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ABSTRACT

The design of intelligent materials often draws parallels with the complex adaptive behaviors of biological organisms, where
robust functionality stems from sophisticated hierarchical organization and emergent long-distance coordination among a myriad
local components. Current synthetic materials, despite integrating advanced sensors and actuators, predominantly demonstrate
only simple, preprogrammed stimulus-response functionalities, falling short of robustly autonomous intelligent behavior. This
perspective proposes a fundamentally different approach focusing on architectures where material-based intelligence is not pre-
designed, but arises spontaneously from self-organization harnessing far-from-equilibrium dynamics. Such an approach includes
minimal physical models, intrinsically embedding information-theoretic control within the material’s own physics and its seam-
less coupling with the environment. It explores interdisciplinary concepts from material physics, chemistry, biology, and com-
putation, identifying concrete pathways toward developing materials that not only react, but actively perceive, adapt, learn, self-
correct, and potentially self-construct, moving beyond biomimicry to cultivate fully synthetic, self-evolving systems without exter-
nal control. This framework outlines the fundamental requirements for, and constraints upon, architectures where complex, goal-
directed functionalities emerge synergistically from integrated local processes, distinguishing material-based intelligence from
traditional hardware-software divisions. This demands that concepts of high-level goals and robust, replicable memory mech-
anisms are encoded and enacted through the material’s inherent dynamics, inherently blurring the distinction between system
output and process.

1 | Introduction Unlike current synthetic materials, biological systems demon-
strate levels of autonomy and problem-solving capability that
arise directly from their physical substrate [6]. However, emer-

gent “intelligent” behavior in MBI may not necessarily follow

The ambition to create materials that inherently process informa-
tion, learn from experience, and react adaptively—exhibiting
what we term Material-Based Intelligence (MBI)—represents a

grand challenge at the intersection of materials science, physics,
and artificial intelligence [1-3]. This vision draws inspiration
from biology, where complex functionality, from molecular rec-
ognition to organism-level behavior, emerges from intricate, mul-
tiscale interactions within intrinsically “intelligent” matter [4, 5].

the biological analogies.

A critical distinction exists between this emerging paradigm and
traditional machine intelligence. Conventional computing relies
on a strict separation between the algorithm (software) and the
physical substrate (hardware). This abstraction allows algorithms
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to be platform-independent but imposes significant costs: sensory
inputs must be digitized (“de-physicalized”), processed abstractly,
and then converted back into physical action (“re-physicalized”).
This separation, exemplified by the von Neumann architecture,
creates bottlenecks in data transfer and energy efficiency (7, 8].
Furthermore, simulating complex physical dynamics on such
architectures is computationally expensive because the governing
laws must be explicitly calculated rather than physically enacted,
particularly for tasks involving large datasets or the simulation of
complex physical dynamics [3, 8].

We emphasize that these computational costs come together with
corresponding high energy consumption, which puts limitations
on miniaturization and/or the potential for the implementation
of small, independent information processing systems."

Today, this traditional paradigm is also predominantly employed
for simulating conceptual models of neural interaction in the
form of artificial neural networks (ANNSs). This approach, how-
ever, forces a brain-inspired model onto a fundamentally brain-
unlike architecture. The brain itself shows “deep structural dif-
ferences” from a von Neumann machine, an observation noted
by von Neumann himself [9] and later established as a founda-
tional principle of neuromorphic engineering by Carver Mead
[8]. The brain’s architecture avoids the “von Neumann bottle-
neck” by co-locating memory and processing at the synaptic
level, operating with massive parallelism and extraordinary
energy efficiency—consuming mere watts while performing
tasks that require megawatts in supercomputers [8]. Modern
paradigms like memcomputing explicitly seek to overcome this
limitation by designing hardware where the same physical ele-
ments both store and process information, moving closer to
the brain’s integrated structure [10, 11].

Stored-program computer concepts like the von-Neumann archi-
tecture were the solution [9] to overcome the limited accuracy
and reproducibility of computation results by the earlier analog
computers. The fact that (some aspects of) inherently non-von
Neumann neural structures can be emulated by a von
Neumann architecture proves the versatility and universality
of this architecture. While its versatility has enabled the recent,
impressive progress in artificial intelligence, to sustain the “emu-
lation” today, requires dedicated computing farms and large
energy supplies [12]. Here, both feed-forward- and backpropaga-
tion steps need iterative read-processing-write cycles across the
entire memory, where the communication between memory
and processor acts as a bottleneck. Moreover, since stored-
program computers operate (ideally) fully deterministic, artificial
neural networks implemented therein make explicit use of
(pseudo-)randomness when initializing networks weights, dur-
ing training, or targeting statistically distributed outputs - more
generally: when mimicking the statistical nature of nature-
inspired embodied intelligence.

Conversely, Material-based intelligence explores an alternative
route by intentionally blurring or entirely eliminating the hard-
ware-software distinction [13], seeking to overcome the outlined
traditional limitations through the co-location and integration of
functions like memory, and computation directly within the
physical substrate [10, 14]. This approach leverages inherent
physical laws and material properties as computational resources
[15], and may allow to integrate additional features in place that
enable sensing, actuation, and communication. The material’s

structure, its intrinsic dynamics, and its direct interactions with
the environment embody the “program” rather than merely exe-
cuting external instructions on a passive substrate [8]. This con-
cept resonates strongly with morphological computation, where
an agent’s physical form actively contributes to information proc-
essing and control in the context of robotics [6, 15-20]. For
instance, to promote a soft robot’s complex interactions with
the environment or stabilize its locomotion, the programming
of morphological- [21], topological- [22], or chemical reaction
networks can be exploited. This effectively reduces the need
for explicit, step-by-step algorithmic computation typically per-
formed by a separate processing unit, and thereby outsources con-
trol to physical and / or chemical processing. A physical
embedding, which will be discussed in some more detail in
Section 2, allows a computational material system to be deeply
coupled with its environment, influencing and being influenced
by it, enabling a richer morphological and material dialogue than
systems reliant on predefined, low-bandwidth input/output
channels [20, 23]. Biological systems often exemplify this pro-
found integration: high-level neural control might select a
dynamic regime (e.g., a walking gait, which can be viewed as
an attractor in state space), while the intricate physics of the
musculoskeletal system handles low-level stabilization and
adaptation to minor environmental perturbations [6, 24].
Single-cell organisms are an excellent example of integration
of memory, sensing, actuation, and computation. The training
of complex motor skills in biology inherently involves adapting
both neural pathways and the body’s mechanical response char-
acteristics [25].

Contemporary research is advancing toward MBI along three
convergent vectors, which we detail:

» Embodied Action and Morphology: Using soft materials and
mechanical design to achieve adaptable locomotion and
manipulation with minimal central control (e.g., soft robot-
ics [26, 27]).

« Embodied Memory: Engineering materials that store
information in physical state variables, such as shape-mem-
ory polymers [28] or non-equilibrium polymer conforma-
tions [29].

« Embodied Information Processing: Developing substrates
that compute via local physical laws, such as neuromorphic
nanowire networks [11] and iontronic devices [30].

These efforts, while promising, often exhibit fragmented charac-
teristics and they are far from the integrated, autonomous nature
of biological cognition. While implementations using active pol-
ymers [27, 31] or memristive networks [10, 32, 33] may show
some decision-making [34], actuation [35], or memory capabili-
ties [36-38], they frequently rely on external programming or
control [39, 40], respond primarily to specific, predefined inputs
[41, 42], and possess limited internal adaptability or capacity for
autonomous self-improvement [43-46]. This points to the need to
move beyond merely combining predefined functionalities
within a single material under external control and to explore
architectures emphasizing autonomy and self-regulation emerg-
ing directly from local component interactions. While exploiting
physical dynamics (morphological computation) is powerful [16],
achieving higher intelligence likely requires integrating this with
internal feedback, adaptive memory that is actively shaped by the
system’s experience, and intrinsic information processing. For
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example, in “Natural Induction,” a physical network’s structure
is modified by the stress of sub-optimal states, creating a memory
that biases future behavior towards better solutions without
external reward [47]. This form of goal-directed memory, where
the material learns from its own history to improve performance,
represents a critical step beyond simple responsivity.

A defining feature of Material-Based Intelligence is that the phys-
ical dimensions and timescales of the system are not merely engi-
neering constraints, but are fundamentally constitutive of the
computation itself. This is a direct consequence of embedding
the algorithm into the physics of the substrate. For instance,
the time required for a computation is often limited by the physi-
cal propagation speed of information through the material,
which could be the speed of a chemical reaction front [48],
the diffusion of ions [30], or the propagation of a mechanical
wave [45]. Similarly, the minimal physical size of the system
is often dictated by the complexity of the problem it must solve;
a material designed to solve a maze must, in some sense, be large
enough to represent the maze’s state space [49].

