognitive processes Pfeifer and Scheier, 2001.
Additionally, cognition extends beyond the brain, relying on dynamic
interactions between the body and the physical world Clark, 1998.

5



6 Foundations of Embodied Intelligence

Motor actions enable the dynamic, real-time interactions that shape
cognition, support embodiment and ground intelligence in physical
experience—moving beyond internal representations to situated, action-
driven understanding. While traditional neuroscience has primarily
focused on understanding and optimizing simple, discrete motor ac-
tions—such as reaching, grasping, or eye movements—AI (Artificial
Intelligence) research has progressed toward generating complex and
diverse motor behaviors that span multiple tasks and contexts, often at
the scale and flexibility of humanoid bodies Merel et al., 2019; Team
et al., 2025. This laid the background to the emergence of hierarchical
design principles in engineering flexible control systems. New advanced
AI models focus on embodied reasoning, enhancing robots’ spatial un-
derstanding and decision-making abilities. It integrates perception, state
estimation, spatial reasoning, planning and code generation, enabling
robots to perform tasks with improved safety and adaptability.

Rather than focusing on specific technologies or methods, study
of Embodied Intelligence usually begins with broad perspectives and
frameworks for understanding intelligent adaptive behaviors in animals
and machines. Before diving into technical details in Section 3, this
section introduces foundational concepts and principles to contextualize
these discussions within the broader landscape of intelligence studies.
A summary of these fundamental concepts is given in Table 2.1. These
concepts are discussed in detail in later sections.

2.1 Bio-inspiration, Self-Organization and
Physical System-Environment Interactions

2.1.1 Key Biological Inspirations

Embodied Intelligence primarily concerns systems that physically exist
in the real world, rather than simulated environments that bypass
physical constraints. This focus stems from the belief that the physical
nature of systems is integral to adaptive intelligence, particularly in
complex biological systems.

Typical examples for bio-inspired robots, such as RHex (Saranli et al.,
2001), RoboBee (Wood et al., 2013) and Octobot (Laschi, 2017), mimic
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Table 2.1: Fundamental principles of Embodied Intelligence

Principles Descriptions

Situated, multi-purpose,
autonomous agents

Autonomous agents require multi-purpose control architectures
to achieve self-sufficiency.
All physical and mechanical constraints need to be considered in
the design architectures of intelligent adaptive behaviors.

Frame of reference
problem

Intelligent adaptive behaviors cannot be understood by internal
controllers in isolation.
Embodied behaviors are always a result of system-environment
interactions

Intelligence without
representation

Symbolic representations and processing is not always required for
intelligent adaptive behaviors.

Parallel and distributed
processes

Embodied agents have always multiple facets inducing interactions
in parallel.
Computational processes should reflect these parallel interactions.

Exploiting physical constraints
and interactions

Mechanical constraints and dynamics can be exploited for simplifying
control and computation.
Control and computation can be outsourced when physical interactions
are exploited.

Timescale diversity and
cross-timescale interactions

Embodied agents obtain dynamics in different timescales, from very fast
events such as neuronal spikes, to very slow phenomena such as material
deformation and degrading.
Exploiting these cross-timescale dynamics provides diversity of intelligent
adaptive behaviors.

the locomotion and sensing strategies of insects, birds and soft-bodied
animals to achieve robust, adaptive behavior in complex environments.
Ants and bees navigate using landmark-based strategies, path integra-
tion and pheromone trails rather than building complete maps Collett
and Collett, 2002; Srinivasan, 2011. These insects rely on egocentric
cues and local environmental features to find food and return to the
nest efficiently. Inspired by this, robotic systems have adopted bio-
inspired navigation methods such as visual homing, route learning and
odor-based path planning Ardin et al., 2016; Schmickl et al., 2021, en-
abling robust movement in unknown or dynamic environments without
requiring full SLAM maps.

Embodied intelligence framework is redrawn from Pfeifer et al., 2007
in Figure 2.1. As shown here, a conceptual landscape of EI research can
be structured into three interacting layers: information processing and
control, physical body dynamics and morphology and external physical
environment Pfeifer, 2006a. These three layers cannot be studied in
isolation, as they continuously influence and shape each other. The
physical body serves as the critical interface between information pro-
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Figure 2.1: Overview of Embodied Intelligence theory, consisting of three-layer
processes in information processing, physical body dynamics interacting with tasks
and environment. Adapted from Pfeifer et al., 2007.

cessing and physical interactions with the environment. Understanding
EI requires examining how these layers interact rather than focusing on
individual aspects in isolation. While each subfield presents its own sig-
nificant challenges and technological complexities, a holistic perspective
is necessary to grasp the fundamental principles underlying Embodied
Intelligence in the physical real world.

Investigations centre on the interactions between physical systems
and their environments across various scales and paradigms. These in-
clude molecular interactions Pattee, 2001, mechanical dynamics, energy
exchanges Pfeifer, 2006b, brain processes Adami, 2002, DNA computing
Adami, 2002 and protein folding Pattee, 2001. Understanding intelligent
adaptive behaviors requires acknowledging the physical underpinnings
of these processes, rather than reducing them to purely computational
or mathematical frameworks Adami, 1998. This shift toward physically
grounded models is equally critical in robotics, where embodied systems
must integrate sensory input with dynamic interactions to produce
adaptive, intelligent behavior.

Biomimetic robots, emulating biological systems—may need to ac-
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count for contact dynamics to accurately interpret spatial information
Evans et al., 2010. Hence, dynamic interaction and probabilistic rea-
soning Xu et al., 2013 in tactile perception systems lie at the core of
adaptive and perceptive robotic platforms. In addition recognising fea-
tures in human tactile perception related to concepts such as “softness”
is key to making use of Embodied Intelligence in robots Abdulali et al.,
2024.

2.1.2 Lessons from Self-Orgnization

A self-organizing system operates as structres or patterns without central
control, using local interactions to adapt and evolve. Simple individual
actions combine into complex collective behavior, shaped by experience
and environmental changes Di Marzo Serugendo et al., 2003. More
examples towards this can be found from the nature such as stripes
on butterfly wings, animal growth, ant trails, antibodies detection and
molecules formation. To exemplify, ants solve the complex optimization
problem of finding the nearest food sources Deneubourg and Goss,
1989. Instead of performing extensive calculations or holding detailed
environmental knowledge, they use a simple strategy: marking paths
with pheromones. At crossings, ants follow the strongest scent, which
naturally corresponds to the shortest routes—since ants return more
quickly from closer sources, those paths accumulate stronger markings.
Hence they make use of self-organization rather than cognitive power
of each individual.

Herbert Simon in his analogy of “Simon’s Ant” illustrates how such
complex behavior can arise from simple rules in interaction with the
environment Simon, 1969. This concept highlights the fact that the
intelligent and adaptive behaviors exhibited by physical systems cannot
be fully explained by focusing solely on the internal mechanisms of
autonomous agents. Instead, these behaviors are fundamentally the
result of the dynamic interplay between the system and its environ-
ment. Ignoring the role of the environment risks oversimplifying and
misinterpreting the true nature of intelligent adaptation Beer, 1995;
Clark, 1998. Hence what appears as complex, goal-directed activity can
often emerge from simple internal rules interacting with a structured
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environment. By shifting the analytical frame to include both the agent
and its surroundings, researchers gain a clearer understanding of the
mechanisms that produce adaptive, intelligent behavior.

Self-organization and emergent behaviors can be found across bio-
logical and robotic systems, demonstrating how complex structures and
patterns arise from simple local interactions without centralized control.
Bonabeau et al., 1998 and Petersen et al., 2019 show how insect colonies
and robotic systems can self-assemble structures through decentral-
ized mechanisms, while Farkas et al., 2002, Kastberger et al., 2010 and
Pasquale et al., 2008 highlight how collective waves, neuronal avalanches
and swarm behaviors emerge dynamically in excitable systems. Another
perspective is that swarm intelligence emerges from stigmergic interac-
tions and environmental feedback. Drossel and Schwabl, 1992 provide
a physical analogy, demonstrating self-organized criticality in fire dy-
namics, reinforcing the idea that many natural and artificial systems
share universal principles of self-organization, adaptation and collective
intelligence.

2.1.3 System-Environment Interaction

How external forces and interactions shape system behavior can be
demonstrated by dynamical stability, nonlinear mechanics and syn-
chronization phenomena. Kapitza, 1965 and Landau and Lifshitz, 1960
establish foundational principles in mechanics, showing how vibrational
forces can stabilize otherwise unstable systems, such as the inverted pen-
dulum. Strogatz, 2000 extend these ideas to real-world collective dynam-
ics, illustrating how pedestrian-induced oscillations on the Millennium
Bridge exemplify spontaneous synchronization, linking fundamental
physics to emergent behaviors in human coordination.

Understanding synchronization, a principle for coordinated move-
ment, in coupled oscillators is crucial for designing systems where
coordinated behavior emerges from individual components Strogatz,
2000. In such systems, each agent follows local rules and responds to its
immediate environment, yet a coherent group behavior arises from these
distributed interactions. Synchronization and rhythmic motion—seen in
both biological collectives and robot swarms—demonstrate how these
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emergent behaviors are inherently embodied, relying on the physical
coupling between agents and their environment to maintain coordi-
nation. In such systems, each agent follows local rules and responds
to its immediate environment, yet a coherent group behavior arises
from these distributed interactions. Synchronization and rhythmic mo-
tion—seen in both biological collectives and robot swarms—demonstrate
how these emergent behaviors are inherently embodied, relying on the
physical coupling between agents and their environment to maintain
coordination.

Above studies show that intelligence emerges through physical inter-
actions with the environment, whether in bipedal locomotion, rhythmic
motion, biological adaptation, or distributed swarm coordination. In-
stead of relying solely on computation, these systems highlight how
mechanical structure, feedback control and environmental cues shape
intelligent behavior in both biological and robotic systems.

2.2 Fundamental Principles of Embodied Intelligence

Initial stages of intelligence refer to foundational mechanisms such as
simple computation, reflexive responses and basic learning, which en-
able systems to process information and act in dynamic environments.
Turing et al., 1936 laid the groundwork for computational theory by for-
malizing the concept of universal computation— a foundation that later
influenced both artificial and biological models of cognition. Salomaa,
2014 extended this by developing automata theory, which describes
how simple rule-based agents can generate complex behaviors, similar
to how EI emerges from decentralized, embodied interactions. Ashar
et al., 1992 linked these theories to hardware design and sequential logic
synthesis, which are essential for building robotic systems that inte-
grate sensing, learning and real-time control. In Embodied Intelligence ,
however, these functions are not merely integrated—they emerge from
the close coupling between the body, its physical interactions and the
environment, highlighting a fundamental shift from centralized planning
to distributed, adaptive behavior.

While most studies of embodiment focus on distinct facets of in-
telligence such as motor control and morphological computation, a
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shared research challenge across disciplines is to uncover the underly-
ing patterns and structures that enable intelligent behaviors in both
animals and machines. Biological systems, for example, exhibit remark-
able motion patterns such as the undulatory swimming of eels, the
rapid grasping reflexes in primates and the coordinated gait transi-
tions in quadrupeds for efficient locomotion and manipulation Vogel,
2013, self-organize their sensory-motor pathways to develop new skills
Bear et al., 2020; Braitenberg, 1986 and adapt their body structures
for resilience through developmental processes Mayer, 1943. Similarly,
bio-inspired robots have been designed to study sensory-motor dynam-
ics for efficient locomotion Ijspeert, 2014, self-structuring mechanisms
for dexterous interactions with robotic hands Hughes et al., 2018 and
even the autonomous construction of their own bodies Mazzolai et al.,
2014. These examples highlight the rich diversity of behavioral patterns
and structural adaptations that form the foundation of autonomy and
adaptability in both natural and artificial systems.

