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ABSTRACT Physical implementations of neural computation now extend far beyond silicon hardware,
encompassing substrates such as memristive devices, photonic circuits, mechanical metamaterials,
microfluidic networks, chemical reaction systems, and living neural tissue. By exploiting intrinsic physical
processes, such as charge transport, wave interference, elastic deformation, mass transport, and biochemical
regulation, these substrates can realize neural inference and adaptation directly in matter. As silicon GPU-
centered Al faces growing energy and data-movement constraints, physical neural computation becomes
increasingly relevant as a complementary path beyond conventional digital accelerators. This trend is driven
in particular by pervasive intelligence, i.e., the deployment of on-device and edge Al across large numbers
of resource-constrained systems. In such settings, co-locating computation with sensing and memory can
reduce data shuttling and improve efficiency. Meanwhile, physical neural approaches have emerged across
disparate disciplines, yet progress remains fragmented, with limited shared terminology and few principled
ways to compare platforms. This survey unifies the field by mapping neural primitives to substrate-specific
mechanisms, analyzing architectural and training paradigms, and identifying key engineering constraints
including scalability, precision, programmability, and I/O interfacing overhead. To enable cross-domain
comparison, we introduce a first-order benchmarking scheme based on standardized static and dynamic tasks
and physically interpretable performance dimensions. We show that no single substrate dominates across the
considered dimensions; instead, physical neural systems occupy complementary operating regimes, enabling
applications ranging from ultrafast signal processing and in-memory inference to embodied control and in-
sample biochemical decision making.

INDEX TERMS Physical neural computing, neuromorphic hardware, memristive systems, photonic
neural networks, mechanical metamaterials, microfluidic and chemical computing, reservoir computing, in-
memory computing, benchmarking frameworks.

I. INTRODUCTION

In the domain of artificial intelligence, in-silico imple-
mentations of Artificial Neural Networks (ANN) are cur-
rently dominating. From the earliest perceptrons to modern
Large Language Models (LLMs) and Foundation Models
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(FMs), the substrate of choice has been the transistor-
based integrated circuit. Digital CMOS has dominated Al
hardware mainly due to manufacturability, programmability,
and ecosystem maturity—but not because alternative physical
substrates are fundamentally incapable. As we approach
the asymptotic limits of Moore’s Law and Dennard Scal-
ing [1], the research community is increasingly forced to
look “‘beyond silicon.” However, the motivation to explore
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alternative substrates extends far beyond the mere stagnation
of lithographic improvements. Beyond data-center training,
the rise of pervasive intelligence in the form of on-device
and edge Al deployed across large numbers of resource-
constrained systems makes energy and internal data-transport
costs first-order design constraints. In this setting, physical
neural computing becomes newly relevant as a complemen-
tary path to conventional digital accelerators by co-locating
computation with sensing and memory and exploiting
substrate dynamics to reduce data shuttling. This survey
explores the emerging field of Physical Neural Networks
(PNNs), systems that do not merely simulate neural dynamics
digitally, but physically embody them in “wet” (biolog-
ical/chemical) and ‘“‘solid/fluid” (mechanical/microfluidic)
media. These developments motivate treating a coherent
research direction centered on physical neural networks,
where substrate physics is not an implementation detail but
a determinant of how learning itself can be realized [2].

A. BEYOND THE TURING AND VON NEUMANN
PARADIGMS

Contemporary Artificial Neural Networks are abstractions.
They are mathematical constructs composed of weights,
biases, and activation functions, executed on hardware that
is not originally tailored for their mode of operation.
The mainstream computing architecture, the Von Neumann
machine, relies on a strict separation of processing units
(CPU/GPU) and memory.

This separation gives rise to the “Von Neumann bottle-
neck,” where a significant fraction of both energy and exe-
cution time is primarily consumed by data movement rather
than by the computation itself [3]. As ANN models continue
to scale in size and complexity, this mismatch between
algorithmic structure and hardware organization becomes
increasingly salient. PNNs instead couple algorithmic opera-
tions to substrate dynamics, embedding computation directly
in physical state evolution [2].

While neuromorphic engineering has attempted to bridge
this gap using silicon (e.g. through digital layouts optimized
for sparse, event-driven computation, analog sub-threshold
circuits, or memristors) [4], [5], these approaches still largely
rely on electron flow in solid semiconductors. They remain
constrained by the physics of the electron in a rigid lattice.
By contrast, biological brains (the inspiration for ANNs)
utilize ions, chemical gradients, and fluid dynamics in a wet,
three-dimensional medium.

Replicating and potentially even surpassing biological
efficiency demands a fundamental rethinking of the physical
substrate of neural computation and learning, way beyond
evidently suboptimal electron transport in silicon-based
hardware.

B. THE NEED FOR PHYSICAL NEURAL NETWORKS (PNNS)
The motivation for non-silicon neural networks is often
reduced to energy efficiency. While this is valid, it is
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incomplete. We outline core arguments for PNNs that enable
capabilities not achievable with conventional electronic
computing alone.

1) ELIMINATING THE “TRANSDUCTION TAX" (IN-SITU
COMPUTATION)

Current cyber-physical pipelines rely on costly transduc-
tion chains. For example, biomarker detection with deep
learning requires converting a chemical signal into an
electrical current, amplifying and digitizing it (ADC),
processing it on digital hardware, and often converting
results back into analog actions. Each step adds latency,
noise, and energy loss. Chemical PNNs can instead process
molecules directly via reaction-diffusion dynamics [6],
computing in the data’s native domain. This transduc-
tion overhead is quantifiable: ADC and digital signal
processing can dominate the energy budget of sensing
pipelines, in some systems accounting for most of total
consumption [7]. Nucleic-acid-based molecular logic toolk-
its demonstrate diagnostic decisions directly in biological
fluids without electronic readout [8], supporting in-situ
computation as a practical way to bypass the transduction
chain.

2) THERMODYNAMIC COMPUTING: PHYSICS AS LOGIC

Digital logic expends energy to maintain stable “0” and
“1” states against thermal noise. PNNs can instead exploit
thermodynamic relaxation. Mechanical or chemical systems
naturally converge to energy minima, which can encode solu-
tions to optimization problems [9]. Spring glasses and elastic
networks relax into states that map to Ising-type energy
landscapes [10], [11]. In such systems, relaxation, diffusion,
or wave propagation directly perform the computation.

3) VOLUMETRIC DENSITY AND CONNECTIVITY
Conventional circuits are essentially planar, with 3D stacking
constrained by heat and interconnect limits. Wet and molec-
ular computing substrates are inherently volumetric. Even
small droplets can host extremely large numbers of inter-
acting molecules, with 3D diffusion providing connectivity
densities that can exceed solid-state wiring schemes [12].

4) THE "CLOCKLESS” CONTINUUM

Digital simulation of physics requires time discretization and
numerical integration, introducing approximation error and
clock overhead. Physical substrates operate in continuous
time. A fluidic system implements Navier-Stokes [13]
dynamics natively; the computational question is the I/O
mapping and controllability of that dynamics. While temporal
resolution is fundamentally bounded only by physical limits
(Planck time), practical analog systems are constrained by
thermal and material noise, yielding an effective signal-to-
noise-limited bit depth often below 32-bit floating point
precision [14].
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5) RESILIENCE AND SELF-HEALING

Semiconductor hardware is structurally brittle, whereas
biological and fluidic substrates can remain functional
under deformation or partial damage. Reaction-diffusion
media such as Belousov—Zhabotinsky systems can continue
operating despite container deformation or division [15].
Synthetic biological implementations additionally offer self-
repair and regeneration capabilities absent in silicon systems.

6) ENVIRONMENTAL INTEGRATION AND BIOCOMPATIBILITY
Silicon devices are poorly suited for saline or biological envi-
ronments. PNNs based on DNA, proteins, or biocompatible
fluids can operate inside living tissue, in the bloodstream,
or in sensitive ecosystems [8]. This enables embedded
intelligence for medical and ecological applications.

C. SCOPE
This review focuses on physical neural networks (PNNs),
defined as systems in which training and inference exploit the
intrinsic dynamics of a material substrate rather than being
realized solely through numerical operations on conventional
digital processors [2], [16]. The emphasis is on computation
implemented through physical state evolution, including
charge transport, wave propagation, mechanical deformation,
mass transport, chemical kinetics, and biological plasticity.
To maintain a clear technical focus, the following topics
are explicitly excluded:

« In-silico neural networks: conventional artificial neu-
ral networks executed on CPUs, GPUs, or TPUs without
essential reliance on substrate physics.