This stands in stark contrast to, for example, conventional
computing. While a conventional system also has physical limits
(e.g., transistor size, clock speed), these parameters are engi-
neered to be as universal and problem-agnostic as possible.
The time a conventional computer takes to solve a problem is
an abstract measure of algorithmic steps, not the physical dura-
tion of a process like diffusion across a specific distance. For an
MBI system, the computation time is that physical duration. The
“algorithm’s” time step is a physical relaxation time. Therefore,
in MBI, the relationship between the task, the time required, and
the physical size of the system is not an indirect engineering con-
sideration, but a direct, physically determined, and often insepa-
rable property of the intelligent matter itself.

Defining the minimal size of the system requires considering
both its capacity for memorizing and learning. By a number
of n constituents with state variables x, a total number of distinct
states that can be memorized is defined by the n-dimensional
integral over the state space with reference to the accuracy Ax
at which states can be distinguished (falling back to 2" in case
of binary discrete memory entities). In a dynamical system, in
principle, memory can be distributed in time in terms of temporal
states, x(t). Learning capacity is a complementary measure that
defines the ability to translate between memorized states and
coordinated responses or associated memory patterns. It requires
to recognize or produce correlated memory states and depends
on an efficient mediation of between information and its
abstracted and ordered representations. Hence, while the mem-
ory requirement scales the minimal system size according to the
information density, learning capacity depends foremost on the
coordination between memory entities. Inspired from a connec-
tionist’s view in context of biological neural network: If we define
a cognitive process as being the result of a number n. of commu-
nication steps between a set of constituents at a distance d in
space, a rough estimate for the processing time can be given by
Ne[7qa+Tintern], Where 74 is the propagation time and iy, is inter-
nal activation time.

The prevalent theme in many current “smart” materials remains
responsivity: a property changes predictably upon a specific input
[42], like shape changes with electric fields in nematic liquid crys-
tals [50, 51], stiffness changes with temperature in phase-change

composites [28, 52], or optical signals from mechanical stress in
self-reporting polymers [53]. These systems react, often passively,
e.g., through simple thresholds, based on external triggers. They
mirror still the conventional computing approach by reducing
general computation to simple building blocks (logic gates in com-
puters and similarly simple modules in materials) and thus they
generally lack: (1) complex local computation beyond simple pre-
defined thresholds [41, 54]; (2) robust flexibility via dynamic self-
organization instead of relying solely on fixed, engineered geome-
tries [55, 56]; (3) autonomous self-improvement without external
control or continuous retraining loops [45, 46, 57]; and (4) an
active memory that shapes future computations, rather than
merely recording past events as a final output [29, 58, 59].

Thus, the transition toward MBI exhibiting a broad characteris-
tics of computation involves fundamental changes along several
interdependent dimensions. First, we have to move from relying
only on centralized, global feedback coupled with external com-
putation, e.g., mechanical logic gates [43, 60], physical networks
trained with external back propagation [61, 62] or by physical
reservoirs where only a software-based readout layer is trained
[63, 64], to intricate local feedback mechanisms to intricate local
feedback mechanisms. Concretely, this requires replacing exter-
nal error-correction loops with substrate-intrinsic learning rules,
such as local Hebbian plasticity in memristive networks [65] or
physical equilibrium propagation [66], demonstrating “coupled
learning” where the circuit learns by minimizing instantaneous
power dissipation locally or “natural induction” [47] where a
mechanical network learns to solve problems by viscoelastic
relaxation over time. Furthermore, replacing software readouts
requires materials with intrinsic thresholding and amplifica-
tion—such as chemically fueled reaction-diffusion waves [67]
or snap-through instabilities in mechanical metamaterials [68]
allowing the material to “decide” and “act” based on the compu-
tation results directly.

Second, we must move beyond preprogrammed optimization for
fixed tasks. A hallmark of true MBI is the capacity for intrinsic
adaptation, where the material itself reconfigures its response to
solve novel or unforeseen environmental challenges without
external reprogramming. We point out, however, that the line
between “pre-programmed” and “adaptive” is a matter of per-
spective. For example, a chemotactic oil droplet is not pro-
grammed with an explicit algorithm, yet its self-propulsion
emerges from a deep interplay between its internal chemistry
and external physical gradients, allowing it to navigate complex
environments in a highly flexible manner [69-71].

Third, the hallmark of conventional hardware-software separa-
tion should be replaced by a design that exploits the specific phys-
ical dynamics of the system. This deep embodiment often comes
at the expense of the universality found in abstract computation,
creating specialized, “arational” systems whose intelligence is
bound to their physical form [72]. A key design dimension in this
paradigm is the degree of determinism in the material’s response.
This dimension creates a spectrum of cognitive strategies. At one
end, highly deterministic and reliable dynamics are ideal for
robust control and logic, a principle we explore further in the
context of multistable and ordered systems (Section 4.1).
At the other end, systems with high susceptibility to stimulus pat-
terns and inherent stochasticity are better suited for generaliza-
tion and creativity, a strategy exemplified by systems operating
near criticality (Section 4.3). This spectrum also forces us to
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refine our notion of agency: a material system can be causally
responsible for its output without being accountable in a symbolic
or moral sense, a distinction crucial for defining the goals of
autonomous MBI

Fourth and finally, the discrete modes of operation where feed-
back, learning, and training are distinct from the operational
mode must be replaced by a continuous simultaneity and inte-
gration of information processing and learning. This comple-
ments toward an integration in space and time domain. For
MBI to emerge, systems must, consequently, exhibit characteris-
tics where (i) the environment is a deeply intertwined participant
through rich physical interaction, with information flow directly
influencing, and being influenced by, the material’s body
[13, 20, 23]; (ii) the behavior must be governed by cycles of intrin-
sic physical feedback, where the material’s internal state and its
actions cyclically influence each other across multiple timescales,
enabling autonomous self-regulation [47, 73]; and (iii) informa-
tion is not merely transferred, but processed and interpreted
autonomously by the material itself to modulate its future behav-
ior based on emergent goals and its history, drastically reducing
reliance on centralized, external computation [49, 74].

To achieve this shift from simple responsivity to genuine intelli-
gence, a system must incorporate its own history into its present
dynamics. This is not a matter of recording the full past but of
maintaining a fading memory where recent events are weighted
more heavily than distant ones [64]. Crucially, this memory must
be active, not passive. A passive memory, like a scratch on a surface
or the ruptured microcapsules in self-reporting polymers [41, 53],
merely records an event. An active memory, in contrast, is a
dynamically maintained physical state that actively participates
in and shapes the system’s future computations and actions. It
is an inseparable, evolving component of the material’s ongoing
processes.

Excellent examples of active memory are found across different
substrates. In biological systems, the methylation level of bacterial
chemotaxis receptors serves as a short-term memory of past ligand
concentrations, actively tuning the cell’s present sensitivity [75]. In
synthetic materials, the history-dependent ion distribution in an
iontronic memristor actively modulates its current conductance,
enabling synaptic-like plasticity [30]. In theoretical models, the
adapted natural lengths of viscoelastic elements in a physical net-
work act as a memory of previously found solutions, actively bias-
ing the energy landscape to make future problem-solving more
efficient [47]. Integrating such active memory is the key to imple-
menting the complex local (and emergent long-distance) feedback
loops necessary for genuine self-organization and adaptation.

Here we formalize the operational definitions and physical
requirements for MBI. We argue that genuine intelligence in
matter requires (i) deep environmental coupling where informa-
tion flow physically alters the material; (ii) intrinsic physical
feedback loops enabling self-regulation; and (iii) autonomous
information processing where the material interprets and acts
upon information to achieve emergent goals. We provide a glos-
sary of key terms (e.g., active memory, frustration, self-organiza-
tion) in the Supplementary Information to clarify these concepts.
By exploring theoretical frameworks like “Natural Induction”
[47] and experimental pathways in active matter and neuromor-
phic systems, we outline a roadmap for realizing materials that
do not just compute, but think through their physics.

2 | Manifestations of Material-Based Intelligence

We regard the distinction between machine-based and material-
based intelligence not as a mutually exclusive choice but as the
respective ends of a spectrum characterized by the degree to
which one can clearly distinguish between hard- and software.
Before we discuss this spectrum (illustrated in Figure 2), we
exemplify machine- and material-based intelligence with respect
to a conventional “device,” i.e., a controlled system that uses the
results of computations for some purpose, e.g., the control of
actuators and sensors or other means to interact with the physi-
cal world.