2.2.1 Situated, Multi-Purpose and Autonomous Agents

Embodied intelligence is a field dedicated to the study of autonomous
agents, which are systems designed to operate independently within the
constraints of the real world. The concept of autonomous agents was
originally proposed in Toda and Crombag, 1982. His framework outlined
several fundamental characteristics that these agents should possess.
According to Toda, autonomous agents must embody the essential traits
of biological systems, including situatedness, redundancy, multi-purpose
functionality, self-sufficiency and embodiment. He argued that these
characteristics are crucial for understanding the nature of intelligence
as it manifests in real-world contexts. In Toda’s model, self-sufficiency
means the agent can maintain its own functioning without external
control or continuous input. For example, it must find food (fungus) to
restore energy, manage internal states and respond to changes in the en-
vironment autonomously. This reflects how biological organisms survive
and adapt through internal regulation and goal-directed behavior.

All biological systems have the ability of surviving in complex en-
vironments. This is a hard problem for artificial agents. There are
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“complete autonomous agents” that can resolve these problems. Toda’s
“Fungus Eaters” are such complete autonomous agents that are capable
of behaving autonomously in an environment without human inter-
vention. The “Solitary Fungus Eater” is a similar creature that has
been sent to a distant planet to collect uranium ore. It gets a reward
proportional to the amount of uranium it collects. It has a fungus store
for energy, wheels or legs for locomotion, means of decision making
such as a brain and collection such as arms. It further has sensors for
vision and detecting uranium ore. Survival in this environment requires
autonomy as it cannot be remote controlled and the fungus eater has to
see the world in its own perspective. It further has to be self sufficient
in energy and adaptive as the environment is unknown.

An agent is “situated” if an agent is capable of acquiring informa-
tion through its sensors during the interaction with its environment.
A situated agent can interact with its environment without the inter-
vention of a human. While ants and Mars rovers can be considered
situated agents, a remote-controlled car is not, as it does not perceive
its environment through sensors but is instead directed entirely by a
human. Situatedness refers to the fact that autonomous agents are
physically embedded in the real world. Rather than being idealized or
using abstract models, they must operate while accounting for all the
complexities and constraints of their physical environments. This in-
cludes responding to unpredictable or dynamic situations, which cannot
always be perfectly simulated Pfeifer and Scheier, 2001; Brooks, 1991.

Multi-purpose functionality enables robots to perform diverse
tasks using the same body, sensors, and control systems by exploiting
morphological adaptability, sensorimotor reuse, and body–environment
interactions Pfeifer, 2006a; Hauser et al., 2011. Such flexibility allows
skills learned for one context to transfer to others, reducing the need for
specialized hardware and supporting efficient, adaptive behavior across
environments Laschi and Cianchetti, 2014.

The traits of redundancy, multi-purpose functionality and self-
sufficiency emphasize the ability of autonomous agents to handle diverse
tasks and processes necessary for their survival. These agents should
be capable of functioning over extended periods without requiring
external intervention, whether from humans or other systems. The
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Fungus Eater model illustrates a minimal, hypothetical agent designed
to mimic key features of lifelike intelligence. The agent must locate
and consume fungus to sustain its energy, driving it to engage con-
tinuously with a dynamic environment. It performs multiple adaptive
behaviors such as searching, approaching and consuming targets, while
also dealing with uncertainty and disturbances. The model emphasizes
redundancy—for instance, having overlapping sensory or motor capabil-
ities—enhancing robustness. Crucially, intelligence in the Fungus Eater
is not pre-programmed but arises through embodied interaction, where
cognition, perception and action are tightly coupled with the agent’s
physical structure and environmental feedback Pfeifer et al., 1996.

Beer, 1995 approaches autonomous agent behavior and adaptation
through a dynamical systems framework, viewing the agent and its
environment as a continuously coupled system rather than as separate
entities. From this perspective, behavior emerges through ongoing in-
teraction, without reliance on predefined symbolic representations or
discrete computational steps. Adaptability, robustness, and the ability to
manage diverse tasks are not explicitly programmed but arise naturally
from the dynamics of the system itself. This highlights embodiment as
more than the physical instantiation of a controller: it is the structural
integration of body, environment, and control that enables traits such as
redundancy, multifunctionality, and self-sufficiency to support survival
in complex, real-world settings.

A similar lesson emerges when considering applied robotics. Anal-
yses of the 2013 DARPA Robotics Challenge revealed persistent limi-
tations in autonomy, particularly in perception, decision-making, and
reliance on human intervention Murphy, 2015. Likewise, the Amazon
Picking Challenge highlighted the difficulties of integrating perception,
manipulation, and learning to cope with uncertainty in unstructured
environments Eppner et al., 2018. Both cases reinforce that Embodied
Intelligence requires more than high-performing components: it depends
on the seamless integration of sensing, action, and adaptation within
the dynamics of real tasks. These examples underline the principle that
robustness and autonomy emerge not from isolated subsystems, but
from tightly coupled interactions across body, environment, and control.
Taken together, these theoretical insights and real-world challenges point
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toward a broader principle: intelligence cannot be separated from the
material and physical conditions under which it is realized. This provides
a natural transition to considering how embodiment itself—through its
constraints and affordances—fundamentally shapes the capacities of
autonomous agents.

As a whole, the concept of embodiment plays an essential role
in understanding autonomous agents. Embodiment imposes physical
constraints such as space, volume, energy availability, weight and the
limitations of actuation and sensing. These constraints are critical to
developing a realistic understanding of intelligence. Ignoring or compro-
mising on these physical realities risks distorting our comprehension
of Embodied Intelligence , as they are integral to how agents perceive,
interact with and adapt to the world around them.

By grounding autonomous agents in the principles of situatedness,
redundancy, multi-purpose functionality, self-sufficiency and embodi-
ment, we gain a clearer understanding of how intelligence functions in
real-world settings. These principles form the foundation for advancing
the study and design of truly autonomous, intelligent systems.

2.2.2 Frame of Reference Problem

A crucial principle in the study of autonomous agents is the Frame
of Reference Problem, originally introduced by McCarthy and Hayes,
1981. Despite its many interpretations, the core of the Frame Problem
is how to keep a model of a continuously changing environment aligned
with the real world. Dennett, 1990 illustrates this problem using a robot
employing propositional representation.

In essence, the Frame of Reference Problem emphasizes that in-
telligent adaptive behaviors must be analyzed within the context of
system-environment interactions. Autonomous agents do not exist or
operate in isolation; their ability to adapt and behave intelligently arises
from their continuous interaction with the surrounding environment.
For example, the movement of a robot or the navigation of a biological
organism is not purely a product of its internal systems (e.g.: its control
algorithms or mechanical design). Instead, it is shaped by external
factors such as the terrain, obstacles and physical forces acting upon it
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Simon, 1969; Beer, 1995; Clark, 1998.
In robotics research, this principle has significant implications. Many

studies and theories focus extensively on the design of mechanical
components or control systems without giving adequate consideration
to the environment in which these systems operate. For instance, in
the study of legged locomotion or robotic hand manipulation, designing
intricate joint trajectories is insufficient if the robot’s interaction with the
environment is not properly accounted for. A robot’s joint trajectories
are not static; they are influenced and ultimately shaped by the external
forces and conditions encountered during operation. Raibert’s early
work on dynamic balance in legged robots Raibert, 1986 illustrates how
effective locomotion depends not only on preplanned trajectories but
also on active responses to the terrain. Likewise, robust grasping and
manipulation require considering the environment’s constraints when
designing robotic hands Bicchi, 2000.

By neglecting the environmental context, researchers risk designing
systems that fail to perform effectively in real-world scenarios. For
example, a robot designed to walk on a perfectly flat surface may perform
poorly on uneven terrain if its design does not account for system-
environment dynamics. Similarly, a robotic hand programmed for precise
manipulation in controlled settings may struggle when interacting with
objects of varying textures, weights or shapes.

To address the Frame of Reference Problem, it is essential to adopt
a holistic approach in the design and analysis of autonomous agents.
For instance, rather than isolating control algorithms or hardware com-
ponents, researchers can integrate environmental feedback loops and
emergent behaviors that arise from the agent’s real-world context. This
means not only optimizing internal mechanisms but also considering the
dynamic, reciprocal interactions between the agent and its environment.
Such an approach acknowledges that the complexity of real-world con-
ditions often exceeds purely internal computations and that adaptive
intelligence emerges from the continuous interplay between internal
states and external constraints. By doing so, we can develop systems
that demonstrate truly intelligent and adaptive behaviors in real-world
conditions. These systems can better handle uncertainty, adapt to chang-
ing situations and maintain robust performance over extended periods,
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reflecting the essence of genuinely embodied and situated autonomy.

2.2.3 Symbol Grounding Problem

The symbol grounding problem addresses how can the semantic meaning
of a formal symbol system become intrinsic to the system itself, rather
than dependent on the interpretations in our minds Harnad, 1990. In
other words, how abstract symbols (like words or internal representations
in AI) acquire meaning that is connected to the real world, rather
than just being manipulated formally. Harnad framed it as: how can
a system’s symbols be grounded in sensorimotor experience so they
refer to actual objects, events, or states, instead of being mere tokens
defined only by other symbols. To overcome this challenge robots require
embodiment, allowing them to link symbols with real-world perception
and action. Through continuous and rich sensorimotor interaction and
social exchange, they will be able to refine these associations and develop
intrinsic meanings.

In traditional AI, the meaning of symbols arises from how they
are related to other symbols. However, doubts remain about whether
such models can truly capture meaning while remaining disembodied
from their environment. While traditional systems manipulate sym-
bols without intrinsic semantics, LLMs capture usage regularities that
approximate aspects of meaning. When integrated with sensorimotor
data—such as vision, action, or embodied interaction—LLMs may serve
as a bridge between symbolic representations and grounded experience.
However, current models lack sufficient embodiment to fully address
this problem.

2.2.4 Dynamical Systems Approach

In Embodied Intelligence research, dynamical systems theory provides
a unifying mathematical framework to model and analyze how behavior
emerges from the continuous coupling of body, control, and environment.
Rather than treating perception, control, and environment as separate
modules, this approach emphasizes that cognition arises directly from
the evolving dynamics of the whole agent–environment system. Hence
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cognition is considered as continuous dynamical coupling with environ-
ment Varela et al., 2017 and some argue that the cognition is better
captured by dynamical systems than symbolic computation Van Gelder,
1998.

Robots and agents can be modeled as coupled dynamical systems
with their environments. For instance, dynamical systems have been
applied to robot learning, where robots acquire complex motor skills
through imitation and adapt them to novel contexts and perturbations
Hersch et al., 2008. Similarly, central pattern generator models inspired
by biological locomotion demonstrate how oscillatory neural dynamics
can be exploited to produce adaptive, efficient movement in robots
Ijspeert, 2008. Such studies show that adaptability and robustness are
emergent properties of dynamic interaction, not add-ons to prepro-
grammed control. Hence Robots and agents are modeled as coupled
dynamical systems with their environments.

This perspective extends to physical control, where the robot’s
body and environment are treated as a single nonlinear dynamical
system. Milana et al., 2025 identify four dynamical motifs—oscillation,
sequence, reaction, and integration—that harness the body’s own physics
(mechanical rhythms, threshold-triggered state changes, and sensor-free
feedback) to realize intelligent behavior with minimal electronics.

A related line of work is reservoir computing, which harnesses the
rich internal dynamics of recurrent systems for information processing.
While simulated reservoirs (e.g., echo state networks and liquid state
machines) highlight how performance depends on internal stability,
scaling, and node types Verstraeten et al., 2007, physical reservoir
computing extends these principles to the dynamics of actual physical
substrates Nakajima, 2020. Here, intelligence emerges by exploiting the
body’s natural dynamics to transform and store information in time,
with only minimal training at the output layer Jaeger, 2002; Jaeger and
Haas, 2004.

Taken together, these strands of research demonstrate the fun-
damental principle of the dynamical systems approach to Embodied
Intelligence : intelligent behavior is not imposed from above by symbolic
control, but unfolds from the interaction of body, environment, and
control as one coupled process. This view challenges the traditional
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separation between “controller” and “plant,” reframing intelligence as a
property of the system’s dynamics rather than of its computation alone.
By exploiting inherent physical properties—such as compliance, oscil-
lation, and memory in materials—robots can offload complexity from
centralized algorithms to the distributed body–environment system. As
a result, traits such as robustness, adaptability, and context-sensitivity
arise naturally from the ongoing dynamics, rather than being explicitly
programmed. This makes the dynamical systems approach not just a
mathematical formalism, but a design philosophy: to build intelligent
robots, one must shape the dynamics of interaction, coupling neural,
mechanical, and environmental processes into a coherent whole.