« Standard CMOS neuromorphic hardware: digital or
mixed-signal silicon platforms such as Loihi [17] or
TrueNorth [18], unless their operation fundamentally
depends on non-silicon physical effects or materials.

o Quantum neural computing: neural models based on
quantum superposition or entanglement, which consti-
tute a distinct computational paradigm with separate
theoretical and engineering challenges.

Physical neural computing, as used in this review, overlaps
with but is not identical to several neighboring research areas.
First, it is narrower than analog computing: while analog
systems in general process continuous variables through
physical dynamics, they are only considered physical neural
systems here if these dynamics realize neural primitives such
as weighted summation, nonlinearity, memory, or adaptation
in a functionally neural architecture. Second, it overlaps
only partially with neuromorphic hardware. Neuromorphic
systems are inspired by neural organization, often through
spiking, event-driven, or in-memory architectures, but many
such systems remain conventional CMOS implementations
and therefore fall outside our scope unless their com-
putational advantage fundamentally relies on non-silicon
substrate physics. Third, reservoir computing is treated here
not as a separate substrate class, but as a computational
regime in which a physical system with rich internal
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dynamics serves as a fixed reservoir and only the readout is
trained. Reservoir computing can therefore be realized within
several of the substrate classes reviewed below.

Within these boundaries, the paper is organized into four
conceptual parts that span the design space of physical neural
computing.

1) PART 1: FOUNDATIONS AND CONCEPTUAL FRAMEWORK
(SECTIONS I-1I)

The first part motivates physical neural computing, defines
core terminology, and maps neural primitives (weighted
summation, nonlinearity, memory, adaptation) to physical
mechanisms. It positions PNNs relative to neuromorphic
engineering and digital ML accelerators, and highlights
system-level challenges when computation is embedded in
physical substrates.

2) PART 2: WETWARE AND MOLECULAR INTELLIGENCE
(SECTIONS 111-V)

The second part surveys chemical and biological substrates,
from DNA strand displacement and molecular reaction
circuits to reaction-diffusion systems and synthetic biological
platforms. It emphasizes how biochemical kinetics, diffusion,
and cellular regulation realize neural primitives and enable
partially autonomous computation in chemical or living
media.

3) PART 3: PHYSICAL NEURAL HARDWARE SUBSTRATES
(SECTIONS VI-XI)

The third part reviews engineered non-biological platforms,
including memristive, phase-change, and ferroelectric in-
memory devices, spintronic and superconducting systems,
photonic, mechanical, metamaterial, microfluidic, and ion-
tronic networks. The focus is on shared architectures, training
and calibration strategies, and trade-offs in bandwidth,
precision, scalability, robustness, and I/O overhead.

4) PART 4: CROSS-SUBSTRATE BENCHMARKING AND
OUTLOOK (SECTIONS XII-XII)

The final part introduces a comparative benchmarking
framework based on standardized static and dynamic tasks
and physically meaningful metrics. It then discusses design
principles, application domains, and the key challenges in
translating laboratory PNN concepts into scalable engineer-
ing technologies.

In our view, the recent proliferation of physical neural
substrates represents not merely a diversification of hardware
platforms, but a shift toward treating physical dynamics
as a first-class computational resource. This perspective
motivates the unified treatment adopted throughout the
review.

Il. THE PHYSICS OF NEURAL COMPUTATION

To engineer intelligence in physical substrates, we must
relate neural computation to the governing laws of physics.
Conventional hardware implements neural models indirectly
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through Boolean logic. In contrast, Physical Neural Networks
(PNNs) implement them directly in the substrate: the physical
interaction itself performs the computation. This section
therefore does not only generalize the neural primitives of
connectivity (weights), nonlinearity, and optimization (learn-
ing) across both “wet” (diffusion/reaction) and ““solid/fluid”’
(transport/interaction) domains; it also makes explicit how
material properties determine which neural primitives are
natively available, and how device and network architec-
ture determine how these primitives are organized into a
computational system. In other words, the material sets the
native computational vocabulary, whereas the architecture
governs signal propagation, coupling structure, and the
overall organization of computation.

A. PHYSICS AS COMPUTATION: TRANSPORT,
INTERACTION, AND RELAXATION

A generic neural network relies on three core operations:
weighted signal transmission, nonlinear activation, and state
evolution toward a solution. In Physical Neural Networks
(PNNs), these primitives are not executed symbolically by
Boolean logic; instead, they arise directly from substrate
physics through (i) linear transport and superposition, (ii)
intrinsic nonlinear interaction and thresholds, and (iii)
relaxation dynamics that implement optimization.

1) SIGNAL TRANSPORT AND WEIGHTING (THE LINEAR
REGIME)

In ANNS, the weighted sum ) i WiiXj is the fundamental linear
operation. In wetware, such linear accumulation is naturally
mediated by diffusion: molecular connectivity is effectively
“wireless”” and governed by Fick’s laws, so concentration
fields spread and mix without explicit wiring. At cellular
scales, flows typically occur at very low Reynolds numbers
where viscosity dominates inertia; motion is laminar and
effectively time-reversible, making diffusion—rather than
turbulent mixing—the dominant mechanism for distributing
signals [19]. In engineered hardware, the same linear
primitive is realized by conservation laws: Kirchhoff-type
constraints make nodal summation of currents or flows
thermodynamically “free” [20]. Here, w;; becomes a physical
parameter such as electrical conductance, hydraulic resis-
tance, or (in mechanical networks) an entry of the stiffness
matrix that maps forces and displacements. Across both
wetware and hardware, the shared computational essence
is linear superposition: physics performs accumulation by
default, with weights encoded in geometry or material
parameters.

2) PHYSICAL INTERACTION (THE NON-LINEAR REGIME)

A purely linear network collapses to a single matrix multi-
plication and cannot represent functions requiring decision
boundaries (e.g., XOR). Nonlinearity in PNNs therefore
comes from exploiting material interactions rather than
explicitly programming an activation function. In chemical

VOLUME 14, 2026

systems, reaction kinetics provide nonlinear transforms
directly: the law of mass action yields native multiplicative
terms (e.g., rates proportional to [A][B]), enabling polynomial
computation [21], while enzymatic or catalytic saturation
produces transfer curves that can closely match sigmoidal
neuron models [22]. In solid/fluidic hardware, nonlinearity is
often engineered via instabilities and thresholds. Mechanical
elements can exhibit bifurcations (e.g., buckling) that act as
sharp threshold functions and thus enable discrete decisions
from continuous inputs [23]; similarly, microfluidic valves
can switch state above a pressure threshold, implementing
physical gating. In all cases, the computational role of non-
linearity is the same: critical thresholds break superposition
(f(a+ b) # f(a) + f(b)) and partition state space, enabling
expressive function approximation.

3) RELAXATION AS OPTIMIZATION (THE SOLVER)

In conventional computing, optimization is implemented
as an explicit iterative algorithm that updates parameters
step-by-step. In many physical substrates, by contrast,
“optimization” is an intrinsic tendency to relax toward
lower free energy or lower internal stress. In wetware, this
is exemplified by molecular constraint satisfaction: DNA
strands spontaneously bind to Watson—Crick complements to
minimize free energy, and massive parallelism arises because
many candidate assemblies explore the solution space
simultaneously. Adleman’s seminal demonstration showed
how such thermodynamic relaxation can be harnessed to
solve combinatorial problems by encoding constraints into
molecular binding and then letting the system settle [24].
In engineered hardware, analogous solver behavior appears in
systems whose dynamics minimize an implicit cost function,
such as spin glasses or elastic networks that relax to reduce
frustration or stress. The connection between annealing
in statistical physics and combinatorial optimization was
formalized by Kirkpatrick et al. [25]. Conceptually, these
systems admit a scalar “‘energy” (or Hamiltonian) that
acts as a Lyapunov-like function with a non-increasing
trajectory, % < 0, so that mapping problem constraints
onto the substrate’s energy landscape turns computation into
controlled relaxation rather than explicit iteration.

B. TRAINING STRATEGIES FOR PHYSICAL SYSTEMS

In deep learning, training is typically cast as minimizing
a loss function via gradient descent, with backpropagation
providing exact gradients Vy L for each parameter 6. Physical
substrates do not natively expose a “‘backward pass”: atoms
neither store gradients nor provide explicit credit assignment.
The resulting credit assignment problem asks how a global
output error can be attributed to local, embodied parameters
(e.g., a specific channel conductance or beam stiffness).
In practice, training strategies for Physical Neural Networks
(PNNG5s) fall into three broad paradigms. At a high level,
these strategies can be grouped into ex-situ digital-twin
optimization, hybrid digital-physical training, and in-materio

72581



IEEE Access

S. Fischer et al.: Beyond Silicon: Materials, Mechanisms, and Methods for Physical Neural Computing

learning based on physical gradient approximation or related
local update rules. In addition, when gradients are unavailable
or unreliable, some substrates rely on closed-box search
procedures such as evolutionary optimization. Which of
these approaches is most suitable depends strongly on
substrate characteristics, including tunability, observability,
relaxation time, and fabrication variability. The correspond-
ing substrate-specific realizations are therefore discussed
in the “Training and Design Paradigms” subsections of
Sections III to XI.