To be more concrete, we analyze an idealized embodied agent
controlled by a conventional digital computer (hardware), as
depicted in Figure 1. In this standard architecture, the computa-
tion required for control is performed based on an abstract, sym-
bolic representation of reality. This is achieved by converting
continuous, real-world sensory data into discrete bit sequences
and processing them in discrete time steps using some formal
language (software). A key feature of this paradigm is the abstrac-
tion from the underlying hardware; the specific physical dynam-
ics of the hardware are rendered irrelevant to the computational
outcome. This separation ensures that a program (software) is
portable and can run on any compliant machine. Note that this
twofold de-physicalization, namely the computational treatment
of a symbolic representation of reality with a symbolic or formal
language, has to be followed by an according re-physicalization.

computing machine

symbolic state at t » symbolic state at t + At
symbolic actuator commands
domain
sensory input physical
domain
engineered design
Action embodied embodied o

agent > agent
»hoise*

FIGURE1 | The conventional control architecture and its separation
of physical and computational domains. Conventional control architec-
ture of an embodied agent, i.e., a controlled system that performs some
actions in the physical world. Such an agent requires at least a twofold
separation or encapsulation of physical dynamics and control. First, the
computing machine including its communication channels with sensors
and actuators establishes an interface between abstract and portable algo-
rithms and the computing hardware. The according flow of information is
depicted by the vertical and the topmost arrows. The reduced thickness of
the vertical arrows visualizes the fact that the sensory bandwidth is still a
bottleneck in control. The centered flow of information (decorated with
the term “engineered design”) represents the part of the control that is
facilitated by proper planning and design. Thirdly, there is what we call
noise in this context, i.e., the information flow resulting from external
influences (which are not necessarily known in all details.) Those parts
of the dynamics that are related to the (known) engineered design are
modeled, whereas noise stands for the unmodeled parts. Note the impor-
tance of a de-physicalization of sensory input and the re-physicalization
of the result of computations with control purpose by actuators. This de-
and re-physicalization is a characteristic feature of systems with a clear
separation between hard- and software and may be obsolete in material-
based intelligence (figure adapted from [18]).

4 of 18

Advanced Intelligent Systems, 2026

85U8017 SUOWIIOD BAEa.D 3|t (dde au Aq peusenob afe Ssolle O 8sn JO S9N 10} AeiqiT8ul|uO /8|1 UO (SUORIPUOD-PUB-SWISHW0D A8 | 1M ATeIq 1 BU1|UO//:SANY) SUO RIPUOD Pue Swid 1 8y} 89S *[9202/70/T0] U A%eiqiT8uluo A8|IM @lzeuB A 1eas0- D @ISRAIUN AQ 0SYTOSZ0Z ASB/Z00T OT/10p/LLoo" A8 | 1M ARe.d 1 jpuluo"psoueADe//sdiy Wwouj papeojumod ‘0 ‘L95k0r92



. . (quantum) Turing machine
neuromorphic computing digital computer (@)

A . . . artificial neural networks
intelligence  brains ®

immune system optimization line evolutionary optimization
. gate based quantum computer .

push down automata .
technological line

elle o quantum annealer

. protein synthesis programmab “\\\\\\\l
intelligent, er
morphological computation al

ri
: - W
® ic. spider ebs, soft robots) W i
(@i Bl w N mtelhgence finite state machine .
(bio-)evolutionary line
: artificial cells
homeostatic system @ e mathematical / formal line

. ‘ electromechanical controller

.t | multipurpose tool math. function .
00|

>

separation hard/software

importance of
embodiment

portability
abstraction

FIGURE 2 | The landscape of intelligent systems and the vast land for material-based intelligence. This schematic maps different forms of intelligence
onto a design space defined by two key axes: the degree of hardware-software separation (horizontal) and the breadth of problem-solving capability (verti-
cal). Distinct lines of development traverse this landscape. The mathematical/formal line (purple) illustrates increasing computational power within a
paradigm of high abstraction and hardware independence. The (bio-)evolutionary line (green) shows how natural systems achieved sophisticated cog-
nitive capabilities (e.g., cells, immune systems, brains) while maintaining a deep integration of information processing with their physical bodies. This line
defines a trajectory deep into the high-integration, high-functionality quadrant. The technological line (red) and a branch, the optimization line
(magenta) charts the development from embodied tools to electro-mechanical systems, before making a significant leap to abstract digital computation,
thereby leaving a conceptual “gap” in the development of highly capable yet physically integrated systems. The jump from analog controllers to machines
capable of various degrees of formal computation is wide, and consequently, the line connecting them is dashed. Material-Based Intelligence (MBI) is
positioned to fill this gap, aiming to engineer systems that exhibit complex, autonomous functions directly through their physical structure and dynamics.
This paradigm sits at the intersection of biological inspiration and a new technological frontier, leveraging the principles of embodiment over pure abstrac-
tion. There are outliers not covered by lines in this diagram. As a prominent example, we noted protein synthesis. Although it relies deeply on the details of

physics and chemistry, the process can produce a combinatorially rich number of outcomes in a programmable manner.

In more detail, the information flows in the embodied agent can
be understood by considering three distinct pathways:

First, the primary control loop (vertical up, top, and vertical
down arrows) involves a translation between the physical and
computational domains. Sensory data from the environment is
first de-physicalized into a discrete, symbolic representation that
can be processed using a symbolic language that runs on a com-
puter. Importantly, the details of the physical dynamics of the
computer hardware are irrelevant to the outcome. After some
result (e.g., a decision) has been computed, the resulting com-
mands are re-physicalized back into physical forces and motions
via actuators. These translation steps are technologically
demanding and often create a significant bottleneck, limiting
the bandwidth of interaction with the world.

Second, a significant part of the agent’s success comes from its
engineered design (center arrow). The goal of good engineering
is to facilitate control by equipping the machine with a dynamics
that is self-stabilizing and predictable. For example, in aviation, a
training plane is designed for “good-natured flight behavior” to
simplify the pilot’s task. This deliberate simplification, while
ensuring reliability and controller portability, represents an
abstention from exploiting the richer, more complex dynamics
the physical hardware might naturally possess.

Third, the model includes noise (bottom arrow), which represents
all unmodeled physical interactions, from external perturbations
to incomplete knowledge about the device itself. In conventional
robotics, the goal is to minimize the impact of this channel.

A key promise of Material-Based Intelligence is to render the sep-
aration between these channels, particularly the primary control

loop, obsolete. By embedding computation directly into the
rttpdelmaterial’s dynamics, MBI aims to eliminate the costly
de- and re-physicalization steps and harness a much broader sen-
sory bandwidth, moving intelligence from the abstract controller
into the physical body itself.

In conventional devices, control is dominant and mainly exerted
by general-purpose computing machines. We claim that the spec-
trum of machine- and material-based intelligence offers a whole
range of systems. Figure 2 shows our approach to organize them.
The two-dimensional figure spans the spectrum of hard- and soft-
ware separation (horizontal axis) and capability to handle classes
of tasks (vertical axis). We identify the term “intelligence” with
the size and complexity of these problem classes. We include bio-
logical systems, because we are interested in the interplay
between algorithmic and physical information processing,
thereby interpreting the term “machine” broadly. In addition,
we don’t discriminate between technological systems that are
designed and constructed for a purpose by engineers and biolog-
ical systems that use their functionality (reproduction and hered-
ity being major ones) to maintain themselves and are subject to
evolution.

To give a better understanding of the intentions motivating
Figure 2, one can analyze its boundary cases, i.e., the corners
of the figure. The lower left corner represents physical objects
without any intended or evolved functionality, e.g., a random
rock. The upper left corner stands for an object with comprehen-
sive cognitive and computational functionality based entirely on
physical embodiment but without any form of programmability.
It is hard to conceive such an object. One could think of it as
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some form of immense implicit hash table that responds to every
possible input with an appropriate output. The content of this
(implicit) hash table would be immutable and unstructured.
The lower right corner stands for abstract statements without
free variables, e.g., “1+1=2". Finally, the upper right corner
represents a maximally general algorithmic framework, here
represented by a Turing machine or any general-purpose pro-
gramming language that can emulate a Turing machine (e.g.,
Python, C, etc.). According to the Church-Turing hypothesis,
a Turing machine (or an equivalent) encompasses every effec-
tively calculable function; for a thorough, but nontechnical dis-
cussion, see [76].

The figure is structured by a number of “main lines”. On the
right-hand side, we have mathematical reasoning through hier-
archies of formal languages. Such languages enable purely algo-
rithmic, hence machine-agnostic solutions. The primary purpose
of formalization is to eliminate dependencies on computational
devices and achieve maximum separation between algorithms
and the physical processes that realize them. Therefore, the
mathematical/formal line is on the right of Figure 2 and vertical
(implying no dependence on material dynamics). It depicts the
abstract automata models of the different types of grammars
according to the Chomsky hierarchy [77], conventionally used
in computer science.