2.2.5 Intelligence Without Representation

This concept was first introduced in a seminal paper by Rodney Brooks
in Brooks, 1991, which argued that intelligent and adaptive behaviors
cannot be fully explained or achieved through reliance solely on an
Internal World Model (IWM) or more generally Internal Representation.
Brooks challenged the traditional approach of artificial intelligence
that emphasized building detailed internal representations of the world,
instead asserting that much of intelligent behavior arises from the
interaction between a physical system and its environment Brooks,
1991.

This idea claims that intelligent behavior can emerge from direct
sensorimotor coupling without the need for internal symbolic models;
hence advocates behavior-based robotics. There are several findings
that support this idea. One is that cognition should be understood as
situated activity, not symbol manipulation, and demonstrates this with
an agent interacting in real time Agre and Chapman, 1987. Secondly,
human action is situated and cannot be fully explained by pre-defined
plans or representations Suchman, 1987.

One key aspect of this argument is the Frame Problem, which high-
lights the inherent limitations of symbolically representing all possible
physical interactions, from the molecular scale to the astronomical scale.
Attempting to capture every detail of the external world in an internal
model is not only infeasible but also unnecessary for achieving intelligent
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adaptive behavior McCarthy and Hayes, 1981; Dennett, 2017; Pylyshyn,
1987.

Another critical insight is that many intelligent behaviors do not
require an elaborate IWM. Instead, they can emerge through system-
environment interactions, leveraging the inherent dynamics of the phys-
ical world. Brooks emphasized that solving every problem by relying
solely on brute computational power, such as exhaustive reasoning or
simulation within an internal model, is neither elegant nor scalable.
Intelligent systems can often achieve effective solutions by exploiting
their interactions with the real-world environment in a direct and effi-
cient manner Brooks, 1991; Brooks, 1990; Braitenberg, 1986; Beer, 1995.
This aspect is further discussed in section 2.1.3: System Environment
Interaction.

This approach allows incremental progression from simple systems
to complex autonomous intelligence. At each stage, only a small compo-
nent needs to be developed and integrated into an existing functional
intelligent system. Directly comparing biological and artificial systems
offers a promising approach, as each has distinct advantages—biological
systems exhibit full functionality, while AI systems provide complete
observability Diester et al., 2024. Despite key differences, both share
fundamental aspects in their IWMs. One crucial similarity is the role
of time dimensions in IWMs, essential for predicting the outcomes of
sensory inputs or actions by integrating and evaluating events over rele-
vant time intervals. However, biological neural systems are constrained
by sequential planning and limited working memory, whereas artificial
systems can encode temporally ordered memory states continuously
using long state vectors, allowing for parallel and efficient processing of
past events.

Intelligence emerges from the interaction between cognition and the
environment, supporting the embodied view that adaptive behavior
is grounded in real-world engagement Simon, 1980. This perspective
extends beyond the individual, as behavior and tool use actively shape an
agent’s adaptive potential Dawkins, 2016. Learning over time is crucial
in this process—long short-term memory networks enable machines to
capture temporally extended dependencies Hochreiter, 1997. To guide
such learning, dynamic programming provides a structured way to make
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optimal decisions across sequential steps Bellman, 1957.
In the age of big data, this debate has gained renewed relevance.

While it is true that large datasets combined with Internal World Models
can produce non-trivial outcomes, it is important to remember that
brute force approaches are not the only path forward. Systems designed
to intelligently leverage real-world dynamics and interactions can often
achieve more efficient and robust solutions without relying on vast
computational resources or overly complex internal representations. This
principle highlights the need to complement data-driven computation
with insights into the physical embodiment of systems. Instead of relying
solely on abstract models, we should exploit how physical form, material
properties and environmental interaction contribute to problem-solving.
Such systems can be more efficient, require less computational overhead
and scale more naturally—aligning with the core ideas of Embodied
Intelligence, where intelligence emerges from the interplay between body,
environment and control.

2.2.6 Parallel and Distributed Processes

Many hierarchical control methods rely on rigidly arranged modules,
leaving little room for emergence since everything is prespecified. To
address this, control architectures were reimagined as collections of
parallel, loosely coupled processes, each with its own implementation
and coordination mechanisms.

Minsky’s work from 1980s Minsky, 1986 claims that intelligence
emerges from many simple agents working in parallel. Similarly cognition
is considered as a distributed activity over simple units, taking place
in multiple layers McClelland, 1988. Hence meaning and memory can
emerge from networks of simple units. Clark, 1989 and Hutchins, 1995
extend this by highlighting that intelligence is not confined to internal
representations but distributed across bodies, environments, and social
systems—core principles of embodied intelligence.

An essential characteristic of intelligent adaptive behavior in bio-
logical systems is their parallel and distributed nature, evident across
all levels of organization. Living organisms consist of numerous sub-
systems—such as organs, tissues and cells—each operating as a semi-
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autonomous, self-regulating unit. Organs maintain homeostasis, while
cells independently manage metabolic processes, replication and repair.
These components often perceive and respond to environmental stimuli
and, in some cases, exhibit rudimentary memory and decision-making
capabilities Gentili and Stano, 2024; Baluška and Levin, 2016. This
distributed organization enables robust and adaptive responses without
centralized control.

Despite the decentralized nature of these subsystems, parallel dis-
tributed systems often exhibit behavior that appears centrally con-
trolled. The system’s global behavior emerges from local interactions.
For instance, while the human body consists of billions of relatively in-
dependent cells, it can respond cohesively to significant external stimuli.
This coordination is facilitated by mechanisms such as hormonal sig-
naling, emotional regulation and the propagation of neural or chemical
signals across the body. These processes allow distributed components
to function as a unified organism, adapting effectively to complex en-
vironmental challenges. In the musculoskeletal system, interconnected
tendons, muscles, and skin—combined with the inherent passivity of
compliant tissues—further support this coordination by distributing
loads, damping oscillations, and enabling smooth transitions between
tasks without requiring explicit centralized computation.

The parallel and distributed architecture of biological systems also
plays a critical role in ensuring redundancy, learning and growth. Re-
dundancy allows biological systems to maintain functionality even when
certain subsystems fail. For example, when specific functions or or-
gans are impaired, backup mechanisms or alternative pathways can
compensate, enabling an organism to continue operating. Research on
plant-inspired robotics to show that intelligence is not exclusive to
animals but can emerge from decentralized, material-driven adaptation
in plants Lee and Calvo, 2022; Mazzolai et al., 2014. Quantifies how
biological cells process information and interact with their environment,
reinforcing the role of embodied processes in cellular decision-making
Milo and Phillips, 2015.

Distributed learning and information processing further enhance
system resilience and efficiency. By processing information in parallel,
biological systems can filter noise, adapt to their environments and
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optimize responses. For instance, distributed networks within the brain
allow for imitation learning and accelerate cognitive processes. These
networks enable adaptive learning and memory formation, even under
noisy or incomplete data Rumelhart et al., 1986; Hopfield, 1982; Kandel,
2001. Building upon these works, neural architectures that rely on
interconnected units and parallel processing can adapt to changing
inputs in real time, offering a robust mechanism for learning even with
incomplete or noisy data. Echoing Bandura’s insight into observational
learning Bandura, 1977 and Rizzolatti & Craighero’s study on mirror
neurons Rizzolatti and Craighero, 2004, these distributed networks
enable not only imitation but also deeper social understanding by
aligning one’s own neural patterns with those observed in others, thus
fostering empathy and collaborative behavior.

Cellular Automata models, a distributed system that operate without
centralized control, relying on local rules to produce global patterns
Chopard and Droz, 1998; Wolfram, 2018. This shows how simple, discrete
local interactions in cellular automata can lead to emergent complex
behaviors.

Rhythmic coordination can be considered as an adaptive mechanism
which produce self-sustaining rhythmic movement patterns without con-
tinuous top-down control. Strogatz, 2000 establishes the mathematical
basis for synchronization using Kuramoto models, which is crucial in
decentralized coordination, while Ijspeert, 2008 explores how central
pattern generators (CPGs) govern locomotion in both animals and
robots. Locomotion is not just movement; it is an intelligent response
to environmental constraints Ijspeert et al., 2007.

Central pattern generators (CPGs)—neural circuits that produce
rhythmic outputs (e.g.: walking or breathing) without requiring rhyth-
mic input- exemplify how complex motor patterns can be generated
through simple, decentralized neural circuits Ijspeert, 2008. Robots
which used decentralized control in its control architecture are shown
in Figure 2.2. Salamandar robot shown here is decentralized in control,
even though it uses central drive signals. The body CPG is implemented
as a double chain of 16 locally coupled oscillators, and the limb CPG
consists of 4 separate oscillators. These are coupled only locally, not
coordinated through a single global controller. The left/right drive sig-
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Figure 2.2: Examples of decentralized control for bio-inspired robots A) Genghis,
a six legged insect-like robot created by roboticist Rodney Brooks at MIT around
1991 (right). Genghis is a well known platform to study different control strategies
of the gait and different algorithms to solve the path-planning in uneven terrains
(left). The robot had several sensors: two front whiskers, two inclinometers and six
forward infrared sensors. (Adapted from Brooks, 1986. B) Salamander robot (right).
The robot is powered by 10 DC motors—six actuating hinge joints along the spine
(shown as black disks) and four actuating limb joints (black cylinders). The Central
Pattern Generator (CPG) includes a body CPG, structured as a double chain of 16
coupled oscillators for spine control and a limb CPG, consisting of four oscillators for
limb control (left). The control model receives left and right drive inputs, mimicking
descending brainstem signals, which modulate the robot’s speed, direction and gait
pattern. Extracted from Ijspeert et al., 2007.

nals (analogous to brainstem output) only set high-level parameters
such as speed, direction, and gait pattern, but the actual movement
coordination emerges from the local oscillator couplings. Because of the
coupling structure, spine and limb motion synchronize without direct
centralized computation of each joint’s movement. Hence this can be
considered as not purely centralized control, but rather a hierarchically
modulated, locally coupled (decentralized) CPG system.
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Growth is another hallmark of distributed biological systems. Almost
all living organisms develop from a smaller, simpler structure into a
larger, more complex one. This growth is driven by the replication and
coordination of distributed subsystems, such as cells, which divide and
specialize while maintaining overall system functionality. The ability to
grow and self-organize reflects the adaptive and self-sufficient properties
of distributed systems, underscoring their importance in both biological
and bio-inspired systems.

The parallel and distributed nature of biological systems not only
supports intelligent and adaptive behaviors but also ensures resilience,
efficiency and scalability. By understanding how these systems operate
cohesively despite their decentralized components, we can draw valuable
insights for designing robust and adaptive artificial systems, particularly
in robotics and distributed computing.

2.2.7 Exploiting Physical Constraints

When considering highly redundant systems, such as those contain-
ing many sensory and motor components, it is often very difficult or
expensive to make decisions. For instance, when an arm or leg has
many redundant degrees of freedom, a reaching task would have many
solutions. In contrast, if the same system has only one degree of free-
dom, there is one solution, or no solutions at all, in such a case, the
decision is much simpler and straight forward Bernstein, 1967; Liegeois
et al., 1977. This observation underpins a key principle in Embodied
Intelligence: rather than viewing physical constraints as limitations,
we can exploit them to reduce computational load and guide behavior.
Hence exploiting physical constraints arises from system-environment
interactions and this is discussed in detail under section 2.1.3.

Embodied systems have many such constraints because of the physi-
cal limitations. Such physical limitations include space, volume, material
properties, processing speed, memory capacity and energy budgets. All
of these physical constraints are, on the one hand, limitations for func-
tions. On the other hand, the constraints that can be exploited for more
elegant and intelligent means to solve problems.