1) IN-SILICO TRAINING (DIGITAL TWIN/EX-SITU
OPTIMIZATION)

In-silico training decouples learning from execution by
treating the device as an inference engine. A differentiable
digital twin (e.g., implemented in PyTorch or JAX) is
trained with standard backpropagation, and the converged
parameters are then transferred to the physical instance
in a one-shot programming step. The main advantage is
immediate access to mature optimizers and architectures
(e.g., Adam/RMSprop, CNNs/RNNs) without changing the
hardware. The central limitation is the reality gap: unmodeled
noise, tolerances, and nonlinearities can cause a model to
overfit simulation artifacts and fail to transfer reliably [16].
Moreover, accurate deployment typically requires calibration
of the twin to the specific fabricated instance, reducing plug-
and-play operation [26]. This strategy is therefore particularly
attractive for substrates whose forward dynamics can be
modeled with sufficient fidelity and whose parameters can
be programmed reproducibly, but that provide little support
for direct in-device adaptation.

2) HYBRID DIGITAL-PHYSICAL TRAINING (RESERVOIR
COMPUTING)

A second class comprises hybrid digital-physical schemes,
in which optimization remains partly external while the
physical substrate directly performs the forward computation.
The most established example is Reservoir Computing (RC),
which avoids training the substrate itself by exploiting
its intrinsic nonlinear dynamics. The physical system acts
as a fixed dynamical reservoir that projects inputs into a
high-dimensional spatiotemporal state; only a simple linear
readout (often digital linear regression) is trained to map these
states to targets. Conceptually, the reservoir functions like a
physical kernel, turning nonlinear separability into a linear
readout problem. Because the reservoir is fixed, training
is computationally light and typically admits a closed-form
solution (no epoch-wise backpropagation). The approach is
also substrate-agnostic: reservoirs have been demonstrated
in diverse media such as water-bucket dynamics [27], soft
robotic bodies [28], and optical delay systems [29]. The
trade-off is task sub-optimality: since the internal features are
not optimized end-to-end, comparable accuracy may require
substantially larger reservoirs [30]. Hybrid schemes are thus
especially appealing for substrates with rich native dynamics
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but limited fine-grained weight programmability, whereas
they are less suitable when peak task-specific performance
requires end-to-end optimization of the internal state. As a
side remark: in this review, reservoir computing is treated
as a cross-cutting training and architectural paradigm within
physical neural computing rather than as a separate material
class.

3) IN-MATERIO LEARNING (PHYSICAL GRADIENTS/IN-SITU
UPDATES)

The most ambitious paradigm is to perform learning within
the physics, thereby closing the reality gap by letting the
device compute (or approximate) its own gradients. A promi-
nent framework is Equilibrium Propagation (EqProp): the
system is observed in a “free”” phase (inputs only) and in
a “clamped” phase (inputs plus a small output nudging),
and differences between the resulting physical states yield an
estimate proportional to the gradient [31]. In principle, this
enables local, contrastive updates without storing a global
gradient matrix [32]. In practice, it raises substantial engi-
neering challenges: implementing fast, stable, continuously
tunable weights is difficult, and the need to physically relax
(often twice per update) can make learning slow compared
to purely digital training for small- to medium-scale sys-
tems [33]. More broadly, this category includes in-situ update
rules that use physically measured state differences or other
local surrogate signals to approximate credit assignment
directly in the substrate. Overall, PNN training remains
less mature than large-scale digital backpropagation, but the
combination of hybrid and in-situ approaches demonstrates
that physically embodied learning is feasible under realistic
constraints [2]. Such approaches are most promising for
substrates that offer stable, repeatable, and sufficiently local
update mechanisms, and remain difficult to realize when
observability is poor, relaxation is slow, or device drift
dominates the dynamics.

C. TAXONOMY OF PHYSICAL SUBSTRATES

Physical neural substrates span everything from molecular
test tubes to macroscopic mechanical lattices. To navigate
this diversity without over-indexing on “wet” versus “dry”
materials, we classify substrates by computational character-
istics that mirror core abstractions in computer science: the
data type used for signal encoding, the memory architecture
used for plasticity, and the execution model implied by their
temporal dynamics.

1) SIGNAL ENCODING (THE DATA TYPE)

Most PNNs are intrinsically analog: information is carried
by continuous thermodynamic variables (e.g., concentration,
pressure, strain) whose effective precision is limited by noise
rather than by a fixed word length. This maps naturally
to continuous-time recurrent models, where graded states
evolve under coupled dynamics; Hopfield’s analysis of net-
works with graded responses provides an early and influential
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FIGURE 1. Landscape of physical substrates for computation and learning. The horizontal axis organizes approaches by the dominant coupling carrier
(charge and electronics, waves and fields, and mass and matter transport), while the vertical axis groups them by substrate class and physical scale
(molecular and wet, engineered solid-state, and macro and embodied systems). Each box summarizes a representative paradigm and indicates the
corresponding chapter(s). Across this landscape, material physics determines which neural primitives are natively available in a substrate, whereas
architecture determines how these primitives are arranged into scalable computational organizations.

formalization of this continuous regime [34]. A smaller but
important class of substrates is engineered for bistability,
enabling digital-style encodings where the presence/absence
of a molecular species or a snapped mechanical mode
represents a Boolean state; DNA strand displacement is a
canonical example, and Qian and Winfree demonstrated that
it can implement arbitrary Boolean logic circuits [ 12]. Finally,
event-driven encodings represent information primarily in
timing rather than amplitude, as in spiking or excitable
media where propagating wavefronts act as discrete events;
collision-based computing in reaction—diffusion systems
illustrates how such impulse-based dynamics can support
logic operations [6].

2) PLASTICITY IMPLEMENTATION (THE MEMORY
ARCHITECTURE)

In digital learning systems, weights are explicit variables
updated by an external algorithm. In physical substrates,
by contrast, “memory”’ is realized only insofar as material
properties can be configured and retained. Some platforms
are effectively read-only: geometry fixes the connectivity
and coupling strengths during fabrication, yielding ASIC-
like inference engines commonly used in reservoir-style
setups; passive photonic reservoirs are a representative
example [29]. Other systems are programmable but only
through external intervention (e.g., mechanical adjustment,
chemical titration), enabling reconfiguration without true
autonomy. The strongest notion of plasticity arises when
the substrate locally adapts in response to its own signal
flux, providing a material analogue of Hebbian update rules;
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memristive devices exemplify this state-dependent memory,
as highlighted in the foundational memristor formulation by
Strukov et al. [5].

3) TEMPORAL DYNAMICS (THE EXECUTION MODEL)

A final differentiator is how computation uses time.
In equilibrium-style systems, the input initializes the sub-
strate, and the computation is the relaxation to a steady state;
intermediate trajectories are not part of the “output” and are
treated as transient. Molecular computing via thermodynamic
equilibration is a classic illustration, including Adleman’s use
of DNA to solve a Hamiltonian path instance by letting the
system settle under designed constraints [24]. In dynamic
systems, by contrast, information is encoded in the evolving
trajectory itself, so outputs depend on input history through
inertia, hysteresis, or internal state; this corresponds to
sequential processing with fading memory. Jaeger’s “‘echo
state” formulation provides a compact criterion for when
such driven dynamics can support time-series processing
reliably [35].

The following chapters survey the field along the major
physical regimes introduced here, moving from molecu-
lar and biochemical substrates to engineered solid-state
platforms and embodied fluidic or mechanical systems.
Figure 1 provides a compact overview of this landscape
and situates the reviewed approaches within a common
comparative mapping. While Figure 1 organizes the field
primarily by substrate class and dominant physical carrier
(as described in Subsections II-A and II-C), two fur-
ther cross-cutting distinctions are important. First, material
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FIGURE 2. Mechanisms of nucleic acid strand displacement. (A) Three-way branch migration: Two identical strands compete for binding to a common
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properties such as transport mechanism, switching behav-
ior, intrinsic nonlinearity, stability, and temporal response
determine which neural primitives are natively available in
a given substrate, including weighted summation, thresh-
olding, memory, or plasticity. Second, device and network
architecture determine how these primitives are organized
into computation, for example through crossbar arrays for
parallel vector—matrix multiplication, coupled oscillators
or reservoirs for dynamical processing, or spatially dis-
tributed cells, droplets, and reaction domains for propagating
local interactions. As already explained in Section II-B,
learning strategies form an additional dimension that cuts
across these material categories: in the reviewed literature,
ex-situ digital-twin optimization, hybrid reservoir/readout
training, in-materio adaptation, and, where needed, closed-
box evolutionary search recur as the main learning regimes;
substrate-specific realizations are discussed in the “Training
and Design Paradigms” subsections of Sections III to XI.