The opposite, left end of the spectrum represents systems with a
functionality that is completely embodied and therefore not por-
table at all. The lower left corner is the starting point of the bio-
evolutionary line. This end of the spectrum contains systems,
which, at their core, intrinsically master tasks and solve problems
through the direct exploitation of their inherent material physics
and dynamics, operating without reference to any externalized
process or state information in the form of software and memory
(Figure 2). Such systems are inherently “arational”; their behav-
ior, while functional, may not be easily described in a formal lan-
guage or be reducible to a simple algorithm, much like the
procedural knowledge involved in riding a bicycle (most individ-
uals know how to ride but lack a language-based description for
transmission) or the emergent decision-making of a trained arti-
ficial neural network that often defies direct explanation [72, 78].
This lack of a language-based description but physically embod-
ied control can limit portability, but it offers at least two profound
advantage: First, in contrast to program code, which must explic-
itly encode all physics needed, material-based intelligence acts
already based on physics, implicitly using all underlying physical
laws without the need for explicit instruction [15, 18, 79]. Second,
MBI does not require a translation of sensory signals into some
form of representation or of results into commands for actuators
(see Figure 1). This is not so much a time issue or a question
about computational complexity, but, for example, for the control
of complex molecular reactions (e.g., in a cell), it is simply not
possible to measure and control the position of molecules. But
in an embodied system, one can invoke the interplay between
reaction, diffusion (in potentially nontrivial geometries), and ste-
ric configurations for the orchestration and control of life-like
chemistries [80-82].

Biological evolution has produced systems where form and func-
tion are deeply intertwined; from mechanistic single-celled
organisms maintaining homeostasis [75] or exhibiting simple
memory through ionic shifts [83], to complex multicellular col-
lectives self-organizing without a central blueprint [84, 85] or

displaying robust morphogenetic problem-solving to restore tar-
get anatomies [4, 5]. The bio-evolutionary line in Figure 2 starts
on the left (complete dependence on the dynamics of the embed-
ding system), but is gradually bending toward the right. This is
because some of the activities of the brain can be regarded as
“software”. Although brains are not programmed, they can be
taught general problem-solving procedures, such as methods
for adding numbers, playing chess, or cooking by following a rec-
ipe. We placed complex, evolved networks high up on this line.
By such networks, we understand all sorts of compositions of
interacting nodes, ranging from chemical networks [86], over
neuromorphic networks of nanowires [54], random boolean net-
works as models of cellular/genetic regulation [87] or networks
in social contexts [88, 89] and material science [90]. It may be
debatable to what extent such networks exhibit a distinction
between hard- and software. Note that, e.g., in the case of an
organization, the nodes can be identified with individuals and
the edges with their connections/communication lines. Some
management approaches favor a setting where nodes and edges
are decoupled, meaning that positions are independent of indi-
viduals. In the real world, this is rarely the case; the personalities
of individuals play a crucial role in the functioning of an organi-
zation and constitute a considerable part of the implicit knowl-
edge stored in a network.

With regard to the degree of determinism or traceability, the
degree of decision-making responsibility, and the susceptibility
to new situations, network nodes and subsystems may populate
different domains. The interplay of these aspects can be illus-
trated by coming back to the example of the cyclist. The brain
of the cyclist holds the responsibility for deciding where to ride
and react on traffic situations. At the other end, the cyclist’s legs
are complex, integrated subsystems that exhibit foundational
aspects of material-based intelligence. For instance, intrinsic
mechanical responses are accompanied by finely tuned muscular
reflexes in order to stabilize joints—most prominently the knee
joint. Intrinsic mechanical response is provided by ligaments,
menisci, and bone tissues and deliver an important contribution
to stability, by encoding a potential energy landscape in the rela-
tively low-dimensional angular space of the knee. The corre-
sponding subsystem has a high degree of determinism and
reliability with respect to the stability target. The next higher
processing level is contributed by finely tuned neuron-mediated
muscular reflexes triggered by mechanical receptors in the peri-
articular tissues. Here, the responsibility is widened toward
mediating between mechanical state information, the current
overarching and purposed muscle action, and additional tactile
external stimuli that are combined toward a decision of “firing”
at the responsible synapses for triggering stabilizing muscle
action. In this case, communication is neuron-mediated. The
next higher level of coordination mediates between the cyclists
decision, where to go, the balance information from the vestibu-
lar system, tactile response, and a meaningful muscle action
across the whole body. Different cyclists may share action pat-
terns and the cerebellum shows convergence in the solution
of the bicycle balance responsibility. However, like in artificial
neural networks, the processing state and results are not trace-
able or within a symbolic language.

The immune system is another example of an information proc-
essing biological entity. Since the seminal work of Perelson
[91, 92], the (adaptive) immune system is also regarded from
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an information-theoretic perspective. This viewpoint became
even more important, since Matzinger [93] presented a theory
in which the immune system is viewed as more than an enumer-
ation of non-self epitopes. Matzinger’s work also stimulated dis-
cussions in the context of morphological computing [94], where
an engineering perspective was adopted to plausibilize the (still
hypothetical) interaction between the molecular immune system
and the brain. In short, the immune system collects information
about what goes wrong on a chemical level, the brain and nervous
system complement this with information about where and the
context. Whether or not this information is indeed linked is
unknown, but it would certainly be sensible if evolution had devel-
oped a way to do so and engineers certainly would consider it.

Recent developments investigate the possibility of understanding
aspects of the immune system in terms of perceptrons [56]. It is
important, however, to realize that the term “perceptron” has to
be taken in terms of a data structure and not a material realiza-
tion of some form of neurons. The perceptron is regarded as a
versatile data structure that has found different realizations in
biology, probably because, despite its simplicity, it offers a broad
range of possibilities for evolutionary fine-tuning. In addition,
this data structure is already of value as a single instance and
can be used to set up complex networks. Therefore, a major ben-
efit of perceptrons, independent of their implementation, is that
they offer a, in some sense, smooth landscape for evolutionary
progress.

The line of technological development, while driven by the
success of computational technology and the clear division of
labor between programmable controllers and passive sensors/
actuators, exhibits two branches. There are classical computers
controlled by algorithms which have a syntax and semantics.
From these computers, we distinguished evolutionary or optimi-
zation approaches, in Figure 2 with artificial neural networks as
their endpoint. Classical approaches are on an ascending line,
going from left to right. More division between hard- and soft-
ware coincides with more computational power.

A note on the now growing field of quantum computing might
be in order here. Although in theory, quantum Turing machines
are computationally equivalent to classical Turing machines
(although there are several subtleties to observe, see, e.g.,
[95]), today’s gate-based quantum computers are still far less
powerful than their classical counterparts. The technologically
already relatively advanced quantum annealers are not Turing
complete, but work only on a specific class of optimization prob-
lems, namely quadratically unconstrained binary optimization
(QUBO), and are therefore positioned below more general,
e.g., gate-based, quantum computers. The mechanism underly-
ing quantum annealers relies heavily on the details of physics
(e.g., with respect to the adiabatic theorem). For a detailed dis-
cussion, see [96]. The left (and lower) part of the technological
line accounts for simple tools or devices that, depending on their
mechanical or electrical configuration, may serve multiple pur-
poses. The functionality of these systems is basically given by
their physical dynamics. There is a considerable conceptual gap
between configurable tools and programmable machines. It is
this gap that shall be bridged by material intelligence.

Evolutionary or optimization approaches are on a line starting
from digital computers and going to the left. At first glance, this
may look strange. However, optimization procedures have to be

regarded in terms of a “master algorithm” with (at least) two lev-
els of software [97]. To explain this point, we take artificial neural
networks as an example. The network (which can be executed on
a conventional computer or on an often partly analog, neuromor-
phic device, see, e.g., [98]) consists of components that are well
understood and, in the case of an implementation on conven-
tional hardware, are operated by conventional software. How-
ever, the functionality of the neural network is determined by
weights (and some other parameters). These weights are the
result of a learning process. Although the learning algorithm
itself is written in some programming language (and often quite
easy to interpret), the weights have no direct interpretation. It is,
in fact, on a functional level, hard to say what a neural network
does and why it works. The actual software of a neural network
sometimes includes billions of parameters. These parameters can
be numbers (in which case they take effect through software run-
ning the network) or details of the physical setting (in the case of
neuromorphic computing). In the latter case, the physical details
of the implementation become relevant, and that justifies the
direction of the optimization line. In general, we have to distin-
guish the process to be optimized and the optimization algorithm
itself. The optimization of a parameterized process can be
achieved with a transparent algorithm. The latter is usually quite
independent of the process to be optimized (which may itself be a
piece of software, but can also be a technological artifact).