Morphological computing, introduced as the mechanism by which
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the body, brain and environment are connected Pfeifer, 2006b, addresses
redundancy by offloading computation to the body’s physical structure.
Instead of resolving all redundant options computationally, the body’s
shape, material properties and passive dynamics constrain and guide
behavior. For example, compliant joints or body symmetry can naturally
limit the movement space, reducing the number of viable solutions for a
task. This simplifies control and decision-making by embedding solutions
in the morphology itself—turning redundancy from a burden into an
asset Pfeifer, 2006a; Hauser et al., 2011. Thus transforming constraints
into advantageous design features.

Carefully choosing materials can harness natural compliance or en-
ergy storage for efficient locomotion or manipulation, thereby reducing
the need for extensive control algorithms. Standen et al. demonstrate
how Polypterus fish, when raised on land, adapt their fin-based locomo-
tion to function more similar to limb-based walking and illustrating how
physical constraints—such as terrestrial substrate—drive developmental
and behavioral adaptations and changes in musculoskeletal development
Standen et al., 2014. This supports Embodied Intelligence theory by
highlighting how behavior emerges from dynamic interactions between
morphology, control and environment. By viewing constraints as design
opportunities, researchers can develop systems that are robust, adaptive
and efficient under real-world conditions.

In robotics, soft bodies and compliant structures can similarly pro-
cess information through their mechanical properties Nakajima et al.,
2015. Tensegrity-based locomotion demonstrates how mechanical dynam-
ics serve as a computational resource, reducing reliance on centralized
control Caluwaerts et al., 2013. Similarly, spine dynamics in quadruped
robots enable efficient control through physical interactions rather than
explicit programming Zhao et al., 2013.

While morphological computing and soft robotics offer a powerful
strategy by embedding constraints into the body’s physical design,
there are several complementary approaches that enhance constraint-
driven simplification. These help offload or manage redundancy in
control and decision-making. One such method is the use of motor
synergies, where groups of actuators or muscles are controlled together
as a unit, effectively reducing the number of independent variables the
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system needs to handle d’Avella et al., 2003. This simplification mirrors
biological strategies and helps streamline complex motor tasks.

Environmental shaping is also a valuable approach in designing
surroundings to naturally limit and guide interactions—further offloads
decision-making. By structuring or designing the environment in a way
that constrains the system’s possible interactions, designers can offload
part of the computational burden to the world itself. Passive dynamic
walkers are a classic example, using gravity and structure to achieve
locomotion without active control McGeer, 1990.

Finally, hierarchical control architectures offer another level of ab-
straction. These help manage redundancy by introducing layered control
schemes. High-level controllers handle strategic decisions while delegat-
ing low-level execution to modules that abstract away the redundant
details Todorov, 2009. Together, these strategies show that physical
constraints—far from being obstacles—can be powerful tools for design-
ing robust, adaptive and efficient embodied systems and these concepts
will be discussed in detail in later sections of this chapter.

2.2.8 Timescale Diversity and Cross-timescale Interactions

One fundamental distinction between biological and artificial systems
is the ability of biological systems to grow and evolve over time and
across generations. Growth and self-replication are essential mechanisms
that make biological organisms adaptive, robust and versatile. Without
addressing these aspects centrally, it is questionable whether robots can
truly be compared to animals in meaningful ways Pfeifer et al., 2007.

Biological adaptation occurs across three timescales:

1. Phylogenetic Evolutionary Timescale: Changes across generations
through genetic evolution.

2. Ontogenetic Developmental Timescale: Growth and structural
changes during an individual’s lifetime.

3. Here-and-Now Learning Timescale: Immediate behavioral adapta-
tion to environmental stimuli.



28 Foundations of Embodied Intelligence

Embodied systems inherently operate across a diversity of timescales,
reflecting the dynamic nature of their physical and chemical properties.
Materials and structures degrade or deform over time due to forces such
as gravity or chemical reactions. Mechanical structures possess natural
frequencies that determine their response to vibrations Haken, 2012;
Pfeifer, 2006a. Organic composites, if present, interact with chemicals
at varying rates depending on their composition and the nature of
the reactions involved Kelso, 1995. Biological processes exemplify this
diversity further: protein folding occurs at molecular timescales, neural
spike trains propagate signals in milliseconds, hormonal signals operate
over minutes or hours, while growth, social interactions and genetic
evolution span far longer timescales Kandel, 2001; Varela Francisco
et al., 1991.

This intrinsic diversity of timescales is one of the critical reasons of
studying embodiment: having an embodied physical structure inherently
binds a system to the “laws of timescales” that govern the physical
world Iida and Giardina, 2023. Every material and chemical component
has its own dynamic nature, yet to achieve stability and consistency
as an autonomous agent, these systems must navigate and reconcile
the variations in timescale dynamics. Achieving such stability requires
finding a compromise between competing timescales and understanding
their interactions. This includes addressing cross-timescale dynamics
such as coupling, separation and rejection.

Cross-timescale interactions play a pivotal role in the functionality of
embodied systems. For instance, timescales can interact for the benefit
of an organism, as seen in how evolutionary processes shape learning
mechanisms. The gradual process of genetic evolution can lead to
more efficient learning processes within individual organisms, enhancing
adaptability across generations. Conversely, timescale separation can
also be advantageous. For example, an individual must independently
acquire knowledge through learning rather than inheriting pre-learned
behaviors directly from its parents. This separation allows for flexibility
and adaptability, ensuring that each organism can respond to its unique
environmental context.

The interplay of timescales in embodied systems, whether through
coupling or separation, is a fundamental aspect of their adaptability and
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resilience. Understanding and designing systems that account for these
dynamics are key to creating stable, autonomous agents that operate
effectively in the real world. Each subsystem—or even each compo-
nent—evolves and stabilizes on its own timescale, yet these distinct
processes must converge in a coherent whole for the system to function
reliably. By properly accounting for the range of temporal dynamics,
designers can ensure that fast processes (such as reflexive control) and
slow processes (similar to growth or structural adaptation) harmonize,
allowing the system to effectively adapt under real-world conditions.
Ultimately, understanding and integrating these varying timescales is a
key factor in creating stable, autonomous agents that maintain robust
operation and learn from their environment over both short and long
durations.

Time-scale issues are inherent to any complex hierarchical system,
where processes occur at different temporal resolutions—ranging from
rapid reflexes to slow planning. In embodied systems, however, the
body itself introduces intrinsic timescales that emerge from physical
dynamics, such as inertia, elasticity and damping Pfeifer, 2006a. These
can be referred to as mechanical timescales.

Unlike purely computational systems, embodied agents can exploit
these physical timescales for adaptive behavior. For example, passive
dynamic walkers use the natural swing of limbs—driven by gravity and
momentum—without active control at every time step Collins et al.,
2005. Similarly, compliant actuators and soft materials introduce delays
and relaxation behaviors that effectively shape the temporal structure
of movement, enabling smoother and more energy-efficient interaction
with the environment Kim et al., 2013; Rus and Tolley, 2015.

These embodied timescales reduce the need for fast feedback loops
or high-frequency computation by allowing the body to act as a low-pass
filter, smoothing inputs and generating rhythmic or oscillatory behaviors
through physical means Hauser et al., 2011. This principle is crucial
in morphological computation, where physical properties substitute for
explicit computation.

In conclusion, the context of Embodied Intelligence, the key distinc-
tion is that time-scale interactions are not just architectural but emer-
gent from physical embodiment. In biological systems—and embodied
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robots—local physical interactions (e.g.: material deformation, passive
dynamics) operate at fast timescales and directly influence higher-level
behavior without requiring centralized mediation. This tight coupling
across time and spatial scales is utilized as a computational and control
resource, not just a structural consequence. Further exploration of these
ideas, including more detailed discussions of cross-timescale interactions,
can be found in Iida and Giardina, 2023.



3
Competing Paradigms and Architectures of

Embodied Intelligence

The attempts to understand biological and artificial organisms as au-
tonomous systems have led to the development of various paradigms
and architectures, each offering unique perspectives. These paradigms
have been explored for different purposes: some focus on mathematical
or simulation models to understand animal behaviors, while others
employ rigorous physics and engineering models to create functional
autonomous artifacts. Regardless of their specific applications, these
paradigms provide valuable insights into the nature of autonomous
agents. In this section, we introduce several representative models that
have been investigated over the years. While this selection is not exhaus-
tive, these foundational approaches can help structure future research
in the field.

This section surveys how Embodied Intelligence is realized in time:
grouping control, physical, computational and collective strategies into
six paradigms: Feedback Control, Sense-Think-Act Paradigm, Behavior-
Based Approach, Mechanical Intelligence, Material Intelligence and
Human Social Intelligence. How these paradigms are interconnected
through different concepts is shown in Figure 3.1.

Robots were initially controlled using feedback control, inspired by
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Figure 3.1: Based on the historical timeline and the emergence of key technologies,
we identified six control paradigms that have shaped the development of Embodied
Intelligence: feedback control, the sense-think-act cycle, behavior-based control,
social intelligence, material intelligence and mechanical intelligence. These paradigms
have been used to implement the concepts shown in grey, such as learning-based
control, robot navigation, collective behaviors and legged locomotion—span multiple
categories and these have sometimes been influenced by more than one paradigm as
well.

biological reflexes and homeostasis. These systems rely on continuous
sensory feedback to correct actions in real time. As tasks grew more
complex, control shifted towards the sense-think-act cycle, which sepa-
rates perception, planning and action into sequential stages—enabling
deliberative reasoning and goal-directed behavior.

This was followed by behavior-based approaches, such as Brooks’
subsumption architecture and Arkin’s motor schemas, which emphasize
reactive, real-time interactions with the environment. These approaches
emerged to address the limitations of centralized planning in dynamic
and unpredictable settings, prioritizing robustness and adaptability over
perfect rationality.

To further reduce computational burden and enable more adaptive,
embodied interactions, researchers turned to mechanical and material
intelligence. These paradigms make use of the physical properties of
morphology and soft materials to offload computation—allowing robots
to exhibit intelligent behaviors through their structure and passive
dynamics alone.

Yet, despite advances in physical intelligence, robots continue to
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struggle with fluid, context-sensitive interactions. As robots increasingly
enter shared spaces with humans, the need for human-level social intel-
ligence has emerged. This includes the ability to infer intentions, read
emotions, coordinate nonverbally and adapt behavior based on social
norms. Social intelligence in robots draws on principles from theory
of mind, affective computing and human-human interaction to enable
intuitive, safe and collaborative engagements.

3.1 Homeostasis and Feedback Control

One of the most fundamental paradigms for modeling autonomous
agents is homeostasis and feedback control Wiener, 2019. This paradigm
draws inspiration from the homeostatic behaviors widely observed in bi-
ological systems. These behaviors enable complex organisms to regulate
their internal states, such as maintaining a stable body temperature in
mammals or ensuring that the number of red and white blood cells stays
within an optimal range. Homeostatic behavior can be modeled using a
feedback control architecture. In this framework, the system maintains a
“target reference state” and monitors deviations from this target. When
a deviation occurs, the system reacts by initiating corrective actions
to restore the target state. Even with this relatively simple approach,
autonomous systems can demonstrate basic self-regulatory behaviors,
enabling them to return to stable conditions after disruptions.

Figure 3.2 illustrates the control block diagram for feedback control
and model predictive control including system-environment interaction.
Similar to traditional feedback control, Model Predictive Control (MPC)
continuously adjusts actions based on sensor data. However, unlike
basic feedback controllers (e.g.: PID control), MPC predicts future
system behavior using a model, optimizing control actions over a time
horizon. Hence solves an optimization problem at each step to minimize
a cost function while considering constraints. In addition to general
components, Prediction Model in MPC predicts the future behavior
of the system over a defined horizon based on current state estimates,
control inputs and known disturbances. It uses system dynamics to
simulate how the system will evolve. Optimizer solves a constrained
optimization problem to find the optimal sequence of control inputs
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Figure 3.2: Control block diagram for A) feedback control and B) Model predictive
control used as an example on control with
the system-environment interaction.

that minimize a cost function (e.g.: , tracking error, energy use) while
satisfying system constraints. Only the first input is applied before
re-solving at the next step. Together, they enable real-time planning
and adaptation, ensuring the system behaves optimally and safely.