Ill. MOLECULAR COMPUTING WITH DNA

DNA is often viewed merely as a passive storage medium for
genetic information (comparable to a hard drive). However,
it possesses thermodynamic properties that make it also
a powerful substrate for active computation. By stripping
DNA of its biological context and treating it purely as a
programmable polymer, researchers have engineered systems
capable of executing complex neural logic in a test tube.

A. THE SUBSTRATE PRINCIPLE

The dominant mechanism for implementing molecular cir-
cuits is DNA strand displacement (DSD), a process driven by
the thermodynamic tendency of DNA strands to maximize
base-pairing. By designing *“‘toehold” sequences that initiate
branch migration, an input strand can displace a pre-
hybridized output strand from a gate complex, effectively
releasing a signal into the solution [36], [37] (see Fig. 2).
This mechanism functions analogously to signal transmission
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at a synapse, but operates purely through enthalpy-driven
kinetics.

While early models abstracted DSD as digital logic,
contemporary approaches exploit the continuous nature of
reaction rates to implement analog computation, where signal
strength is encoded in molar concentrations rather than binary
presence. Recent advances in ‘“‘molecular commutation™
further abstract away the structural details, utilizing inverse
design algorithms to compute optimal dissociation constant
matrices for a desired network behavior [38]. This shifts the
design paradigm from manually assembling logic gates to
mathematically optimizing the free-energy landscape of the
reaction network.

B. MAPPING NEURAL PRIMITIVES

To implement neural architectures in DNA, abstract math-
ematical operations must be mapped isomorphically to
specific biochemical reaction kinetics.

1) WEIGHTS AND SIGNALS

Information is encoded in the continuous molar concentration
of specific DNA strands. Synaptic weighting is realized
through the stoichiometry of strand displacement reactions:
the concentration of intermediate ““‘gate” complexes modu-
lates the gain between an input strand and the release of a
downstream output strand [12]. Alternatively, DNA origami
offers a spatially addressable substrate where binary or analog
weights can be encoded via the physical arrangement of
molecules on a nanoscale scaffold [39], [40]. Summation
occurs naturally through the parallel contribution of multiple
reactant pathways to the production of a common output
species.

2) ACTIVATION AND NON-LINEARITY

To enable decision boundaries and deep logic, linear
hybridization kinetics are augmented with molecular seques-
tration. By introducing high-affinity ‘“‘sink™ strands that
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bind and neutralize signal strands, the system enforces a
concentration threshold below which no output is generated.
This competitive annihilation process implements a function
mathematically equivalent to the Rectified Linear Unit
(ReLU) [21]. More advanced ‘‘winner-take-all”’ mechanisms
group signals to compete against each other, allowing
for efficient non-linear decision making in classification
tasks [41].

C. ARCHITECTURES AND I/0 INTERFACES
The topology of DNA neural networks is not defined by
physical placement but by the specificity of molecular
interactions in a well-mixed solution. Research has evolved
from static logic gates to dynamic systems capable of
temporal processing and cellular integration.

Early architectures focused on implementing static input-
output mappings akin to Boolean logic or feed-forward
classifiers. The ‘“Winner-Take-All”’ (WTA) networks demon-
strated by Cherry and Qian utilize competitive hybridization
to implement non-linear classification boundaries, success-
fully classifying 100-bit patterns (handwritten digits) [42].
Similarly, ‘seesaw gate’ networks, which established a frame-
work for scaling up digital circuit computation [43], exploit
reversible strand displacement to realize analog weighted
summation and thresholding, enabling the construction of
sigmoid-like transfer functions purely through mass-action
kinetics [12].

A long-time bottleneck for DNA computing has been
signal degradation and “‘crosstalk” in deep networks.
The CALCUL system (Classified Allosteric-toehold based
Continuous and Ultra-accurate Learning) addresses this
by introducing spatial isolation via magnetic beads. This
separation allows for layer-by-layer processing and the
implementation of convolutional operations (weight sharing)
that were previously hindered by the ‘““soup” nature of bulk
solutions. This architecture has demonstrated high-accuracy
classification of image patterns by physically preventing
unwanted feedback loops [44].

To process time-varying signals or solve optimization
problems, architectures have incorporated feedback loops
and autocatalysis. Building on the foundational associative
memory models proposed by Hopfield [45], DNA-based
Hopfield networks utilize the energy landscape of the reaction
system to store state information. Recent work demonstrated
a discrete Hopfield network capable of solving combinatorial
optimization tasks (such as Sudoku puzzles) by relaxing into
a stable energy minimum representing the solution [46].

Data entry is typically achieved by introducing specific
strand concentrations [12] or via light-sensitive molecu-
lar switches [47]. The computational result is read out
through fluorescence kinetics using fluorophore-quencher
pairs, where the intensity of the emitted light corresponds to
the final output activation level [12].

VOLUME 14, 2026

D. TRAINING AND DESIGN PARADIGMS
Training strategies for DNA neural networks are evolving
from static design to dynamic adaptation. At present, the
dominant paradigm is ex-situ optimization via in-silico
modeling and inverse design, whereas fully in-materio
adaptation remains an emerging capability.

The currently dominant approach relies on in silico
optimization, where the desired network behavior is modeled
mathematically. Algorithms compute the optimal matrix of
dissociation constants or reaction rates, which are subse-
quently translated into DNA sequences using inverse design
tools [38]. The physical molecules are then synthesized to
embody these pre-calculated weights.

Emerging paradigms demonstrate autonomous learning
directly within the substrate. Recent experimental work has
realized supervised learning in test tubes, where ‘‘training
strands” (representing data and labels) interact with the
network to physically adjust the concentration of weight
molecules. This allows the system to update its decision
boundaries purely through thermodynamic equilibration,
without external digital processing [48]. This makes DNA
particularly attractive when reaction pathways can be mod-
eled and compiled into molecular programs with high
specificity, but less suitable for fast, repeated, and fine-
grained in-situ weight adaptation because kinetics remain
slow and parameter tuning is tightly coupled to sequence
design.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of molecular neural com-
putation span cell-free pattern classification, multiplexed
diagnostic decision-making, and intracellular neuromorphic
control. Cherry and Qian’s molecular classifier for handwrit-
ten digits (MNIST) showed that complex non-linear decision
boundaries can be realized in a well-mixed liquid medium,
demonstrating that DNA strand-displacement networks can
perform genuine pattern classification rather than merely
simple logic operations [42]. In biosensing, molecular logic
circuits have been used for multiplexed diagnostic decision-
making by integrating several microRNA inputs into a single
molecular output, thereby improving specificity over single-
marker assays [49], [50], [51]. Moving from cell-free systems
into living cells, synthetic gene circuits further show that
neuromorphic computation can be embedded into cellular
regulation: “perceptgenes’’ in bacteria implement transcrip-
tionally regulated input integration [52], while CRISPR-
dCas9/gRNA architectures combined with RNA sequestra-
tion realize perceptron-like threshold units for classification
and regression tasks [53]. Taken together, these studies show
that the same general molecular design principles can support
pattern recognition, diagnostic inference, and intracellular
computation across increasingly application-near settings.
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F. ENGINEERING CONSTRAINTS

The transition from theoretical molecular algorithms to
physical implementation imposes specific thermodynamic
and kinetic constraints that define the operating regime of
DNA computing.

The most distinct feature of the DNA substrate is the
extreme disparity between information density and prop-
agation speed. Molecular systems offer storage densities
theoretically approaching 10! bits/cm?, with a single micro-
liter capable of containing trillions of independent processing
threads [12]. This allows for massive parallelism at ther-
modynamic limits of energy efficiency. However, operation
bandwidth is diffusion-limited, typically restricting complex
strand-displacement cascades to timescales of minutes or
hours to reach equilibrium [42].

Another long-time bottleneck for molecular logic has
been the “single-use” nature of the hardware. However,
recent developments in 2025 have begun to mitigate this
constraint. Sun et al. demonstrated that non-complementary
DNA neural networks can decouple the “weight” molecules
from the input signals, allowing inputs to be chemically
washed from the system while preserving the trained
parameters [54]. Furthermore, ‘“‘heat-rechargeable’ circuits
have been proposed that utilize thermal cycling not merely
for resetting, but to actively drive the system into high-energy
non-equilibrium states, effectively recharging the circuit’s
computational potential [55].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
DNA-based neural systems occupy an extreme position in
the landscape of physical neural computing. They operate
at the smallest physical scales and lowest characteristic
bandwidths, while offering exceptionally high intrinsic par-
allelism. Architecturally, they realize chemically embedded
computation: weighted summation and nonlinearity are
implemented directly by reaction stoichiometry, distinguish-
ing them from electronic or photonic substrates, where
physical processes accelerate numerical operations but do
not replace symbolic computation. Their relevance lies in
a complementary regime characterized by direct processing
of molecular inputs, biochemical compatibility, and extreme
energy efficiency.