Note that Figure 2 does (of course) not capture all controlled pro-
cesses one observes in nature or technology. As an example, we
give one prominent case, which seems to be sporadic with respect
to the different lines we have drawn: protein synthesis. Protein
synthesis is code-based with respect to the primary structure (the
sequence of amino acids). However, the secondary and tertiary
structure of proteins is the result of folding (for a discussion
of the importance of this fact in the context of the origin of life,
see [99]). Protein folding depends strongly on the details of the
involved molecules and their interaction with the environment;
this example highlights the complexity of cleanly separating
hard- and software in advanced information processing systems.

Based on these considerations and integrating knowledge about
various material systems, we propose two complementary view-
points for MBI: one emphasizing its architectural foundation and
another describing its functional manifestations.

2.1 | Aspect 1: Architectural Foundation of MBI

Aspect 1 Architectural Foundation

Material-Based Intelligence (MBI) fundamentally
describes information processing systems where the
principled architectural separation between a passive
physical substrate (hardware), discrete data storage
units (memory), and abstracted information processing
units (software/algorithm) is intentionally minimized
or altogether absent [10, 13, 14].

In contrast to conventional machine intelligence, which relies on
the physical separation of memory and processing and incurs sig-
nificant energetic and temporal costs from data transfer (the von
Neumann bottleneck) [7, 8, 100], MBI systems inherently per-
form computation, control, sensing, and memory operations
directly through the intrinsic physical dynamics of the material
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itself. Information in MBI is not stored in separate memory banks
but is encoded within and processed by the material’s evolving
state variables (e.g., molecular configurations [29], structural
arrangements [49], chemical concentrations [101], defect pat-
terns [51], or stress distributions). Processing occurs via the
dynamic, in general nonlinear, evolution of these states, gov-
erned by local interaction rules derived directly from underlying
physical laws (e.g., mechanics, thermodynamics, chemical kinet-
ics, electromagnetism). Critically, for sustained activity and com-
plexity, these systems often operate far from thermodynamic
equilibrium, constantly exchanging energy with their environ-
ment [11, 102-104]. This paradigm uses the material substrate
not merely as a passive carrier for a program, but as the active
medium in which the “program” is intrinsically intertwined with
the “processor” [15]. The computational material is deeply and
sensorically embodied within its environment, allowing complex
input patterns to arise naturally from this interaction and
enabling dynamic morphological transformations to serve as
computational primitives [20].

Key architectural and functional features distinguishing MBI
under this viewpoint include:

a. Integration vs. Separation. A direct and intentional minimi-
zation of functional distinctions (sensing, memory, compu-
tation, actuation) by co-locating these capabilities directly
within the material’s physical structure and dynamics.
This fundamentally contrasts with the spatially separated
architectures of traditional machine intelligence [7, 8, 10].

b. Intrinsic Physics as Algorithm. Computation is defined not
as the execution of external instructions, but as the materi-
al’s dynamic state evolution, which directly and implicitly
implements physical laws and relationships [11, 47]. The
computation is the physics in action, making the distinction
between output and process ambiguous.

c. Embodied State and Data Representation. Information
resides intrinsically in physical state variables of the mate-
rial system itself (e.g., atomic arrangements, charge distri-
butions, chemical concentrations, defect patterns), rather
than being abstract symbols stored in memory units. The
material’s form embodies its data.

d. Distributed and Local Interactions. Complex global behav-
iors and problem-solving abilities emerge predominantly
from distributed, local physical rules, dynamics, and inter-
actions between proximate material components [84, 105].
Long-distance coordination is achieved through self-prop-
agating phenomena or emergent gradients, not centralized
global control signals.

e. Non-Equilibrium Operation. Sustained activity, self-
organization, and complex adaptive dynamics typically
necessitate a continuous input and throughput of energy,
perpetually driving the material system far from thermody-
namic equilibrium [103, 104, 106]. This energy flow dictates
functional existence.

Note that these key architectural features (at least partially) cir-
cumvent some essential problems one usually encounters in set-
ting up a representation of reality [18]. First, the abstraction or
independence from the computational substrate, which underlies
the separation of hard- and software, comes at a price: colloqui-
ally expressed, programming languages contain no implicit

physics. This requires that all physics has to be encoded again
explicitly. Second, the formalization of complicated boundary
conditions, e.g., the shape of geometrically nontrivial objects,
is computationally demanding. If this formalization can be
avoided (e.g., by use of soft materials for a gripper), complicated
computations can be avoided. Thirdly, nature is inherently par-
allel, which avoids designing for parallelization. Finally (and
probably of minor importance): Simulations quite often use large
amounts of random numbers, which are not entirely trivial to
produce. Nature, via temperature, provides randomness for free.

2.2 | Aspect 2: Functional Manifestation of MBI

As a direct consequence of its distinct architectural foundation
(Aspect 1),

Aspect 2 Functional Manifestation

Material-Based Intelligence functionally manifests as
the autonomous capacity of a physical system to exhibit
dynamic, adaptive, and potentially goal-directed behav-
iors that emerge from its intrinsic, embodied dynamics,
operating over relevant timescales and effectively man-
aging internal and external information.

To make these functional capabilities concrete, we identify a
hierarchy of core requirements, derived from a systematic,
data-driven analysis of the field [107], that a material must pos-
sess to be considered intelligent. These requirements must oper-
ate predominantly through local physical rules, with global
coherence emerging collectively.

a. Local Interaction and Coordinated Distributed Dynamics.
This is the most foundational principle of MBI, stating that
intelligent materials must intrinsically sense their local
environment and interact primarily with nearby compo-
nents. Complex global behaviors and functions must
emerge from the propagation, integration, and potentially
nonlocal influence of these local physical events, thereby
minimizing reliance on centralized control [6, 105].
Sophisticated hierarchy emerges when local dynamics lead
to long-distance coordination over larger scales, which
might occur through physical wave propagation [108] or
emergent gradients [49].

b. Local Active Memory. Materials must possess intrinsic
mechanisms for local information storage that genuinely
reflect past states or interactions. This memory is not a pas-
sive recording; it must actively influence future dynamics
and responses [29]. Information could be encoded via mate-
rial phase [109], charge distribution [110], or structural con-
figuration [49, 59]. For behavioral continuity over extended
periods, this memory must be robust over relevant time-
scales and may require mechanisms for persistence or “rep-
lication” to ensure information endures beyond transient
effects [111].

c. Local Embodied Computation. Information processing
must occur intrinsically through the material’s local physi-
cal laws and interactions [11, 30, 102]. This necessitates
nonlinear dynamics capable of transforming signals, inte-
grating information, and making decisions (e.g., via
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physical thresholding mechanisms like mechanical buck-
ling [112]), without symbolic processing steps [51, 64].

d. Self-Organization for Functional Structure. The capacity to
spontaneously form or reconfigure functional structures
from local interactions is fundamental to adaptability
[113, 114]. This enables systems to build and repair them-
selves without a complete external blueprint [115], as seen
in biological development [84].

e. Self-Correction and Repair. Autonomous systems must pos-
sess mechanisms to detect and recover from errors or dam-
age, restoring functionality and maintaining integrity over
time [2, 48, 116]. This implies an internal “sense” of a pre-
ferred state, triggering corrective physical feedback [47].

f. Adaptive Feedback Loops. Internal feedback cycles are a
necessary condition for self-regulation, learning, and persis-
tent goal-seeking. These loops must dynamically link sens-
ing, memory, computation, and action, enabling the system
to continuously modulate its behavior [73].

3 | Computation in Soft/Active Matter: Intrinsic
Transformation of Information

For a material (often derived from soft and active matter) to per-
form computation intrinsically through its physical dynamics, it
must possess specific exploitable characteristics that enable the
transformation of input signals or states into distinct output signals
or states [3, 15]. This implies a blurring of the lines, where the
system’s inherent physics themselves perform the computations,
without distinction between the “output” and the “process.”