This feedback control paradigm can be extended to more sophisti-
cated scenarios. For instance:

1. The system may need to manage multiple combinatory reference
targets simultaneously (Multi-objective control).

2. Certain states within the system may be partially or entirely
unobservable, requiring indirect methods of regulation such as
state estimation using Kalman filter.

3. Goal-oriented behaviors and motion planning can also be incorpo-
rated. In these cases, target reference signals are not static but
dynamically generated or planned, allowing the system to navigate
complex trajectories and adapt to changing environments.

These advanced implementations illustrate how feedback control
principles can go beyond simple regulation, enabling autonomous agents
to engage in more complex and adaptive behaviors. This paradigm
not only explains fundamental biological mechanisms but also serves
as a cornerstone for designing artificial systems capable of robust and
intelligent autonomy.
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Case study: Locomotion

While monkeys display agility in brachiation and cheetahs move with
speed, smoothness, and aesthetic grace, robots have achieved far less by
comparison. Locomotion is one of the most representative research topics
in Embodied Intelligence, which overarches many different paradigms,
as shown throughout in this article. Feedback control is used in many
locomotion robots including wheeled, legged, or any other modes such
as swimming and crawling Geyer and Herr, 2010.

Biomechanics and physical constraints played a crucial role in the de-
velopment of efficient locomotion strategies. This can go back to several
million years where brachiation dynamics was shaped by morphology
(e.g.: , arm length), influencing energy efficiency in swinging motion in
primates Usherwood and Bertram, 2003. Modelling benthic bipedalism,
revealed how simple reinforcement learning and morphology contribute
to efficient aquatic walking gaits Giardina and Mahadevan, 2021. This
can be seen under water, a different medium where scaling laws for
aquatic locomotion Gazzola et al., 2014 highlight how fluid interactions
and body mechanics shape efficient swimming. Hence locomotion ef-
ficiency emerges from the interaction of body structure, environment
a minimal control, a core principle of Embodied Intelligence in both
biological and robotic systems. Embodied intelligence in locomotion
leverages dynamic adaptations, mechanical compliance and energy effi-
ciency. To improve these strategies, gait optimization strategies Kuo,
2007, exploitation of friction mechanics Radhakrishnan, 1998 and elastic
actuators for energy-efficient motion Mettin et al., 2010; Häufle et al.,
2012 have been used. Hopping robots with adaptive stiffness demon-
strate how dynamically tuning leg compliance allows robots to conserve
energy, improve stability, and adapt to varying terrains Guenther and
Iida, 2016; Guenther et al., 2019; Vu et al., 2015.

Embodied intelligence makes use of adaptive compliance, passive dy-
namics and energy-efficient locomotion. Wolf et al., 2015 and Collins et
al., 2015 optimize movement via variable stiffness actuators and unpow-
ered exoskeletons. Heglund and Taylor, 1988; Alexander, 1984; Hreljac,
1993 highlight gait efficiency, while Iida et al., 2008 use spring-such as
biarticular muscles for dynamic walking and running. Intelligence is



36 Competing Paradigms and Architectures of Embodied Intelligence

deeply embodied in physical constraints, adaptive mechanics and envi-
ronmental interactions, shaping both biological and robotic movement
strategies.

Legged locomotion can be considered as a use case of locomotion
and this exemplifies feedback control in action, where sensory infor-
mation is continuously used to adjust motor output for balance and
stability. In both biological systems and legged robots, controllers use
joint angle sensors, force sensors and inertial measurements to regulate
limb trajectories and body posture. For instance, Boston Dynamics’
quadrupeds employ real-time force feedback to stabilize their gait on
rough terrain, adapting foot placement dynamically Raibert et al.,
2008. Similarly, human walking involves proprioceptive and vestibular
feedback to correct for disturbances such as slips or uneven ground
Peterka, 2002. Such systems highlight the hybrid nature of locomo-
tion control—combining continuous limb dynamics with discrete foot
to ground interactions—where state estimation and feedback laws are
critical for maintaining stable gait cycles.

3.2 Sense-Think-Act Paradigm

The Sense-Think-Act paradigm extends the principles of feedback con-
trol by incorporating more advanced algorithms or learning mechanisms
to “think through” the target values for feedback architectures and is
illustrated in Figure 3.3. This paradigm is conceptually associated with
the functions of an animal’s brain, which involves processes such as
memory, representation, decision-making, planning and adaptation to
diverse situations. As tasks and environments grow more complex, so do
the algorithms and learning methods required to manage them Russell
and Norvig, 2016; Arkin, 1998.

A well-known historical example of the Sense-Think-Act (STA) archi-
tecture in robotics is Shakey the Robot, developed at SRI International
in the late 1960s Nilsson et al., 1984. Shakey was one of the first robots
capable of reasoning about its actions and it exemplifies the classical
STA model. Shakey’s operation was structured in a sequential pipeline:
it would first sense its environment using a combination of cameras,
rangefinders and bump sensors. This sensory data was then used to up-
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Figure 3.3: Sense-Think-Act paradigm

date a centralized internal representation—a world model—that allowed
the robot to localize itself and understand its surroundings. The thinking
stage involved complex planning and reasoning. Shakey used STRIPS
(Stanford Research Institute Problem Solver), an early AI planning
system, to generate sequences of actions needed to achieve high-level
goals, such as navigating from one room to another. Finally, in the
acting phase, Shakey would execute these planned commands by issuing
low-level motor instructions to its drive and steering mechanisms. This
architecture allowed Shakey to perform relatively sophisticated tasks
for its time, such as navigating hallways, opening doors and pushing
objects. However, the system was slow and computationally intensive
due to its reliance on a central world model and symbolic reasoning.

At the core of centralized control in the classical Sense–Think–Act
paradigm is the notion of an internal world model Nilsson et al., 1984;
Brooks, 1986. This model encodes the agent’s representation of the
external environment, including objects, states, and predicted conse-
quences of actions. By consulting and updating a single, unified world
model, the control system can plan motor commands, anticipate future
states, and coordinate long-term goals. Such a structure enables sym-
bolic reasoning and complex deliberation, making it a powerful tool in
controlled, well-specified domains.

However, the reliance on an internal world model also exposes
critical limitations. Because all decisions pass through the centralized
representation, any error in perception, prediction, or learned dynamics
can propagate system-wide, leading to brittle behavior. Furthermore, the
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computational burden of maintaining and updating a comprehensive
world model grows rapidly with environmental complexity, creating
inefficiencies and slower reaction times in dynamic, uncertain contexts
Russell and Norvig, 2016. These issues are exemplified by the frame
problem McCarthy and Hayes, 1981, which highlights the difficulty of
deciding what knowledge to update in response to environmental change
without exhaustive enumeration.

From the perspective of embodied intelligence, these challenges reveal
a fundamental tension: centralized control assumes that cognition can
be abstracted away into an internal model, while in practice, behavior
emerges from the continuous coupling of body, environment, and control.
This gap motivates alternative approaches—distributed, reactive, or
dynamical systems—that reduce dependence on global internal models
by exploiting direct interactions with the physical world.

Learning-based techniques also provide important perspectives in
this context. Most mainstream approaches in machine learning and
cognitive modeling—such as convolutional neural networks, deep neural
networks, and reinforcement learning—treat computation as a simplified,
discrete-time input–output process. While this framing has achieved
remarkable success in perception, planning, and decision-making tasks,
it abstracts away the distributed and continuous-time dynamics that are
fundamental to embodied intelligence. These models often operate on
static data or discrete sequences, rather than capturing the rich, ongoing
interaction between body, control, and environment. This contrast
highlights the need for alternative frameworks that integrate learning
with physical and temporal dynamics, moving beyond purely symbolic
or discrete representations Kober et al., 2013; Nonaka et al., 2023.

Hebbian learning explains how neural plasticity supports adaptive
behavior through experience-driven changes in connectivity Gerstner
and Kistler, 2002. In the context of Embodied Intelligence, it pro-
vides a neural mechanism for bottom-up cognition—where learning
arises through continuous sensorimotor interaction with the environ-
ment Pfeifer et al., 2014. This aligns with the principle that cognition
and behavior are shaped dynamically through the body’s engagement
with the world. Complementing this, Hauser et al., 2011 show how
compliant morphologies can simplify control through morphological
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computation. Furthermore Loeb et al., 1999 links reflexive and cognitive
layers in a hierarchical sensorimotor model for adaptive movement.
Together, these works illustrate how learning, embodiment and physical
structure jointly give rise to intelligent behavior.

In human–robot physical interaction, tactile sensing is critical—it
enables robots to perceive contact forces, adapt their responses in real
time, and ensure safe, intuitive, and effective collaboration with humans.
This capability bridges physical embodiment and social interaction,
allowing robots to respond naturally to human touch, gestures, and
shared tasks. Tactile sensing can be considered as a requirement in Em-
bodied Intelligence. Although other sensing technologies are important,
tactile sensing takes a special place in EI as it provides information re-
garding the direct contact between a body and its environment. Schmitz
et al., 2011 and Dahiya et al., 2009 advance large-scale tactile sen-
sors for robots, improving spatial awareness and dexterity. Park et al.,
2012 develop soft artificial skin with liquid conductors, enhancing sen-
sitive touch perception. Sornkarn et al., 2016 explores morphological
computation in haptic sensing, demonstrating how material properties
influence perception. These findings contribute to robotic adaptability
and sensorimotor integration in Embodied Intelligence. Furthermore,
action augmentation in soft-body palpation demonstrates how adaptive
tactile feedback improves robotic sensing, a key principle in Embodied
Intelligence Scimeca et al., 2022.

ASIMO shown in Figure 3.4 has incorporated a sense-think-act ap-
proach through compliant motion control by integrating real-time force
sensing, adaptive control a dynamic balancing mechanisms. It enables
dynamic walking and human interaction. Equipped with cameras, gyro-
scopes, accelerometers, and joint sensors, ASIMO was able to gather
detailed information about both its environment and its own body state.
High-level algorithms were used to plan footsteps, generate walking
trajectories, and decide when to switch behaviors such as climbing stairs,
avoiding obstacles, or greeting a human. Planned motor commands were
transmitted to ASIMO’s actuators, coordinating the movement of its
legs, arms, and torso. Actions were executed according to precomputed
plans, with sensor feedback used for corrective adjustments. At the
same time, its limitations—such as difficulty adapting to unpredictable
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Figure 3.4: A) ASIMO’s hierarchical control mirroring biological motor control,
with reflex-like responses at the low level and adaptive motion planning at the
high level. B) Its control architecture for compliant motion control. It incorporates
feedback control to interact with the physical world dynamically, reinforcing the
embodied approach to cognition. (Adapted from Yoshikawa and Khatib, 2009).

terrain or unstructured environments—highlighted the challenges of
rigidly following a centralized Sense–Think–Act paradigm, in contrast
to later approaches based on distributed, behavior-based, or dynamical
systems frameworks.

3.3 Behavior-Based Approach

The Behavior-based approach emerged as a response to the limitations
of the Sense-Think-Act paradigm Brooks, 1986; Brooks, 1990; Arkin,
1998; Braitenberg, 1986. Inspired by biological systems, which often
react quickly and efficiently without complex central control, this ap-
proach relies on parallel, simpler reaction circuits rather than a single,
centralized world model. It draws comparisons to reflexive behaviors in
animals. For instance, human spinal reflexes—sensory-motor reactions
governed by neural circuits in the spinal cord—can occur in milliseconds
(on the order of 10 milliseconds) and are much faster than more complex
behaviors involving cognitive processes, which can take hundreds of
milliseconds Kandel et al., 2000.

Brook’s subsumption architecture was the first attempt towards
behavior-based robotics Arkin, 1998. This is simply the division of a
robot’s control architecture into a collection of task-achieving behaviors.
Here, higher level layers rely on lower level layers to function or in other
terms, higher level layers subsume lower level ones. Instead of having
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a single sequence of information flow, subsumption architecture will
include multiple- from sensing, perception to action. Behavior-based
control architecture can be simplified and illustrated as in Figure 3.5.