IV. CHEMICAL AND REACTION-DIFFUSION SYSTEMS
While DNA computing typically relies on thermodynamic
equilibrium and the static storage of genetic information,
chemical computing exploits the non-equilibrium dynamics
of dissipative structures. By utilizing reaction-diffusion
(RD) systems and active matter, computation is shifted
from the passive readout of code to the active prop-
agation of information in space and time [6]. In this
paradigm, the material substrate behaves as a continuous
excitable medium, capable of processing information through
wave propagation and synchronization rather than symbolic
manipulation.
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A. THE SUBSTRATE PRINCIPLE

Unlike the discrete logic of silicon or the hybridization
kinetics of DNA, chemical computers operate by physically
embodying partial differential equations. The fundamental
“machine language” of this substrate is the Reaction-
Diffusion equation:

du 5

— = DV~-u + R(u) (1)
ot

where u represents the vector of chemical concentrations.

The diffusion term DV?y mediates spatial coupling (signal

transport), while the reaction term R(u) dictates the non-linear

local kinetics (processing) [6].

Historically investigated in macroscopic vessels, recent
advances have shifted towards “On-Chip Chemical Com-
puting”. Agostini et al. demonstrated the integration of
oscillating Belousov-Zhabotinsky (BZ) reaction chambers
directly onto silicon microchips, effectively creating hybrid
architectures where the chemical medium performs massive
parallel processing while electronic overlays handle I/O [56].
A defining thermodynamic feature of these systems is their
dissipative nature: computation is a continuous dynamic
process maintained by a constant flux of reagents. Unlike
non-volatile memory, if the energy supply ceases, the system
relaxes to equilibrium and the computational state is lost [57].

B. MAPPING NEURAL PRIMITIVES

To engineer intelligence into fluid substrates, the abstract
mathematical operations of artificial neural networks must be
mapped to the kinetic laws governing chemical reactions.

1) SIGNALS AND WEIGHTS

In chemical neural networks, information is typically
encoded in the molar concentration of molecular species or
the phase of an oscillatory wave. Synaptic weights, which
modulate signal transmission, are physically instantiated by
reaction rate constants (k) and diffusion coefficients (D).
While traditional homogeneous systems rely on intrinsic
kinetic parameters, recent microfluidic implementations
allow for spatially programmable weights by altering channel
geometries or utilizing responsive hydrogels that modulate
local diffusion rates [58].

A key advantage of this chemical signaling is its inher-
ent robustness. Comparative studies suggest that chemical
synapses exhibit superior anti-interference characteristics
compared to electrical coupling, naturally filtering high-
frequency noise and stabilizing synchronization in a manner
that is difficult to replicate in standard electronics [59].

2) ACTIVATION AND NON-LINEARITY

The linear accumulation of signals is handled natively by
diffusion and mixing. The essential non-linearity required for
deep computation arises from the Law of Mass Action and
enzyme kinetics. Since reaction rates are proportional to the
product of reactant concentrations, chemical systems provide
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a native multiplication operation, enabling the computation
of polynomial functions [21].

Furthermore, saturation effects in enzymatic reactions
yield concentration curves mathematically identical to sig-
moidal transfer functions. Sharp thresholding behaviors,
equivalent to the Rectified Linear Unit (ReLU), are imple-
mented via chemical titration mechanisms, where a signal
molecule must neutralize a specific inhibitor concentration
before triggering a downstream reaction [22].

C. ARCHITECTURES AND 1/0 INTERFACES

The architectural landscape of chemical computing has
shifted from rigid, geometrically constrained logic circuits to
amorphous, self-organizing dynamical systems.

Early implementations focused on collision-based com-
puting, where traveling chemical wavefronts in excitable
media (such as the above-mentioned BZ reaction) act as
information carriers. Logical operations are realized through
the precise geometrical routing of these waves: annihilation
of colliding wavefronts implements NOT or XOR functions,
while channel junctions perform OR logic [6], [60]. While
conceptually foundational, these systems face scalability
challenges due to the need for precise spatial structuring and
the slow propagation speed of diffusion waves.

To overcome the constraints of explicit circuit design,
the field has largely adopted the reservoir computing
paradigm. Here, the “messy” complexity of non-linear
reaction networks, such as the autocatalytic Formose reaction
or electrochemical oscillators, serves as a high-dimensional
projection space. The chemical substrate naturally maps low-
dimensional inputs (e.g., flow rates) into a vast state space of
intermediate concentrations, allowing a simple trained linear
readout to extract complex temporal features [57], [61]. This
approach utilizes the intrinsic thermodynamic relaxation of
the medium as a computational resource.

Moving beyond bulk solutions, compartmentalized archi-
tectures utilize networks of interacting droplets or ‘“‘active
matter” swarms. In droplet-based systems, individual reac-
tion vessels act as discrete nodes coupled via diffusion
across lipid interfaces, forming programmable chemical
lattices [62]. Conversely, active matter reservoirs employ
self-propelled particles (e.g., bacteria or Janus colloids)
whose collective hydrodynamics create reconfigurable net-
work topologies, introducing advection as a signal transport
mechanism to potentially surpass diffusion limits [63].

D. TRAINING AND DESIGN PARADIGMS

Training chemical systems presents a unique challenge:
physical atoms do not store gradients, and the ‘“credit
assignment problem” is complicated by the opacity of
the reaction mixture. Accordingly, chemical substrates are
currently dominated by ex-situ digital-twin modeling and
hybrid reservoir-style training, while closed-box evolutionary
optimization is often used when internal kinetics are too
complex for direct gradient-based design.

VOLUME 14, 2026

To bridge the ‘“‘reality gap” between simulation and
wetware, recent approaches utilize Physics-Informed Neu-
ral Networks (PINNs) and Neural Ordinary Differential
Equations (ODEs) [64]. Frameworks such as SPIN-ODE
embed the governing chemical rate equations directly into
the training loop, inferring the underlying kinetics from
observational trajectories. This allows the construction of
“digital twins”’ that are robust to noise and experimental vari-
ability, enabling offline optimization of control parameters
that transfer reliably to the physical reactor [65], [66]. This
paradigm is particularly attractive when reaction kinetics can
be modeled with sufficient fidelity, but it remains limited by
partial observability, stochastic fluctuations, and calibration
effort for specific experimental instances.

In the reservoir regime, training is restricted to the readout
layer (typically a mass spectrometer or optical sensor), which
is optimized via linear regression. For the substrate itself,
evolutionary algorithms are often employed to select reagents
or droplet topologies that maximize the “‘richness’’ or entropy
of the chemical dynamics, effectively evolving the material’s
computational capacity without requiring a differentiable
model of the complex internal kinetics [67]. Such hybrid
and closed-box strategies are well matched to chemically
rich but only weakly observable substrates, although they
generally sacrifice end-to-end optimality and fine-grained in-
situ adaptation.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of chemical neural compu-
tation span four regimes: temporal reservoir computing,
embodied chemo-mechanical control, spatial analog problem
solving, and structured oscillatory processing. The already
mentioned ‘“‘Formose Reservoir” exemplifies the use of
molecular chaos for computation. Baltussen et al. showed
that the autocatalytic polymerization of formaldehyde,
previously regarded as an uncontrollable side reaction,
exhibits rich transient dynamics that can serve as a physical
reservoir. By modulating the inflow rates of reagents in
a continuous stirred-tank reactor, the system generates
characteristic molecular states that enable chaotic time-
series prediction and non-linear classification, outperforming
linear models by exploiting the intrinsic complexity of the
chemical substrate [57]. Figure 3 illustrates this principle and
highlights how low-dimensional inputs are mapped into a
high-dimensional chemical state space from which only the
readout layer is trained.

In the domain of soft robotics, chemical intelligence
enables control without microcontrollers. Self-oscillating
gels driven by the Belousov—Zhabotinsky reaction have been
engineered to function simultaneously as sensor, controller,
and actuator. These materials exhibit autonomous peristaltic
motion and phototactic behavior, thereby embodying the
control loop directly in the chemo-mechanical properties of
the material [58].