The MBI structure, depicted in Figure 3, offers a process-oriented
view of the MBI paradigm, from foundational ingredients to

emergent function. At its core, the Self-Organization is the cen-
tral generative mechanism. This is because, unlike engineered
systems, the intelligent functionality in MBI is not merely pro-
grammed into a static structure; rather, the functional architec-
ture (the intricate web of sensing, computation, memory, and
actuation) itself is a dynamic feature that emerges and sustains
itself through self-organizing processes. This engine of self-orga-
nization, which encompasses self-correction and self-assembly, is
what bridges the gap between the basic Physical Substrates and
the complex operational loop of an intelligent system. This gen-
erative process, however, is not spontaneous and is connected to
the environment, such that it is fundamentally a thermodynamic
phenomenon. Therefore, Energy Flow and Dissipation are sit-
uated alongside self-organization as the essential fuel. MBI sys-
tems are open systems operating far from equilibrium, and it is
the continuous throughput of energy that drives the self-organi-
zation against entropy, allowing for the creation and mainte-
nance of complex, ordered states. From this energy-driven,
self-organized core emerges the perception-action loop of
MBI, where Sensing/Transduction from the environment
feeds into Intrinsic Physical Computation. This computation
is deeply intertwined with Active Memory and Adaptation,
where the material’s history physically shapes its future
responses. This cycle is completed by Actuation/Response,
which acts back upon the environment. This entire dynamic
interplay, guided by overarching Theoretical Concepts, gives
rise to observable Emergent Phenomena such as adaptive
behavior and long-distance coordination, which in turn enable
the system to perform Autonomous Functions and achieve
high-level goals.

Based on the literature and incorporating findings from diverse
systems including physical reservoirs [63, 64], wave-based com-
puters [60, 117], and reaction networks [102, 118], several core
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requirements for realizing information processing mechanisms
emerge, as outlined below.

3.1 | Nonlinearity

As mentioned, a key ingredient for MBI to work stems from non-
linearity. This is required for complex transformations beyond
simple superposition or linear filtering, a prerequisite for univer-
sal computation and complex function approximation [11, 117].
Nonlinearity can be implemented in a material through a variety
of intrinsic responses. For instance the non-Hookean elastic
properties of Liquid Crystal Elastomers (LCEs) undergoing large
strain deformations [22], or the viscoelasticity that allows com-
plex temporal integration in biological models [47], are simple
examples in this framework. Additional examples include non-
ideal chemical reaction kinetics found in Reaction-Diffusion
Systems [102, 118], inherent threshold phenomena, e.g., buckling
instabilities in soft metamaterials enabling binary switching
[112], memristive switching [119], or polymer phase transitions
altering stiffness dramatically [28, 52], or through complex col-
lective interactions leading to nontrivial emergent behaviors
[120, 121].

3.2 | History Dependence and State Memory

The material must possess internal state variables that persist
over relevant timescales and influence its dynamic evolution.
This endows the system with history dependence, which is critical
for temporal processing tasks typical of reservoir computing
requiring “fading memory,” where past inputs influence the pres-
ent but with diminishing strength [3, 64, 122]. The physical
embodiment of this state can vary from charge distribution in
aqueous electrolytes [30, 110], to persistent “structural conforma-
tion” in polymers and elastomers [29], characteristic liquid crys-
tal defect patterns [51, 123], dynamically maintained chemical
activity patterns [49], or mechanical configurations. This capacity
for active memory is crucial for transforming simple stimuli-
response into genuine cognitive function. In Section 2, based
on a dynamical systems approach, we introduced three different
types of memory: state in a basin of attraction, change of
attractor landscape, and perturbations with long transient
times. Note that the first possibility constitutes discrete memory
states, whereas the second and third variants enable the storage
of continuous values which can be discretized by some thresh-
olding process.

3.3 | Material Coupling

Components or distinct regions of the MBI must effectively
interact to allow for information propagation, complex trans-
formations, and collective processing [11]. This coupling can be
realized through diverse physical means: propagation of
mechanical forces [62, 124], transmission of electrical currents
[7, 66], diffusion of chemical signals [60, 84], or the propaga-
tion of acoustic waves [108]. The underlying topology of these
interactions, which defines the network of connectivity, is a
fundamental determinant of the system’s computational capa-
bilities [11].

3.4 | Internal Dynamics

The material’s dynamic behavior must not be entirely dictated by
the input signal. For effective computation, it needs an “internal
life,” a sufficiently rich repertoire of internal states or modes of
oscillation that can be excited and modulated by the input,
but which are not simply enslaved to it. This provides the
high-dimensional state space required for complex non-linear fea-
ture mapping. This characteristic is closely related to “echo
states” in physical reservoir computing, where the material’s
complex impulse response “echoes” past inputs in a way that
reveals hidden computational structures [63]. Without this inter-
nal richness (e.g., in a very stiff, over-damped, simple transducer
material), the system will lack the complexity needed for higher-
order computations.

3.5 | Action-as-Readout

For an MBI system, a “computed result” is fundamentally an
internal state change that bears causal efficacy for the system’s
ongoing existence or interaction. This perspective moves beyond
the traditional input/output paradigm where a result is “read
out” by an external observer. Instead, the “output” is often the
material’s subsequent action, self-reconfiguration, or its direct
modification of its local environment, thereby closing its own
sensorimotor loop.

While external tools (e.g., NMR, optical microscopy, electrical
probes) remain essential for characterizing these internal states
and actions in the laboratory, for a truly autonomous MBI, the
“observability” by an external human is secondary to the system’s
own intrinsic causal loop. The “computed result” is the physical
consequence that re-enters the material’'s own dynamics,
enabling its self-regulation and adaptive response.

The readout in MBI could be through a macroscopic physical
action or behavior output, such as locomotion (a soft robot choos-
ing a path [20]), shape change (a metamaterial stiffening to resist
a load [43]), or chemical release (a self-propelled droplet chemo-
taxing toward a target [125]). Here, the “interpretation” is
directly embodied in the system’s engagement with its
surroundings.

It can be internal state reconfiguration through a persistent
memory or transient working memory change in the material’s
internal structure or dynamics that directly re-biases its future
behavior or processing capabilities (a memristor’s conductance
state [98] or a hydrogel’s diameter hierarchy [49]). This readout
is primarily for the system itself, influencing its subsequent com-
putations and actions.

Another possibility is the environmental modification (stig-
mergy), when the material’s actions leave a trace in the environ-
ment that influences its own or other MBI units’ future behavior
(a chemical trail for collective navigation [126]). Here, the read-
out is distributed across the material-environment interface.

3.6 | Practical Examples

Computational primitives that have been observed or proposed
in such systems include physical implementations of basic
“thresholding” operations, e.g., mechanical instability triggers
[48], Boolean “logic gate” implementations, e.g., via particle
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collisions in active matter or defects in liquid crystals
[51, 60, 124], temporal filtering/integration due to material mem-
ory effects [33, 64, 127], “weighted summation analogies” where
physical forces or currents sum at junctions [62, 102], and com-
plex spatiotemporal transformations characteristic of physical
reservoir computing [117]. Importantly, MBI frequently utilizes
the inherent parallelism and analog nature of physical dynamics,
offering potential advantages in “speed” and “energy efficiency”
over conventional computation for certain tasks [8], in particular,
if the computation is performed on a device with a von Neumann
architecture.

4 | Strategies for Constructing Emergent
Intelligence

Integrating the core characteristics required for Material
Intelligence (Section 2) within systems governed by engineered
physical dynamics (Section 3) could enable the emergence of
sophisticated behaviors far beyond mere responsiveness. The
overall MBI paradigm can be viewed as a bottom-up process,
flowing from foundational physical properties to high-level
autonomous functions, as illustrated in Figure 3.

The strategies to achieve this integration can be understood
through the unifying lens of a dynamical systems approach.
Within this framework, the vast landscape of MBI research is
coalescing around three principal strategies for embodying cog-
nitive function. These distinct pathways are not mutually exclu-
sive but represent different physical philosophies for achieving
intelligence. The first is engineering multistability. The goal
is to create a landscape with multiple coexisting attractors (mem-
ory states). The engineering method involves tuning the ratio of
local stiffness to coupling strength in mechanical networks [43],
or tailoring reaction rate constants in chemical networks to
induce bifurcations [86]. The second pathway is engineering
criticality and the “edge of chaos”: The goal is to maximize
information transmission and sensitivity. The method involves
tuning the connectivity density, e.g., in nanowire networks
[32] or the balance of excitation and inhibition, e.g., in active
matter swarms [74] to position the system exactly at a phase tran-
sition boundary. The third method pursues engineering dissipa-
tive adaptation: The goal is to enable self-learning. The method
involves applying structured external drives (e.g., patterned light
or voltage pulses) that match the system’s resonant modes, forc-
ing the material to physically reconfigure its internal structure to
absorb or dissipate that specific energy pattern more efficiently
[103, 128].

The following sections detail these three foundational recipes for
constructing cognitive matter.