Reflex-based control is another key strategy in Embodied Intelli-
gence for decentralized control. Bekey and Tomovic, 1986 demonstrate
that robotic reflex actions enhance adaptive responses to environmental
changes, reducing reliance on centralized control. Park and Kwon, 2001
apply reflex-based control to bipedal robots, improving stability and
locomotion on slippery surfaces. These works highlight fast, decentral-
ized motor adaptations, crucial for real-world robotic interaction and
autonomy.

Despite their simplicity, reflexive behaviors can achieve much more

Figure 3.5: Subsumption architecture as a behavior-based approach for robot
control. Subsumption architecture is organized in multiple independent layers, each
representing a behavior. New layers can be added later without changing the existing
ones. A layer can inhibit or be inhibited from receiving sensory input, and it can
suppress or be suppressed from producing motor output. each layer is essentially
a reflex-like control unit: it directly maps sensory input to motor output. Higher
layers combine or override lower reflexes to build more complex behavior. This allows
flexible coordination of behaviors while keeping the control structure simple and
modular.
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when combined, structured and coordinated. This is exemplified by
subsumption architectures, which enable complex behaviors such as bal-
ance, walking and payload compensation Matarić, 1997; Brooks, 1986.
These architectures bypass centralized world models, instead leverage
distributed and reactive processes to adapt to complex situations Arkin,
1998. Furthermore, subsumption architectures was the first architec-
ture to fully exploit the principle of parallel, loosely coupled systems.
Similarly, spinal reflexes, muscle-based control, and distributed motor
adaptation operate on the same principle, making them key strategies
in Embodied Intelligence. Pearson, 2000 describe spinal reflex mecha-
nisms essential for adaptive movement. Geyer and Herr, 2010 show that
muscle-reflex models replicate human walking dynamics. Marques et al.,
2014 explore spontaneous motor activity as a basis for coordinated
behavior. Espenschied et al., 1996 demonstrate biologically inspired
distributed control, improving hexapod locomotion on rough terrain
through local reflexes and adaptive responses.

Sensory-motor coordination, active sensing a whisker-based percep-
tion as key strategies in achieving behavior-based perception and control.
Pfeifer and Scheier, 1997 emphasize sensorimotor loops as fundamen-
tal to adaptive behavior. Diamond et al., 2008 and Mitchinson et al.,
2007 show how biological whisker systems integrate “where” and “what”
sensing for environmental interaction. Jung and Zelinsky, 1996, Russell
and Wijaya, 2003 and Yu et al., 2022 advance whisker-inspired robotic
perception, enabling terrain identification, object recognition and rough-
ness estimation for autonomous systems. These examples highlight that
perception in embodied agents is not passive reception but an emergent
property of active, goal-driven interaction—underscoring active per-
ception as a key mechanism in Embodied Intelligence. Lungarella and
Sporns, 2005 introduce the concept of “information self-structuring”,
where embodied agents—whether biological or robotic—actively shape
their sensory experiences through ongoing sensorimotor interactions.
They argue that the continuous coupling between an agent’s body, brain
and environment generates statistical regularities in sensory and mo-
tor data. These self-generated patterns become structured information
streams essential for perceptual categorization, learning and develop-
ment. They demonstrate how these emergent informational structures
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can be quantified using information-theoretic measures (e.g.: , mu-
tual information, transfer entropy) in real-world robotic experiments.
The key idea is that embodiment itself organizes data, creating rich,
learnable input without relying on pre-defined models—thus enabling
developmental learning grounded in the agent’s physical interaction.

Braitenberg vehicles demonstrated how simple architectures can
generate very complex behaviors in the real world Braitenberg, 1986
without cognition. This is shown in Fig. 3.6. By giving a basic “vehi-
cle” just a pair of sensors and a pair of motors, Valentino Braitenberg
demonstrated how slight adjustments (e.g.: crossing wires or altering
sensitivity of the sensors used) can produce behaviors such as or “think-
ing”, yet in real-world settings, they yield actions that observers may
interpret as goal-directed or emotionally driven. This illustrates how
even elementary reactive architectures—when properly linked to physi-
cal sensing and actuation—can exhibit complex, seemingly intelligent
behaviors.

In the framework of Embodied Intelligence, distributed and decentral-
ized control enables intelligent behavior without reliance on centralized

Figure 3.6: Braitenberg vehicles. A) A sensor is connected to the motor and this
determines the speed and the forward motion of the motor. B-C) The vehicle has two
motors and two sensors. Only the connections differ in vehicles 2a and 2b. Vehicle
2a and 2b in the vicinity of a light source. Vehicle 2b orients itself toward the source
while vehicle a orients away from it. Right sensor of a is closer to the light source;
hence gets more light. This stimulates the sensor more; hence the right motor turns
faster. D-E) The sensors in the vehicles modulate the motors through inhibitory
connections. Vehicle 3a turns towards the light source and stops as it gets very close
to the light source. Similarly, vehicle 3b moves away from the source at a faster speed
as it gets away from the light source.
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planning or global representations. This approach is foundational to
collective intelligence, where systems composed of many simple agents
exhibit emergent capabilities far beyond those of individual units.

A prominent biological example is ant colony foraging, where ants use
pheromone trails and local sensing to optimize food collection without
a central commander—demonstrating stigmergy as a decentralized
coordination mechanism Bonabeau et al., 1999. Similarly, bird flocking
and fish schooling exhibit globally coherent motion based solely on local
interaction rules, as shown in Reynolds’ “boids” simulation Reynolds,
1987, underscoring how spatial-temporal coordination can emerge from
simple feedback loops.

Kilobot swarms Rubenstein et al., 2014 and TERMES robots Wer-
fel et al., 2014 showcase how thousands of physically simple robots
can achieve tasks such as shape formation and 3D structure building
using only local sensing and communication. These systems highlight
that intelligence can be encoded in the rules of interaction and the
environment, not just internal computation.

This philosophy is also reflected in behavior-based robotics Brooks,
1991, where control is organized as a set of modular, reactive behaviors
that map sensory inputs directly to motor outputs. Notably, Brooks’
subsumption architecture enabled robots such as Genghis and Allen to
exhibit agile locomotion and obstacle avoidance using no global map or
planning Angle, 1989. In subsumption architecture, each new module
in a robot, e.g: obstacle avoidance, is built on top of existing ones
without altering what has already been implemented. Intelligence in
such systems is emergent from embodiment and interaction, rather than
symbolic reasoning.

The main message from these systems is that intelligence—especially
in complex, dynamic environments—can arise from distributed coor-
dination, local perception-action loops and physical coupling with the
environment. This stands in contrast to centralized AI paradigms and is
especially promising for embodied agents where real-time adaptability
is critical.

The behavior-based approach offers feasible solutions for scenarios
that require faster reaction times and reduced computational or energy
demands, areas where the centralized Sense-Think-Act approach often
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struggles.

3.4 Mechanical Intelligence

The Mechanical Intelligence approach takes simplicity, efficiency and
speed one step further. In this paradigm, physical mechanisms are
used as inherent control systems, reducing or eliminating the need for
active computational control. A classic example is the pendulum-such
as dynamics of legs during walking or running. The natural oscillatory
behavior of legs allows them to swing back and forth with minimal active
motor control, automatically regulating gait patterns and maintaining
stability, even in environments with disturbances McGeer, 1990; Collins
et al., 2005. Mechanical intelligence paradigm is shown in Figure 3.7.

Mechanical intelligence encompasses various types of mechanisms
that enhance physical properties for adaptive functionality:

1. Passive dynamics and underactuated control: Mechanical struc-
tures can generate their own intrinsic mechanical dynamics, be-
cause of the momentum, elasticity, passive motions, that can

Figure 3.7: Mechanical Intelligence Paradigm
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be exploited for various motor functions with significant control
simplicity and energy efficiency Collins et al., 2001.

2. Sensor Morphology: Mechanical structures filter, amplify or con-
vert physical stimuli to suitable signal levels, enabling sensors to
detect stimuli with appropriate sensitivity or within defined ranges
Iida and Nurzaman, 2016. However, depending on the mechanism
and morphology, these can be computationally slower compared
traditional robots.

3. Musculoskeletal over-redundant systems: Mechanical intelligence
refers to how physical structure and material properties con-
tribute to behavior and control. Over-redundant musculoskeletal
systems—such as the human arm, which has more muscles than
strictly needed for joint DOFs—exemplify this. These systems
enhance robustness, versatility and control flexibility by allowing
multiple muscle activation patterns to achieve the same outcome.
This redundancy enables local reflexive control and energy-efficient
movement without centralized computation, aligning it with mor-
phological computation. Over-redundancy contributes by enabling
distributed compliance and task-dependent coordination, where
control is shared between muscles, tendons a neural feedback loops,
reducing the computational burden on the brain Valero-Cuevas,
2009. Thus, it represents a structural substrate for embodied
mechanical intelligence.

Exploring how physical structures, biomechanics and control mech-
anisms shape adaptive motion and evolutionary dynamics in both bio-
logical and robotic systems can open up more paradigms of Embodied
Intelligence. Evolution plays a fundamental role in shaping Embodied
Intelligence by influencing how organisms—and, by extension, intelligent
robotic systems—develop cognition, behavior and physical structures
that are adapted to their environment. Quantitative frameworks have
been introduced for measuring evolutionary rates, highlighting how
biological intelligence evolves through incremental adaptations Haldane,
2022.

The acquisition of embodied skills can be acquired through human
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motor learning in dynamic conditions. The study on the mechanics
of swinging, focusing on how individuals can increase their amplitude
through coordinated body movements Jones, 1919 is a perfect example
for this. By synchronizing movements with the swing’s natural fre-
quency, individuals effectively utilize their body’s dynamics to achieve
a desired outcome, exemplifying how physical interaction with the en-
vironment can lead to intelligent behavior. Compliant leg behavior
explains fundamental walking and running dynamics, demonstrating
how movement is shaped by body-environment interactions Geyer et al.,
2006. Investigations on human balance control using a time-delayed
inverted pendulum model emphasize the role of feedback in stabilizing
movement Milton et al., 2009 where the nervous system employs an
adaptive control mechanism, allowing small deviations to occur and
making active corrections only when these deviations exceed a certain
threshold. This approach highlights a form of passive control that arises
from the interplay between delayed responses and environmental noise.
Simple mechanical systems further contains intricate dynamics that can
include periodic, quasi-periodic and chaotic behaviors Holmes, 1982.

In the context of Embodied Intelligence, appropriate mechanical
design can lead to stable and adaptive behaviors. This simplifies the
requirement of external computation for solutions. Blind Jugglers are
robotic systems that perform juggling without visual or sensory feedback.
Their design relies on carefully tuned open-loop dynamics to achieve
passive stability. Remarkably, they can juggle balls at heights up to 2
meters purely through mechanical timing and coordination, demonstrat-
ing that adaptive control can emerge from exploiting system dynamics
rather than relying on active sensing Fontana et al., 2013. Stability is
achieved through mechanical properties and open-loop control strategies
through careful design of a system’s physical characteristics Reist and
D’Andrea, 2012. The rhythmic feedback control system for a robotic
juggler shows that rhythmic entrainment and mechanical predictability
can lead to Embodied Intelligence Ronsse et al., 2007.

Soft robots, passive dynamic walkers and sensor morphology repre-
sent key pillars of mechanical intelligence: leveraging advanced materials
for adaptability, optimized structures for energy-efficient motion and
embedded sensors for precise feedback and interaction. These aspects
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highlight how physical properties and integration can reduce reliance on
complex control systems while enabling robust, autonomous behavior.
Examples in this context are shown in Figure 3.8A and B.