The classical application of excitable chemical media
remains spatial computing. Reaction-diffusion waves
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FIGURE 3. Architecture of a chemical reservoir computer based on the
Formose Reaction. (a) The chemical reaction network functions as a
physical reservoir (a fixed, non-linear hidden layer). It projects
low-dimensional inputs (reactants) into a high-dimensional chemical
state space. This intrinsic non-linearity enables the linear separability of
complex computational tasks, such as classification and time-series
forecasting. (b-f) signal flow and readout training. A time-dependent
input signal u(t) modulates the inflow rates of reagents into a continuous
stirred-tank reactor (CSTR). The resulting non-linear chemical dynamics
(the state vector x) are monitored in real-time via mass spectrometry.
Consistent with the reservoir computing paradigm, training is restricted to
the readout layer: a linear weight matrix W is optimized via regression to
map the high-dimensional chemical state to the target output function

(v ~ Wx). Reprinted from [57], licensed under CC BY 4.0.

naturally explore geometric spaces in parallel. Steinbock
et al. and later Lagzi et al. demonstrated that chemical wave-
fronts can solve maze-navigation and Voronoi-tessellation
problems: the wave propagates through all possible paths
simultaneously, and the first wavefront reaching the exit
identifies the optimal trajectory [68], [69].

In contrast to the unstructured dynamics of the For-
mose system, Parrilla-Gutierrez et al. demonstrated a
programmable chemical processor based on a structured
Belousov—Zhabotinsky cell array. Their system realized a
chemical autoencoder for pattern recognition and encoded
addressable memory states directly in the oscillatory phase
and amplitude of the reaction vessels [67].

F. ENGINEERING CONSTRAINTS

The practical deployment of chemical neural networks
is governed by thermodynamic necessities and interface
limitations that distinguish them sharply from solid-state
electronics.
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Unlike DNA computing (which often relies on equilibrium
states) or CMOS (where static power can be minimized),
reaction-diffusion systems are inherently dissipative struc-
tures. Computation is a dynamic process maintained only
by a continuous flux of free energy (reagents). This creates
a fueling constraint: the system requires a constant supply
of chemical ‘“fuel” to sustain the non-equilibrium states
necessary for wave propagation and oscillation. Conse-
quently, these systems are best suited for environments where
chemical energy is abundant and naturally replenished, such
as within biological fluids or waste streams, rather than in
battery-constrained portable devices [57].

The internal parallelism of a chemical droplet is immense
(processing on the order of 10?° molecular interactions
simultaneously). However, accessing this state remains a
bottleneck. Reading out the complex spectrum of a Formose
reservoir typically requires mass spectrometry, a slow and
bulky process that negates the miniaturization benefits. How-
ever, the recent move toward “lab-on-a-chip” architectures
that integrate electronic sensors directly with BZ reaction
chambers offers a path to mitigate this transduction tax,
enabling real-time electrical readout of chemical states [56].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Chemical neural systems occupy a distinct position between
molecular and macroscopic physical computation. They
operate at spatial scales ranging from micrometers to
centimeters and at time scales set by diffusion and reaction
kinetics, resulting in low bandwidth but rich spatiotemporal
dynamics.

In contrast to DNA-based networks, chemical systems
implement neural operations through continuous concentra-
tion fields and propagating wavefronts rather than discrete
molecular interactions. Weighted interactions and nonlin-
ear activation arise from diffusion coupling and chemical
feedback loops. These properties make chemical substrates
especially suitable for spatial pattern processing. Their
main relevance is therefore not high-speed inference, but
applications in which computation over space and time
is intrinsic to the problem, such as morphological pattern
formation, distributed sensing, and control in chemically
active environments.

V. SYNTHETIC BIOLOGICAL INTELLIGENCE

Synthetic Biological Intelligence (SBI) extends chemical
computation into living matter. Unlike molecular or chemical
substrates, which are programmable but passive, SBI exploits
intrinsic biological functions such as metabolism, homeosta-
sis, self-repair, and plasticity as computational resources. As a
result, learning is not only imposed externally through weight
updates, but can also emerge from biological mechanisms of
adaptation and free-energy minimization [70].

A. THE SUBSTRATE PRINCIPLE

Research in SBI currently focuses on three distinct sub-
strate classes representing increasing levels of biological
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complexity. At the genetic level, engineered bacterial con-
sortia implement distributed logic. Early work by Elowitz
and Leibler demonstrated synthetic oscillatory networks
(“Repressilator’’), while Tamsir et al. and Danino et al.
realized synchronized quorum sensing and Boolean gates
within bacterial populations [71], [72], [73]. At the mor-
phological level, the slime mold Physarum polycephalum
acts as a macroscopic, multinucleate single cell capable of
solving spatial optimization tasks by dynamically recon-
figuring its protoplasmic tube network [74], [75]. Most
recently, “Organoid Intelligence” (OI) has emerged, utiliz-
ing three-dimensional neural cultures derived from human
induced pluripotent stem cells (iPSCs). These organoids
develop dense and interconnected neuronal networks with
spontaneous spiking activity and long-term potentiation.
Among the SBI substrates discussed here, they most
closely mimic the cytoarchitecture of the human cortex
[70], [76].

B. MAPPING NEURAL PRIMITIVES
Living substrates realize neural primitives through physical
growth, electrophysiology, and biochemical regulation.

1) WEIGHTS AND PLASTICITY

In Physarum, the “weight” of a connection is physically
instantiated by the diameter of the protoplasmic tube, which
determines the cytoplasmic flux. This adaptive resizing
follows a positive feedback loop: Aw;; o flux;; [74]. In neu-
ronal organoids, weights correspond to synaptic efficacy.
Their adaptation follows biologically conserved rules such
as spike-timing-dependent plasticity (STDP), in which the
temporal correlation between pre- and post-synaptic activity
determines potentiation or depression [77].

2) ACTIVATION AND DYNAMICS

Activation in slime molds is continuous and oscillatory,
driven by rhythmic contraction waves. Organoids, con-
versely, operate in the spiking regime, encoding information
in discrete action potentials and population firing rates.
In genetic circuits, activation is transcriptional, defined by
the concentration of repressor or activator proteins binding to
DNA promoters [71]. Going beyond digital logic, Daniel et al.
demonstrated that these transcriptional networks can also be
engineered to perform synthetic analog computation, such
as addition and division in the logarithmic domain, directly
within living cells [78].

3) OPTIMIZATION VIA HOMEOSTASIS

Unlike artificial systems that minimize an explicit loss func-
tion, biological networks appear to optimize for homeostasis
and predictability. The Free Energy Principle proposes that
living systems adapt their internal states to minimize the
difference between predicted and sensed sensory inputs
(sensory surprise), effectively performing active inference to
maintain their structural integrity [79].
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C. ARCHITECTURES AND I/0 INTERFACES

Architectures in SBI are typically emergent rather than
lithographically defined, requiring sophisticated interfaces to
guide computation.

Physarum naturally forms spatial graphs. When food
sources are arranged to represent nodes in a geometric
problem, the organism relaxes into a Steiner tree configu-
ration, effectively computing the shortest path that connects
all points while balancing metabolic cost against transport
efficiency [74].

Brain organoids are typically interfaced using High-
Density Microelectrode Arrays (HD-MEAs). These devices
provide thousands of bidirectional channels that allow for
both the recording of population spikes and the delivery of
patterned electrical stimulation [80]. The organoid functions
as a recurrent reservoir, transforming input stimulation
patterns into high-dimensional spatiotemporal readouts [76].

To enable systematic experimentation at scale, Jordan et al.
introduced an open and remotely accessible neuroplatform
that integrates long-term electrophysiological recording,
automated microfluidic control, continuous environmental
regulation, and closed-loop stimulation for large numbers of
neural organoids [81].

D. TRAINING AND DESIGN PARADIGMS

Since the internal state of a living cell is largely opaque
(“closed box’’), training relies on closed-loop interaction
and environmental shaping. Accordingly, living substrates
are currently dominated by hybrid closed-loop training
and ex-situ circuit design, whereas direct in-materio credit
assignment remains largely out of reach.

The most promising training paradigm involves placing
the biological culture in a closed feedback loop with a
simulated environment (‘‘DishBrain’). Sensory inputs are
provided through electrical stimulation, and motor outputs
are read from neural activity. The culture then receives
structured feedback: predictable stimuli for correct behavior
and noisy stimuli for incorrect behavior. This closed loop
encourages the system to reorganize its connectivity toward
more predictable states [82]. This paradigm is attractive
because it exploits the adaptive plasticity of living neural
tissue without requiring an explicit internal model. However,
it offers only limited interpretability, weak control over credit
assignment, and modest reproducibility across biological
instances.