4.1 | Strategy 1: Intelligence via Multistability and
Ordered States

This strategy leverages an attractor landscape characterized by
multiple deep, well-separated basins of attraction (see
Figure 4). Intelligence manifests as the ability of the material
to reliably switch between and maintain a set of robust, stable
physical configurations. The computation is performed by the
state transition itself, driven by a physical input. This approach

NS
A
)
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different p,

FIGURE4 | The dynamical systems approach to material-based intel-
ligence. (Left) Conceptual attractor landscape for a dynamic MBI system
with two parameters p; and p,. The system’s state (representing, for
example, gaits in a robot or reaction product concentrations) naturally
evolves toward an attractor, for devices with a purposeful function a sta-
ble state or a limit cycle (e.g., I;, I,). External control input or environ-
mental cues. Assuming a tuning parameter a, one can reshape this
landscape, altering the basins of attraction (dashed lines) and causing
the system to transition between these functional modes (double-headed
arrows). This mechanism underpins morphological control, where the
detailed physical execution of a pattern is handled autonomously by
the system’s dynamics. (Right) A finite state machine (FSM) can be emu-
lated by chaining multiple such dynamical systems. The final output state
(characterized, e.g., by pi and p}) of one dissipative dynamical system
(DS,), once settled into an attractor from its initial condition I, serves
as the input (e.g., I,) or as a parameter to tune the attractor landscape
of the next dynamical system (DS,). This physical propagation of infor-
mation can extend to sequences or loops of systems, embodying a discrete
computational flow through a continuous physical medium.

excels at creating nonvolatile memory and deterministic logic
and is the foundation of the Self-Assembly Approach, where
the goal is to program local interactions to yield a specific, stable
final structure. Evidence for this strategy is found in:

Mechanical metamaterials, which use bistable unit cells as
physical bits and logic gates to perform computation in response
to mechanical forces [43, 43, 124].

Biological Morphogenesis, where tissues make collective deci-
sions by settling into stable bioelectric patterns representing ana-
tomical goals [5, 129].

DNA Nanotechnology, where sequence-specific interactions
program the self-assembly of complex, stable 3D structures from
simpler components [55, 130].

Memristive Systems, where information is stored in stable
high- or low-resistance states, forming the basis of neuromorphic
associative memories [10, 98].

4.2 | Strategy 2: Cognition via Dissipative
Adaptation and Self-Organization

This approach posits that intelligent structure and behavior can
emerge as a system self-organizes to more effectively absorb and
dissipate energy from an environmental drive. Rooted in non-
equilibrium thermodynamics, this paradigm suggests that sys-
tems operating far from equilibrium will naturally evolve
toward states that are better “adapted” to their energy landscape
[103, 104]. Here, the attractor landscape itself is formed and
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shaped by the dissipative process. This is the core principle
behind the Developmental Approach, where living systems
use energy to grow, differentiate, and maintain complex forms.
Key examples include:

Active Matter Systems, such as self-propelled chemotactic
droplets that navigate chemical gradients by continuously dissi-
pating chemical energy to create and maintain Marangoni flows
[69-71, 125].

The Cytoskeleton, where constant ATP consumption drives the
self-organization of functional structures like the mitotic spindle
[131].

Natural Induction, a theoretical framework where physical
networks with viscoelastic (dissipative) elements spontaneously
adapt their structure to find exceptionally low-energy solutions to
computational problems [47].

4.3 | Strategy 3: Cognition via Criticality and the
“Edge of Chaos”

A third major paradigm suggests that the most potent computa-
tional capabilities emerge when a system is poised at a critical
point—a phase transition between an ordered state and a chaotic
one. From a dynamical systems perspective, this “edge of chaos”
is a regime where the attractor landscape becomes flat and com-
plex, with a vast number of shallow, transient states. This is
hypothesized to optimize the tradeoff between stability (for mem-
ory) and flexibility (for computation), leading to maximal infor-
mation capacity and sensitivity [111, 132]. Evidence for this
principle is found in:

Brain Dynamics, where cortical activity exhibits statistical sig-
natures of criticality, such as power-law distributions of “neuro-
nal avalanches,” a state thought to be optimal for information
processing [74, 133].

Artificial Neural Networks, where optimal performance often
correlates with the network’s dynamics being tuned to the edge
of chaos [132, 134].

Nanowire Networks, physical neuromorphic systems that
exhibit emergent “1/f” noise and other scale-free dynamics char-
acteristic of critical systems [11].

Collective behavior, where swarms like starling flocks exhibit
scale-free correlations in their movements, allowing for rapid,
system-wide information propagation [135, 136].

4.4 | Synthesis: Hierarchical and Multiparadigm
Architectures

A single principle is unlikely to be sufficient for advanced cogni-
tion. The most sophisticated forms of intelligence appear to lever-
age all these strategies in a hierarchical and context-dependent
manner. This aligns with the concept of a “Multiscale
Competency Architecture,” where different components of a sys-
tem solve problems at their respective scales of organization,
using the most appropriate physical principles [5, 137].

A cognitive material might therefore be a hierarchical composite:
a substrate of multistable metamaterials could provide robust,
long-term memory; a surface layer of neuromorphic nanowire
networks, self-tuned to criticality, could perform real-time

sensory processing; and the entire system could be powered
and maintained by an embedded network driving dissipative
self-organization. The theoretical framework of Active
Inference provides a mathematical language for describing
how such a multiparadigm system could function, unifying per-
ception, action, and learning under the single imperative of min-
imizing prediction error (or free energy) [138-140]. In this
unified vision, the different physical pathways to cognition are
not competing alternatives but complementary tools in the tool-
kit of intelligent matter.

4.5 | Beyond MBI: From Building Blocks to
Complex Agents

Our framework conceptualizes MBI as an intrinsic property of
physical substrates either as a material or an ensemble of elemen-
tary units that embodies information processing and adaptive
capacities through its coupled material and dynamic properties.
This “intelligence” operates locally, without external computa-
tional oversight, and often involves self-organization, inherent
memory, and the physical execution of computational primitives.
However, to build systems “more” intelligent than an isolated
MBI substrate such as a complex organism or an autonomous
robot, these foundational MBI units must be hierarchically inte-
grated and coordinated. This process involves the following: (i)
Nested Agency, when lower-level MBI units, for example, indi-
vidual cells capable of basal cognition retain their local compe-
tencies but are integrated into larger collectives such as tissues.
(ii) Multiscale Control Architectures when higher-level MBI sys-
tems, e.g., bioelectric networks [5] coordinating tissue patterning,
exert “top-down” control not by dictating every microstate, but
by shaping the informational or energetic landscapes that influ-
ence the self-organizing dynamics of lower-level MBIs. This
allows for long-distance coordination, e.g., via physical wave
propagation [108] or emergent gradients [126] to achieve
larger-scale goals. (iii) Emergent Global Goals: The “goals” of
the integrated system (regenerating a limb [5], maintaining
organismal homeostasis [4]) arise from the collective interaction
and interdependency of these nested MBI components, rather
than being explicitly programmed into any single unit.

Therefore, while a single piece of “intelligent matter” constitutes
an MBI, a complex agent like a human is a continuously adapt-
ing, nested hierarchy of interacting MBI systems, where intelli-
gence manifests across multiple, integrated scales of physical
organization.

5 | Experimental Approach for Characterizing
Material-Based Intelligence

Assessing the degree of MBI and distinguishing it from complex
stimulus-responsiveness or computation that relies on an exter-
nal software scaffold is a profound experimental challenge.
Inspired by system identification in engineering and behavioral
studies in cognitive science, we propose a systematic experimen-
tal methodology, operating within a carefully instrumented “MBI
Testing Arena,” capable of subjecting candidate MBI systems to
diverse, complex, and potentially novel environmental condi-
tions while quantitatively monitoring their inputs, accessible
internal states, and physical outputs. This approach demands
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a focus on measurements that reveal how functionality emerges
from correlations between system aspects, going beyond static
measurements of independent ingredients.

Current material simulation approaches excel at predicting static
properties but fail to capture the time-dependent, adaptive
behaviors central to Intelligent Matter. To enable generative
design in this field, we propose a new data schema that indexes
materials not just by composition (what they are), but by com-
petency (what they do). We define three critical new metadata
layers required for an MBI database: (i) Dynamical phase field:
Instead of a single value for stiffness or conductivity, entries must
capture the material’s state-space trajectory under drive and non-
linear reaction to changes. This requires indexing parameters
such as Lyapunov exponents, memory retention timescales,
and relaxation rates [11]. (ii) Plasticity tensor: To capture learn-
ing capability, we must index how a material’s properties change
with history. This involves quantifying hysteresis loop area, con-
ductance change per pulse, and adaptation rates under repeated
stimuli [141]. (iii) Energetic cost of computation: To evaluate effi-
ciency, we must index the thermodynamic efficiency of informa-
tion processing, specifically the ratio of information gained to
heat dissipated, linking information theory to experimental ther-
modynamics [142].