Case study: Underactuated Systems and Passive Motion

Embodied intelligence benefits from underactuated mechanical systems,
where intelligence emerges from physical constraints rather than direct
control Spong, 2005. Studies have considered human walking as an
energy-efficient inverted pendulum system Kuo et al., 2005 where human

Figure 3.8: Examples of passivity-based control for locomotion robots A) Ranger,
four-legged biped robot developed by Cornell University is a passivity-based bipedal
robot capable of energy-efficient walking (left). Three separate state machines: hip
state machine and 2*foot state machine were used in the robot at the walk controller
level (right). Having multiple state machines in this robot reduced the total amount
of states. Adapted from Cortell et al., 2008 B) CARGO, heavy payload carrying
hopping robot (left). This 30 kg robot can carry payloads up to 150 kg with minimal
adjustments to its open-loop control (right), primarily due to the parallel elastic
actuation system, which uses four robust springs to suspend the load. Adapted from
Guenther and Iida, 2016.
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gait naturally follows passive mechanical principles, an essential concept
for energy-efficient robotic locomotion.

Passivity-mimicking control laws enable bipedal robots to achieve
natural, efficient locomotion Goswami et al., 1997, passive dynamic walk-
ers McGeer, 1990; Collins et al., 2005, low-power reflex-based walking
Bhounsule et al., 2014 and simplified dynamic walking model exist where
intelligent movement can emerge from body dynamics alone Garcia
et al., 1998; Collins et al., 2001. Such systems inform the design of robots
that move in a biomechanically optimal way rather than relying on
computationally expensive controls. These studies collectively show that
intelligence in motion arises from physical properties, passive dynamics
and adaptive control, rather than relying solely on computation.

3.5 Material Intelligence

In the framework of Embodied Intelligence , the role of a robot’s
physical body is not merely passive but actively contributes to its
behavior and control. Materials intelligence refers to the capability of
materials and physical structures to participate in sensing, actuation
and computation—effectively distributing intelligence across the body,
rather than centralizing it in a controller.

This concept is exemplified by three emerging classes of robots:

1. Soft robots: make use of compliant, elastomeric materials to
achieve continuous deformation, allowing them to navigate un-
structured environments and interact safely with humans Kim
et al., 2013. These robots embody intelligence through material
elasticity and distributed actuation, reducing control complexity
and enabling proprioceptive feedback via body deformation.

2. Chemical robots: these robots including edible and metabolically
powered robots, utilize biodegradable, biocompatible materials
or embedded chemical systems for locomotion, sensing, or energy
generation Sharova et al., 2021; Miriyev et al., 2017. These systems
encode function into their material substrate, allowing energy
autonomy or task-specific biodegradability—critical for medical,
environmental and swarm applications.
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3. Bio-hybrid robots: integrate living cells or tissues (e.g.: , cardiomy-
ocytes or skeletal muscle) with synthetic scaffolds to create robots
capable of growth, healing and adaptation Cvetkovic et al., 2014.
These systems blur the boundary between artificial and biological
intelligence, leveraging cellular activity for actuation, control and
learning in ways conventional machines cannot achieve.

Together, these robot classes represent a shift from rigid, centralized
systems to distributed, material-embedded intelligence—redefining what
it means for a machine to be “smart” by design.

Material intelligence paradigm is most clearly exemplified in soft
robotics, where compliant, deformable bodies made from elastomers,
gels, or other flexible polymers enable robots to adapt to unstructured
environments and interact safely with humans Kim et al., 2013. These
robots exploit their mechanical properties to achieve functions such as
gripping, locomotion and shape transformation without complex control
algorithms. For instance, a soft gripper can conform to diverse object
geometries by passive deformation, reducing the need for high-precision
sensing and planning Rus and Tolley, 2015.

Intelligence in soft robotics manifests through adaptive shape, func-
tionality and mechanics, emphasizing responsiveness to environmental
changes via tailored design and computational strategies Kortman et al.,
2024. By harnessing the physical dynamics and properties of materials
and structures, the mechanical intelligence approach enables systems to
adapt their behavior directly through morphology—without requiring
complex control. This form of embodied adaptation allows for faster,
cheaper and sometimes simpler solutions than behavior-based meth-
ods, demonstrating how physical design itself can support intelligent,
real-time adaptation in changing environments.

Series elastic actuators (SEAs) improve force regulation and adapt-
ability in robotic systems Pratt and Williamson, 1995. By integrating
high-compliance SEAs, robotic legs achieve more efficient and robust
locomotion Hutter et al., 2012. In human-robot collaboration, safe phys-
ical interaction relies on compliance and reflex-based control to prevent
injury Haddadin and Croft, 2016. These findings highlight how soft
actuation and controlled elasticity enable adaptive, safe and intelligent
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robot behavior.
Smart materials further extend this idea by integrating actuation

and sensing capabilities into the material itself. Examples include shape
memory alloys, dielectric elastomers, liquid crystal elastomers and
piezoelectric polymers, which respond to stimuli such as heat, light,
or voltage. These materials allow robots to morph, self-heal, or adapt
autonomously—pushing the boundary between structure and function
Miriyev et al., 2017.

Beyond materials, mechanical intelligence—the use of carefully de-
signed passive structures to simplify control—also plays a role. Examples
include spring-loaded joints, bistable elements, or geometrically tuned
limbs that exploit morphological computation to stabilize walking or
enable energy-efficient movement Pfeifer et al., 2007. These mechanisms
reduce computational overhead by embedding intelligence in physical
form.

Together, materials and mechanical intelligence highlight a shift in
robotics from top-down control to distributed, body-centric intelligence.
This not only leads to more robust and adaptive systems but also aligns
with biological principles, where form and function co-evolve.

3.6 Human Social Intelligence

Human social intelligence arises from the interplay between the physical
body, cognitive processes, and societal embeddedness. In the context
of embodied social human–robot interaction (HRI), these same three
dimensions provide a framework for analyzing and replicating humanlike
features in robots.

1. Embodied physical interaction: the physical body plays a fun-
damental role in social interaction. For humans, the body provides
the means to perceive, act and communicate through gestures, fa-
cial expressions and spatial positioning. Physical presence in robots
increases user trust, engagement and the perceived social presence
of the robot Wainer et al., 2007. The robot’s morphology—shape,
size and movement—contributes to its social legibility, making
its actions interpretable to human partners Dragan et al., 2013.
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Embodied interaction supports grounded, real-time exchanges,
where meaning is co-constructed through shared perceptual and
physical contexts Pfeifer, 2006a; Dautenhahn, 2007.
Human social intelligence is deeply rooted in embodied interac-
tions and cultural learning. A fundamental mechanism supporting
this development is imitation learning—the process by which in-
dividuals acquire new behaviors by observing and replicating the
actions of others. Early imitative behaviors are central to the
acquisition of social and linguistic skills, suggesting that human
communication is inherently grounded in embodied social learning
within cultural contexts Tomasello, 2009.
Communication in biological organisms is fundamentally embod-
ied. From facial expressions and gaze to haptics and body posture,
humans use a rich variety of physical cues to convey meaning,
emotions and intent Pearson et al., 2019; Levinson and Holler,
2014. These nonverbal cues are not mere supplements to language
but serve as primary communication channels in many social
situations Fitch, 2000. Similarly, animals such as dolphins, birds
and primates use coordinated motion, gesture and touch to main-
tain social bonds and coordinate group behavior Moreno and
Macgregor, 2019; King and Janik, 2013.
A striking difference in robot-human communication lies in their
respective sensorimotor capacities. Robots can acquire multiple
gigabits of raw sensory data per second via high-resolution cam-
eras, LiDAR and tactile sensors, yet often lack the computational
bandwidth to process this input efficiently and meaningfully in
real time. Conversely, humans process sensory data at a modest
rate (around 1 MB/s), but this input is refined through layers of
adaptive perception, attention and cognition developed through
evolution. Similarly, robot actuators can operate rapidly, generat-
ing outputs at rates near 500 b/s, while human motor output is
comparatively slower. However, the richness of embodied human
actuation—supported by evolved musculoskeletal dynamics and
predictive control—enables expressive, context-aware behavior
that robots struggle to replicate Fitch, 2000; Pfeifer et al., 2007.
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Figure 3.9: Human-Robot Interaction Paradigm

This idea is illustrated in Figure 3.9.

2. Embodied cognition: Cognitive processes refer to the robot’s
internal mechanisms for perceiving, reasoning and responding
in social contexts. This includes social attention, learning, mem-
ory and theory of mind capabilities. For effective HRI, robots
must recognize human intentions and adapt their behavior ac-
cordingly Scassellati, 2002. Mutual predictability in joint actions
arises when robots model human beliefs and expectations, thus
enabling smoother and more natural interactions Dragan et al.,
2013. Grounding robot cognition in sensorimotor interaction cy-
cles enhances its capacity for social adaptation and coordination
Barsalou, 2008; Vernon et al., 2007.
Neurologically, imitation learning described above, is supported
by mirror neuron systems, which activate both when performing
an action and when observing the same action performed by
others Rizzolatti and Craighero, 2004. This shared activation
underpins our ability to infer others’ intentions and emotions—an
essential component of theory of mind. The associative sequence
learning model Heyes, 2010 further explains how Hebbian learning
reinforces these mappings over time, making social perception
more intuitive and automatic.
In robotic systems, communication has historically relied on speech
or text, but recent developments have emphasized the potential
of multi-modal, embodied communication.

3. Societal embeddedness: societal embeddedness concerns the
cultural, ethical and relational dimensions that shape social be-
havior. Humans act within social roles and shared norms; robots
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operating in such environments must navigate expectations around
politeness, authority, group membership and emotional appropri-
ateness Tennent et al., 2019. Social robots gain acceptance by
embodying context-appropriate behaviors and maintaining social
bonds over time Leite et al., 2013. This includes participating
in rituals, respecting boundaries and adapting to shifting group
dynamics Fong et al., 2003; De Graaf et al., 2015.

Together, these three dimensions—body, cognition and society—form
a framework for understanding and designing robots as socially embod-
ied agents. Hence their intelligence emerges not from isolated functions
but from their integration into embodied, cognitive and cultural systems
of interaction.

Over the past two decades, the development of robots has revealed
key insights into what enables meaningful human-robot interaction.
Among them embodiment Wainer et al., 2006; Sirithunge et al., 2023,
context-awareness Breazeal et al., 2016, nonverbal cues Lakatos et al.,
2014, requirement of clear clarity of robots’ role Forlizzi and DiSalvo,
2006, consideration of individual and cultural differences Sirithunge
et al., 2024a; Bartneck et al., 2005 play an important role in developing
capable robots that are accepted for long-term interaction.

Case study: Applications of Embodied Social Interactions

Embodied social cognition in robotics therefore not only enhances
communication efficiency but also opens new avenues for adaptive,
trust-building and resilient interactions in complex environments. By
physically grounding social cues, robots can engage more naturally
with human partners, moving from command-based interaction to fluid,
shared experiences Darling, 2016; Dautenhahn, 1997. Bridging the
human-robot gap begins with abstracting key design principles that
prioritize functional distinction over humanlikeness, fostering ethical
and behaviorally acceptable diversity in social environments Sirithunge
et al., 2024b; Sirithunge and Dahn, 2023.

A recent example for this type of human-robot interaction is “robopa-
tient”, which is shown in Figure 3.10. It allows clinicians or robots to
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Figure 3.10: Example of Human-robot interaction in a robotic patient: RoboPatient.
Adapted from Lalitharatne et al., 2022.

practice diagnosis via palpation. Robopatient is a face-mediated hu-
man–robot interaction system designed to enable remote palpation
through a multimodal, closed-loop interface. The system architecture in-
tegrates four principal entities: a physician, a robopatient, a robodoctor
and a human patient.

The patient’s reactive responses, emerging from complex sensory,
musculoskeletal and cognitive systems, are recorded through high-
resolution tactile sensors embedded in the robodoctor. These high-
dimensional sensory data are relayed to the robopatient, a robotic facial
interface responsible for translating the raw haptic information into
socially and emotionally meaningful expressions. To achieve this, a face
morphable robotic face was used, synthesizing visual feedback through
facial Action Units (AU) based on Ekman’s facial action coding system
(FACS). These facial expressions serve as an embodied communication
channel that bridges the physical experience of the patient and the
physician’s perceptual-motor loop. The physician interprets the expres-
sions of the robopatient in real time, modulating palpation strategies
through an internal model that accounts for context, hypothesis-driven
diagnosis and embodied understanding of human responses. This loop
enables intuitive, fine-tuned adaptation to patient cues despite physical
separation. In addition to serving as universal patients, such robots
enable grounding of physical-cognitive hybrid concepts such as “pain”
and support the study of human embodiment.