For bacterial systems, ‘“‘training” corresponds to the
iterative design of plasmid sequences. Combinatorial logic
is implemented by layering transcriptional repressors (e.g.,
NOR gates), allowing for the construction of asynchronous
digital circuits inside living cells [72], [83]. To scale such
designs, Nielsen et al. introduced “Cello”, a design automa-
tion framework that compiles abstract Verilog specifications
directly into functional DNA sequences, thereby solving the
problem of manual interference between gates [84]. In such
systems, the dominant paradigm is therefore closer to ex-situ
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digital design and compilation than to learning in the neural-
network sense: biological function is programmed into the
genetic architecture before deployment. This is powerful for
constructing reliable logic behavior, but less suitable for fast
online adaptation or repeated gradient-based weight updates.

E. REPRESENTATIVE DEMONSTRATIONS
Representative demonstrations of SBI span two characteristic
regimes: closed-loop learning in neuronal cultures and self-
organized spatial optimization in living networks. Kagan
et al. demonstrated that human cortical neurons cultured
on a multielectrode array can be embedded into a real-
time sensorimotor loop with the arcade game “Pong” [82].
Electrical stimulation encoded the game state, neural activity
was decoded as motor output, and structured feedback drove
rapid adaptation within minutes, showing that living neural
tissue can perform goal-directed learning when coupled to an
interactive environment. Figure 4 illustrates this architecture
and highlights that sensing, computation, and adaptation
emerge jointly from the biological culture and its interface.
In a complementary form of SBI, Physarum was used to
reproduce the topology of the Tokyo railway system [74].
When oat flakes were placed at locations corresponding to
major cities, the organism grew a transport network that
balanced efficiency, connectivity, and fault tolerance, closely
matching the engineered rail layout. This demonstration is
representative because it shows that living matter can solve
a nontrivial spatial optimization problem through growth
and adaptive reconfiguration rather than through explicitly
programmed digital control.

F. ENGINEERING CONSTRAINTS

The utilization of living matter introduces unique engineering
challenges centered on maintenance and reproducibility.
First, the energetic advantage of biological tissue (which
operates at orders of magnitude lower power than sili-
con) is offset by the significant overhead of life support
systems (sterile environments, nutrient perfusion). Second,
biological variability remains a critical bottleneck. Unlike
transistors, no two organoids are identical in cytoarchitecture
or connectome, making standardized performance difficult
to guarantee. Third, the “I/O bandwidth” is constrained
by the bio-electronic interface; while the tissue processes
information massively in parallel, the number of electrodes
available for reading and writing state remains limited
compared to the number of neurons [70], [80].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
SBI occupies the extreme end of the physical intelligence
spectrum, characterized by maximal adaptivity and minimal
programmability. It offers unparalleled learning efficiency
and structural plasticity but lacks the speed and deterministic
reliability of electronic hardware. As such, SBI is best viewed
as a complementary paradigm for applications requiring high
sensitivity, biocompatibility, or the study of intelligence itself
in its native substrate.
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FIGURE 4. Schematic of the closed-loop “Pong” experiment. Human
cortical neurons cultured on a high-density multielectrode array
(HD-MEA) are bidirectionally coupled to a simulated game environment:
game states are encoded as electrical stimulation patterns, neural
responses are recorded and decoded as motor output, and structured
feedback is returned to the culture. The setup illustrates how synthetic
biological intelligence can realize real-time learning through closed-loop
interaction aimed at reducing environmental unpredictability. Reprinted
from [82], licensed under CC BY 4.0.

VI. RESISTIVE AND FERROELECTRIC IN-MEMORY
COMPUTING

Memristive, phase-change, and ferroelectric systems imple-
ment computation through the physics of non-volatile con-
ductance and polarization modulation. Unlike von Neumann
architectures that shuttle data between distinct processing
and storage units, these substrates realize ‘“‘in-memory com-
puting” (IMC), where the memory element itself performs
the computation. By organizing resistive switching devices,
which are typically based on filamentary metal-oxides
(ReRAM), chalcogenide phase-change materials (PCM),
or ferroelectric oxides (FERAM), into dense crossbar arrays,
vector-matrix multiplication (VMM) is executed directly
through the relaxation of electrical currents. This offers
a path to massive parallelism and energy efficiency that
circumvents the memory wall [5], [85]. Recently, this
paradigm has expanded to ‘‘in-sensor computing,” where
ferroelectric materials simultaneously sense physical stimuli
and perform synaptic weighting, eliminating the analog-to-
digital conversion overhead at the edge [86].

A. THE SUBSTRATE PRINCIPLE

The fundamental principle relies on the tunable electrical
state of a two-terminal device, governed by history-dependent
hysteresis loops.
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In ReRAM, the conductance is modulated by the field-
driven migration of oxygen vacancies, which form conductive
filaments. In PCM, programming pulses induce a reversible
phase transition between a highly conductive crystalline state
and a highly resistive amorphous state [87]. Beyond resistive
switching, nanoscale spintronic oscillators have also been
shown to serve as non-linear neurons [88].

Ferroelectric devices (FeFETs, FTJs) store information
in the remanent polarization of the material lattice. Unlike
ReRAM, which relies on atomic filament formation, ferro-
electrics rely on the displacement of ions within the unit
cell. Applying an electric field switches the polarization
domains. Crucially, partial switching of these domains
allows for the storage of continuous analog values. In their
review, Khan et al. identify this technology as a key
enabler for future non-volatile logic, arguing that HfO,-based
FeFETs provide the necessary scalability to merge logic
and memory at the transistor level [89]. Recent advances
in flexible electronics utilize ultra-thin Indium Tin Oxide
(ITO) channels combined with ferroelectric gates to realize
transparent, high-performance synaptic devices suitable for
wearable applications [90]. Furthermore, the movement of
“Domain Walls” (interfaces between regions of different
polarization) exhibits rich, non-linear dynamics that can be
exploited for reservoir computing, where the position of the
wall naturally encodes the reservoir state [91].

When arranged in a crossbar topology, all these devices
exploit Kirchhoff’s circuit laws to perform analog arithmetic.
An input voltage vector applied to the rows generates currents
proportional to the conductance (weight) at each crosspoint
(Ohm’s Law). These currents sum naturally along the
columns (Kirchhoff’s Current Law), physically computing
the dot product Zj ViGj; in a single time step, regardless of
the array size [85].

B. MAPPING NEURAL PRIMITIVES

To function as a neural network, the analog physics of
the crossbar must be mapped to the linear and non-linear
operations of deep learning.

1) WEIGHTS AND SUMMATION

Synaptic weights are encoded as the analog conductance
values (G) or polarization states (P) of the devices. Since
conductance is strictly positive, signed weights are typically
realized using a differential pair architecture, where the
effective weight is the difference between two conductances
(W = G* — G™). In ferroelectric tunnel junctions (FTJs), the
weight is determined by the tunneling probability, modulated
by the height of the ferroelectric barrier potential.

2) ACTIVATION AND NONLINEARITY

Unlike chemical or mechanical substrates, where non-
linearity is often intrinsic to the material, memristive arrays
typically perform only the linear transformation. The non-
linear activation function (e.g., ReLU, Sigmoid) is usually
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implemented at the array periphery using mixed-signal
circuits. However, ferroelectric materials offer a distinct
advantage here: the intrinsic P — E (Polarization-Electric
Field) hysteresis loop is naturally sigmoidal. Recent reviews
highlight how this property, combined with topological
textures like domain walls, allows for fully passive non-linear
layers suitable for reservoir computing [91].

C. ARCHITECTURES AND 1/0 INTERFACES

The architectural paradigm is shifting from pure digital
accelerators to heterogeneous systems that integrate sensing
and computing.

To mitigate device variability and limited dynamic
range, architectures employ redundancy. A single synaptic
weight may be represented by multiple physical devices
(multi-memristive synapses). Arbitration logic or averaging
mechanisms are then used to combine these conductances,
effectively increasing the bit-precision and reducing the
impact of stochastic switching noise inherent to the nanoscale
physics [92].

As already discussed above, a critical bottleneck in
standard neuromorphic hardware is the transduction tax.
Ferroelectric and capacitive architectures address this via
“in-sensor computing.” Chen et al. demonstrated a system
where the sensor elements themselves perform early-stage
neural processing. By utilizing a flexible capacitive pressure
sensor array, the system executes in situ analog multiplication
and accumulation directly within the sensor network. This
architecture bypasses the need for redundant data transfer to
central processing units, effectively merging the ““skin’ and
the “‘brain” of the device [7]. The idea of this approach is
shown in Figure 5.

For standard crossbars, the interface remains a challenge.
Input vectors are converted via DACs, and output currents are
digitized by ADCs. Optimizing the energy and area of these
peripheral circuits is critical, as they can dominate the total
power budget [85].