A significant advancement in this area is exemplified by the
development of the Discovery Engine [107]. This system concep-
tualizes materials and their corresponding properties as nodes,
whereas the validated interactions among these elements and
the methodologies are represented as edges.

A crucial step toward a systematic methodology for identifying
and characterizing MBI will be the development of large-scale,
curated databases specifically for intelligent materials, drawing
inspiration from successful paradigms in materials informatics
(e.g., leveraging property prediction [143] or structure generation
[128, 144]). These databases must catalog not only constituent
materials and macroscopic architectures, but also the intrinsic
mechanisms at play, the behavior observed, underlying theoreti-
cal concepts, operational parameters, and quantitative perfor-
mance on benchmark tasks. To facilitate Al-driven design and
systematic discovery [45, 145, 146], such a database needs to
encompass “intelligence features” and their inter-correlations.
This includes quantifying how seemingly independent ingredients
contribute collectively to an emergent behavior.

Specific metrics of measurements should include:

1. Information Integration and Complexity: This involves
quantifying the richness of information processing beyond
simple one-to-one stimulus-response. Metrics could
include integrated information measures [147], the com-
plexity of sensorimotor loops as quantified via information
flow between distributed parameters and actuation patterns
[105, 148], or the entropy of accessible states or behavioral
outputs under varied and novel stimuli [111]. Correlation
functions and topological invariants extracted from the
material’s dynamic response (e.g., in critical systems) can
indicate latent computational complexity arising from local
interactions [133, 149].

2. Memory Fidelity and Utility: Beyond simply recording
states, MBI implies active memory that influences future
behavior. Measure retention time, capacity (number of

distinguishable states, information-theoretic bits), and,
most critically, the degree to which stored information
actively and correctly biases future responses and deci-
sion-making over extended timescales. This requires
observing system behavior under parameter-controlled
conditions that specifically trigger memory recall (mecha-
nism for memory readout) or modulate performance, for
example by repeatedly driving the system through training
patterns, which may necessitate mechanisms like “replica-
tion” of specific information-bearing states [49]. This allows
for measurement of the impact of learned very long patterns.

3. Adaptation and Learning Metrics: Quantify the learning
and adaptive behavior through metrics such as learning
rates (e.g., trials-to-criterion, speed of error reduction dur-
ing optimization [62, 66]), generalization to novel stimuli
(testing performance on inputs outside the training distri-
bution), and the complexity of problems a material system
can learn to solve (e.g., pattern classification with unseen
examples [150, 151]). The system’s ability to self-optimize
parameters based on performance correlations without
direct human supervision is a key indicator.

4. Autonomy and Goal-Directedness: Characterize the goal
directed task execution by assessing how well a system
achieves a high-level goal (defined via applications, e.g.,
reaching a target, maintaining homeostasis [152]) under
varying and unpredictable conditions [137, 153]. This
includes evaluating the degree to which control is internal
versus requiring external intervention to maintain function.
Metrics of autonomous problem solving (e.g., navigating an
unmapped environment or re-solving a perturbed problem
state independent of prior ingredients used) are key here.

5. Robustness and Self-Correction/Self-Maintenance:
Quantify the robustness of behavior (e.g., persistence of
function) under defined perturbations, damage, or compo-
nent degradation [2, 115]. Self-healing ability, recovery of
functionality after damage, or dynamic recalibration to
internal drift demonstrate intrinsic robustness [48].
Metrics here might include time-to-recovery or perfor-
mance degradation curve upon specific stressors, focusing
on how different system ingredients respond.

6. Exploring Minimal Models and Mechanisms: Future efforts
must systematically probe for minimality. This involves
characterizing systems where complex functionalities
emerge from a minimal set of underlying physical princi-
ples or interacting components [43]. The “recipes” for
MBI must identify the smallest set of conditions necessary
to achieve emergent intelligence, exploring tradeoffs in per-
formance vs. minimality. This is a hard-earned measure
through systematic variation and careful design (similar
to what can be observed in molecular self-assembly pro-
cesses, for instance when creating new properties [154]).

Machine learning models trained on these comprehensive data-
bases, potentially utilizing graph neural network architectures
that can directly process the rich graph structure [107], could
then be employed to predict emergent MBI characteristics from
material composition and structure, identify promising new
material combinations, or suggest novel mechanisms integration
based on observed correlations between physical parameters and
high-level behavior. This feedback loop, where theoretical
insights guide experimental design and vice versa, facilitates a

Advanced Intelligent Systems, 2026

13 of 18

85U8017 SUOWIIOD BAEa.D 3|t (dde au Aq peusenob afe Ssolle O 8sn JO S9N 10} AeiqiT8ul|uO /8|1 UO (SUORIPUOD-PUB-SWISHW0D A8 | 1M ATeIq 1 BU1|UO//:SANY) SUO RIPUOD Pue Swid 1 8y} 89S *[9202/70/T0] U A%eiqiT8uluo A8|IM @lzeuB A 1eas0- D @ISRAIUN AQ 0SYTOSZ0Z ASB/Z00T OT/10p/LLoo" A8 | 1M ARe.d 1 jpuluo"psoueADe//sdiy Wwouj papeojumod ‘0 ‘L95k0r92



dynamic cycle of data-driven discovery and hypothesis testing,
moving beyond serendipitous findings toward the rational design
and synthesis of intelligent matter [144-146, 155]. The key in
evaluating such emerging intelligence is precisely outlining
the methods for obtaining and interpreting measurements from
experiments or simulations where systems show complex inter-
actions independent of their specific ingredients.

6 | Conclusion

The development of material-based intelligence demands a pro-
found conceptual and practical shift away from designing mate-
rials with isolated, externally controlled functionalities, and
toward creating integrated systems where sensing, active mem-
ory, embodied computation, self-organization, self-correction
(combined with adaptive feedback), and robust adaptive feed-
back loops emerge synergistically from the material’s intrinsic
physics and local interactions [3, 14, 79]. This paradigm inher-
ently embraces the principles of embodied cognition and nonequi-
librium thermodynamics, viewing the material not as a passive
substrate upon which intelligence is imposed, but as an active,
dynamic computational and adaptive medium where its purpose
and high-level goals emerge directly from its self-organization.
This profound integration dissolves the rigid boundaries of tra-
ditional hardware-software divisions [13, 156], emphasizing that
the “program” is literally inscribed within and executed by the
physics itself, making no fundamental distinction between out-
put and process.

The core requirements we have outlined highlight the sheer com-
plexity of this grand challenge: the need for local interaction rules
that scale into long-distance coordination, dynamically coupled
memory (potentially requiring forms of replication for long-term
persistence) that actively shapes future responses; computation
realized fundamentally through physical dynamics (ideally with
minimal ingredients but emergent complexity); and inherent
capacities for self-organization, self-correction, and pervasive
adaptive feedback loops. While current technologies have dem-
onstrated individual components—from sophisticated memris-
tive networks capable of rudimentary memory and
computation [7, 157] to highly responsive polymers used for actu-
ation [58, 158], and innovative self-healing materials that restore
physical integrity [116], the deep, autonomous integration of
these features within an intelligent material system remains
the primary scientific and engineering frontier.

Future progress in material-based intelligence hinges critically
on two interconnected pillars: first, the development of new the-
oretical frameworks rooted in physics, information theory, and
complex systems science that can provide a coherent “recipe”
for generating emergent order; second, the creation of innovative
methods for material synthesis, sophisticated automatic experi-
mental platforms, and Al-driven analysis capable of fostering
and characterizing these elusive emergent intelligent behaviors
[115, 155]. This involves devising comprehensive measurements
to quantify intrinsic properties beyond mere performance data,
developing metrics that explicitly probe correlations between sys-
tem variables, and assessing the system’s robustness to external
noise, its adaptability to novel conditions, and its degree of auton-
omy in problem-solving scenarios [122]. Moreover, systematically
exploring minimal physical models with core interaction rules

will help identify fundamental ingredients from which complex-
ity can spontaneously arise independent of the specific nature of
those ingredients, leading to the realization of new kinds of intel-
ligence [43]. This ambitious research direction promises not only
transformative technologies capable of unprecedented autonomy
and robustness for applications in fields like soft robotics
[115,159], medicine, and beyond, but also profound fundamental
insights into the physical basis of cognition and the very nature of
life itself [4, 5, 129], propelling us beyond simple biomimicry
toward potentially entirely novel forms of nonbiological intelli-
gence [160]. Finally, we point out the role of evolutionary engi-
neering. MBI will not so much rely on abstract planning or
coding, but include evolutionary processes. This requires a
meta-design in the sense that the MBI not only needs to be able
to perform complex tasks, but also that the parameter setting
enabling these capabilities can be efficiently evolved.
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