Beyond functional interaction, robots are increasingly capable of
expressing immersive art and human emotions Nadipineni et al., 2025.
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Human-robot orchestration in musical performances Schofield et al.,
2024 exemplifies new, affective pathways for connecting with peo-
ple—expanding how robots engage audiences beyond traditional task-
oriented roles.



4
Discussions and Perspectives

This review focuses on the fundamental principles of Embodied Intelli-
gence from the perspective of robotics research. However, it is important
to acknowledge that numerous principles, paradigms and concepts have
not been included in this discussion but have contributed to shape the
study of Embodied Intelligence.

4.1 Biological Principles and Bio-Inspired Robotics: Missing Paradigms
and Cross-Paradigm Architectures

Biology and robotics share a uniquely symbiotic relationship in the
Embodied Intelligence research. Robotics often draws inspiration from
nature to improve technological systems, while engineering methods
in robotics provide novel tools and perspectives for studying biological
systems. This interdisciplinary approach, often referred to as biologi-
cally inspired robotics, underpins the field of bio-robotics, where the
feedback loop between biology and robotics research drives innovation
and understanding. Recent work continues to harness robotics as a
means to investigate biological systems using insect navigation and
sensorimotor systems Lu et al., 2025, primate anatomy Gilday et al.,
2025 and paleontology Ishida et al., 2024.
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While this article introduces a broad overview of Embodied Intelli-
gence for robotics research, it is inevitably incomplete. The principles
and paradigms presented here form a preliminary and evolving land-
scape, not an exhaustive framework.

With the expansion of human-robot interaction, inclusion of “human
factors” plays an important role in the study of Embodied Intelligence.
Humans are different from other animals because of their complex
behaviors, social structures, memory capacity and advanced information
processing. Hence embodiment has a multifaceted role in enhancing
the proactive capabilities of robots Sirithunge et al., 2024b. This area,
termed “Embodied Social Intelligence”, explores imitation learning,
human-in-the-loop control, human-robot interactions and cooperation.
These areas are fundamental to expanding the scope of Embodied
Intelligence research.

Another emerging area of interest is Bio-hybrid Robotics, including
innovations such as Xenobots Pai et al., 2024 in synthetic biology. These
technologies merge biological and artificial systems, offering new per-
spectives on adaptive intelligence. This work extends to concepts such
as “Extended Phenotype”, where intelligence is augmented through
tools and external structures, to entirely new species of bio-hybrid
systems. Such developments could redefine our understanding of in-
telligent adaptive systems. Furthermore, “growing systems”— robots
that physically grow, extend, or reshape their bodies— offer a novel
approach to addressing key challenges in adaptability, autonomy and
environmental interaction. Unlike fixed-morphology robots, growing
systems dynamically change their embodiment, allowing the body itself
to participate in problem-solving.

Unconventional computation models, often referred to as nature-
inspired or natural computing, provide alternative perspectives on how
information can be processed in embodied systems. Cellular automata
are one such example: they treat space and time as discrete, updating the
states of cells synchronously according to simple transition rules. Despite
their simplicity, cellular automata can generate highly complex patterns
of behavior. Conway’s Game of Life Gardner, 1970 illustrates this,
demonstrating computational universality while modeling phenomena
such as communication, growth, reproduction, and evolution. These



4.2. Robotics Complexity Challenges 59

models resonate with embodied intelligence by showing how simple,
locally applied rules can produce emergent, system-level intelligence
without centralized control.

Another form of natural computation is neural computation in
humans and animals. The nervous system integrates perception, action,
and adaptation through continuous sensorimotor loops, rather than
abstract input–output mappings. Although neural computation has
inspired artificial neural networks, in the context of embodied intelligence
the focus shifts to how neural processes are coupled to bodily morphology
and environmental dynamics Clark, 1998; Beer, 1995. Furthermore, the
study of evolutionary systems highlights natural computation across
much larger timescales. Evolution can be seen as a computational process
that “searches” through the design space of morphologies and behaviors,
optimizing agents for survival in dynamic environments Fogel, 2006;
Pfeifer et al., 2007. In embodied robotics, evolutionary algorithms and
artificial life approaches exploit this principle to automatically generate
adaptive, resilient behaviors. However, these remain underexplored in
the field of embodied intelligence.

4.2 Robotics Complexity Challenges

The history of robotics has been marked by progressively increasing
complexity. Early robots, such as mechanical automata Neumann, 1966
and Karakuri Masao, 2001, evolved into systems incorporating electric
motors and sensors, followed by digital control and computation. Despite
this impressive progress, robots today remain far less complex than
biological systems.

Measuring or comparing complexity across systems is a non-trivial
challenge. However, consider that an adult human body contains ap-
proximately 1013 cells, several million times more components than
the most sophisticated man-made systems, such as the Airbus A380
Iida and Giardina, 2023. This comparison highlights the limitations of
current robotics technology.

The theory of Embodied Intelligence posits that intelligence arises
from the interaction between brain, body and environment, emphasizing
physical grounding and sensorimotor coupling as central to cognition
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Pfeifer et al., 2007. This contrasts with traditional AI paradigms that
often rely on abstract symbol manipulation or disembodied data pro-
cessing.

Modern AI—particularly with the rise of large language models
and deep learning—has achieved remarkable success in tasks such
as language, image generation and planning. However, these systems
often lack grounding in physical experience, resulting in limitations
in adaptability, generalization and robustness in the real world Lake
et al., 2017; Brooks, 1991. EI offers a pathway to mitigate these issues
by embedding AI systems in bodies that can interact with and learn
from the environment through real-time feedback loops Mengaldo et al.,
2022.

Combining EI with modern AI leads to embodied AI, where learned
representations are informed by action and perception. For instance,
recent work integrates reinforcement learning with physical simulation
or robotic platforms to train agents that learn behaviors grounded in
physical tasks Andrychowicz et al., 2020. Soft robotics and morphological
computation further enhance this synergy, using the body’s physical
dynamics to offload computation and simplify control Hauser et al.,
2023.

This hybrid approach allows AI to benefit from the evolutionary
efficiency of biological systems while maintaining the flexibility and
scalability of data-driven models. It supports richer models of social
interaction, autonomy and sensorimotor learning in complex, uncer-
tain environments. Furthermore, advancing Embodied Intelligence will
require a significant leap in both technological capabilities and theoreti-
cal understanding to bridge the complexity gap between artificial and
biological systems.

4.3 Implications and Applications

While this article primarily discusses the foundational principles of
Embodied Intelligence , the field has significant implications for real-
world applications. Autonomy and adaptability remain challenging for
conventional engineering approaches. Although recent advances have
been made in areas such as factory automation, autonomous aerial
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and underwater vehicles and autonomous driving, many challenges
remain, especially in tasks that require higher levels of autonomy and
adaptability.

Examples of such challenges include:

1. Specialized vs General-Purpose Systems: A core challenge in Em-
bodied Intelligence is balancing task-specific embodiment with
the flexibility of general-purpose robots. Specialized robots often
achieve remarkable efficiency by tailoring their morphology and
control to a particular task—e.g.: , a soft crawling robot mimicking
a worm’s locomotion. However, such embodiment limits adapt-
ability across diverse tasks. General-purpose robots, by contrast,
require abstract control strategies and adaptable morphologies
that can embody multiple functions without sacrificing efficiency.
Designing reconfigurable or material-adaptive bodies remains a
major hurdle for embodied generality.

2. Human-in-the-Loop vs Fully Autonomous Systems: Embodied
intelligence emphasizes distributed, sensorimotor-driven behavior,
yet achieving robust autonomy without human oversight remains
difficult. While humans can provide adaptive, high-level correc-
tionns, especially in physical HRI, the long-term goal of fully
autonomous embodied systems remains a challenge. Such systems
must sense, interpret and act on environmental cues using their
bodies, often in unpredictable or noisy contexts. Building robots
that can autonomously reorganize their behavior using embodied
feedback—such as humans adjusting gait on ice—is still largely
unresolved.

3. Cyborgs, Synthetic Biology and Inorganic Robots: Each of these
domains proposes different material instantiations of Embodied
Intelligence , yet all face open questions. Cyborg systems grapple
with long-term integration and mutual adaptation between bio-
logical and robotic components. Synthetic biology robots promise
metabolic intelligence, but lack scalability and controllability. In-
organic soft robots excel at passive adaptation but struggle with
autonomy and complex decision-making. Creating physically intel-



62 Discussions and Perspectives

ligent systems that combine the adaptability of biological tissue
with the predictability and scalability of synthetic systems is a
central challenge moving forward.

Beyond the above, several long-term challenges remain in the fol-
lowing research areas.

• Tedious, repetitive tasks in cleaning, washing, or harvesting, which
are still performed by human laborers despite being unfavorable.
These tasks often require context-specific adaptations, fine motor
skills and the ability to function in dynamic, unpredictable environ-
ments—areas where Embodied Intelligence can offer more flexible
and responsive solutions than rigid, pre-programmed systems.

• Unstructured environments, such as forests, construction envi-
ronments, search-and-rescue missions or operations in disaster
zones, where robots must deal with unknown terrain, debris, or
hazardous conditions. Conventional control systems struggle in
these settings, whereas Embodied Intelligence supports robots
that can adapt their movement and behavior in real time, lever-
aging their physical form and sensory feedback to navigate and
act effectively.

• Medical and healthcare applications, where safe and trustwor-
thy human-robot interactions are critical. These include assistive
technologies, rehabilitation robotics, or surgical support systems.
Embodied intelligence enables robots to interpret nuanced hu-
man cues, respond gently and appropriately to physical contact
and operate safely in close proximity to humans—key factors for
acceptance and effectiveness in sensitive care settings.

The principles of Embodied Intelligence offer potential solutions to
these challenges, providing new frameworks for addressing problems that
conventional robotics paradigms have struggled to solve. By advancing
this field, researchers can contribute to developing systems capable
of operating autonomously and adaptively in complex and dynamic
environments.
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4.4 Conclusions

Embodied intelligence offers a transformative lens through which to
understand and design intelligent systems by grounding cognition in
physical interaction, material constraints and sensorimotor dynamics. In
contrast to traditional disembodied AI, the embodied approach reveals
how intelligence emerges not merely from computation but through
dynamic engagement with the environment across multiple scales and
timescales. By integrating mechanical structure, chemical bonding,
biological insight and real-world context, Embodied Intelligence opens
new possibilities for robotics that are adaptive, resilient and energy-
efficient.

Throughout this chapter, we explored foundational principles and
competing paradigms, from feedback control to mechanical intelligence.
We discussed how biological systems make use of redundancy, self-
organization and morphological constraints to simplify control and
enhance adaptability. We also introduced critical concepts such as
the frame of reference problem, intelligence without representation
and the use of distributed architectures and underactuated systems.
These illustrate that complex, intelligent behavior can emerge without
centralized planning, from simple physical interactions alone.

The implications of these principles extend far beyond theory. In
real-world applications—such as autonomous navigation in unstructured
terrain, safe human-robot collaboration in medical settings, or tactile
perception for object manipulation—embodied strategies offer more
scalable and robust solutions than traditional AI pipelines. Moreover,
integrating embodied principles with advances in soft robotics, material
intelligence and deep learning may define the next frontier of autonomous
systems.

Despite these advances, significant challenges remain. Artificial sys-
tems inspired by biological systems demands novel methodologies to
handle complexity, evolution and growth. Moreover, ethical and societal
implications of embodied robots—especially in healthcare, caregiving,
or social environments—require careful, interdisciplinary reflection.

This chapter has outlined the conceptual terrain of Embodied Intel-
ligence from the perspective of robotics research, with an emphasis on
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physicality, autonomy and adaptation. By situating intelligence within
the body and environment, Embodied Intelligence offers a framework
not only for understanding cognition, but also for engineering machines
that think, move and interact as part of the physical world. As robotics
continues to advance, these principles will be critical for designing sys-
tems that are not just capable but context-aware, safe and socially
meaningful within real-world environments.
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