D. TRAINING AND DESIGN PARADIGMS

Training requires navigating the ‘‘non-idealities” of the
substrate, such as asymmetric update/decay curves and cycle-
to-cycle variability. Accordingly, resistive and ferroelectric
substrates support a comparatively broad spectrum of training
strategies, ranging from ex-situ device-aware optimization
to hybrid in-situ updates and reservoir-style use of intrinsic
device dynamics.

In the ex-situ training paradigm, the network is trained
on a GPU using a high-precision digital model. The
resulting weights are mapped onto the physical conductances.
“Device-aware” training techniques explicitly model noise
and drift during the training phase, making the network robust
to the imperfections of the hardware deployment [93]. This
approach is attractive because it leverages mature digital
optimization while compensating for substrate imperfections,
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FIGURE 5. Capacitive in-sensor tactile computing architecture.

(a) Schematic of the flexible capacitive sensor array integrated with
electrical switches. (b) Circuit diagram demonstrating in-situ
multiplication and accumulation (MAC) operations within a sensor
subregion. (c) Equivalent tactile neural network mapping input sensor
capacitance vectors C to voltage weights V. (d) Examples of low-level
sensory tasks, including noise reduction, edge detection, and sharpness
extraction, computed directly within the sensor layer. The figure
illustrates how early neural processing can be embedded directly into the
sensing substrate, thereby reducing data transfer to external processing
units. Reprinted from [7], licensed under CC BY 4.0.

but it remains limited by write variability, conductance drift,
and the reality gap between simulated and fabricated devices.

In-situ approaches update the weights directly on the
chip. A powerful hybrid approach is ‘““Mixed-Precision
Computing,” where the crossbar performs the bulk of the
low-precision forward/backward pass arithmetic, while a
digital unit accumulates the high-precision gradient updates.
This strategy combines the efficiency of analog physics
with the numerical stability of digital algorithms [94]. Such
hybrid schemes are especially well matched to crossbar
arrays because they exploit native analog parallelism while
offloading numerically delicate update accumulation to
digital control.

A particularly memristor-friendly learning regime is phys-
ical reservoir computing, where the memristive substrate is
not trained as a weight array but exploited for its intrinsic
nonlinear, history-dependent dynamics. In a representative
demonstration, [95] experimentally implemented reservoir
computing using volatile (“‘dynamic””) WO, memristors
whose internal ionic relaxation provides short-term memory,
mapping temporal input streams into separable conductance-
state trajectories. Only a simple readout is trained (e.g.,
linear regression), enabling temporal inference without
iterative high-precision conductance programming. More
recently, memristive reservoir-style models have also been
explored at the algorithmic and modeling level for time-
series processing [96]. This regime is particularly attractive
for temporal tasks, although it generally sacrifices full end-
to-end optimization of the internal device states.

Building on this memristive-reservoir perspective, [97]
shows how memristive-inspired temporal dynamics can be
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reorganized into a parallelized reservoir architecture for
scalable time-series processing. Empirically, this substrate-
aware reformulation achieves competitive, and in several
cases superior, accuracy relative to modern gradient-based
sequence models while reducing training from minutes or
hours to the order of seconds, and in some cases to sub-second
runtimes. Taken together, these results point to a broader co-
design direction for physical neural computing: efficiency
on memristive and in-memory substrates may depend not
only on improved devices or calibration schemes, but also on
model architectures whose computational structure is shaped
from the outset by the dynamics and constraints of the target
substrate.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of resistive and ferroelectric
neural hardware span four regimes: in-situ learning in small
arrays, large-scale analog inference, flexible synaptic devices
for wearable electronics, and integrated in-sensor computing.
Prezioso et al. demonstrated one of the first integrated mem-
ristor perceptrons, showing that simple pattern classification
can be achieved directly in hardware with in-situ training
rather than by offline weight transfer alone [98]. Scaling up,
Burr et al. used large PCM crossbar arrays to perform high-
accuracy inference on MNIST and CIFAR while introducing
drift-compensation strategies that addressed one of the key
non-idealities of resistive memory hardware [87], [93]. In the
domain of flexible electronics, Li et al. realized high-
performance FeFET devices based on ultra-thin indium tin
oxide channels, demonstrating that synaptic functionality can
be combined with transparency, flexibility, and suitability
for wearable systems [90]. At the system level, Chen
et al. implemented an integrated in-sensor tactile computing
architecture that performs low-level operations such as noise
reduction and edge detection directly within the sensor layer,
reducing data movement and achieving more than a 22-fold
lower power consumption than conventional mixed-signal
approaches [7].

F. ENGINEERING CONSTRAINTS

Despite their promise, these systems face significant physical
limitations. Particularly in PCM, stored weight values relax
over time due to conductance drift, degrading accuracy.
In contrast, ferroelectric devices (FeFETs) typically exhibit
superior retention characteristics and lack the significant
resistance drift of PCM, though they suffer from “imprint”
effects. Furthermore, endurance poses a challenge for
ReRAM and PCM, which suffer from limited cycling
endurance (often 108-10° cycles). Ferroelectric oxides,
however, demonstrate significantly higher endurance (> 10'°
cycles) and lower switching energies, making them preferable
for applications requiring frequent weight updates [85].
Finally, voltage drops (IR drop) along the nanowires of
large crossbars distort the effective voltage seen by devices,
limiting the maximum feasible array size.
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G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Resistive and ferroelectric systems occupy the most tech-
nologically mature position in the landscape of physical
neural computing. They are the primary candidates for solid-
state “In-Memory Computing,” offering a direct path to
break the von Neumann bottleneck. While PCM and ReRAM
offer high density, the inclusion of ferroelectrics introduces
superior linearity and energy efficiency, particularly for edge
sensing applications. Their success, however, is inseparable
from algorithm-hardware co-design: they are not ideal analog
calculators, but noisy physical systems that require robust
algorithmic wrappers to function reliably.

VII. SPINTRONIC AND SUPERCONDUCTING NEURAL
SYSTEMS

While resistive memory architectures (Section VI) focus on
density and in-memory multiplication, a distinct class of
physical substrates targets the extremes of temporal resolu-
tion and energy efficiency. Spintronic and superconducting
systems diverge from charge-based electronics by utilizing
magnetic state variables as the carriers of information,
namely the electron spin and the magnetic flux quantum.
These substrates are uniquely characterized by their ability
to support ultrafast, oscillator-based, and spike-based com-
puting paradigms that mimic the pulse-coded communication
of biological neurons at speeds approaching the gigahertz
and terahertz regimes [99]. We group them here as the
“Magnetic and Quantum-Electronic Class,” unified by their
reliance on collective quantum phenomena (ferromagnetism
and superconductivity) to realize non-volatile dynamics with
minimal dissipation.'

A. THE SUBSTRATE PRINCIPLE

This class exploits two fundamental physical regimes: room-
temperature magnetic dynamics and cryogenic macroscopic
quantum coherence.

Spintronics utilizes the intrinsic angular momentum (spin)
of electrons. The core computational element is often
the Spin-Torque Nano-Oscillator (STNO). When a DC
current passes through a magnetic junction, it transfers
angular momentum, inducing a steady precession of the
magnetization. This converts a constant electrical input into
a microwave frequency output, acting as a tunable non-linear
oscillator [100]. Moving beyond single devices, topologically
stable, vortex-like spin textures such as magnetic Skyrmions
exhibit strong non-linear dynamics that can be harnessed for
neuromorphic and reservoir computing schemes [101], [102],
[103].

Superconducting computing operates at cryogenic tem-
peratures (typically 4 K), where resistance vanishes, and
quantized magnetic flux pulses (Single Flux Quanta, SFQ)
represent the information carriers. Josephson Junctions (JJs)

Here, “quantum” refers to quantum-mechanical device physics (e.g.,
flux quantization in superconducting circuits), not to qubit-based quantum
neural computing that relies on superposition/entanglement, which is
excluded in Section I-C.

VOLUME 14, 2026

inherently generate such quantized SFQ voltage pulses and
exhibit natural spiking dynamics analogous to biological
neurons when biased appropriately. SFQ circuits have
been proposed and demonstrated as neuromorphic hardware
because they can operate at very high clock rates (tens
to hundreds of GHz) with extremely low energy per
pulse, orders of magnitude below typical CMOS spiking
implementations [104], [105], [106].

B. MAPPING NEURAL PRIMITIVES

The mapping of neural functions in these substrates shifts
from static weights to dynamic synchronization and pulse
interactions.

1) WEIGHTS AND SYNCHRONIZATION

In spintronics, synaptic weights are often encoded in the
coupling strength between oscillating STNOs. Computation
emerges from the synchronization (phase-locking) of these
oscillators, mimicking the temporal binding hypothesis of
neuroscience [99]. In skyrmion reservoirs, the “weight” is
implicit in the complex dynamical response of the magnetic
textures; input signals perturb the skyrmion fabric, and
the resulting high-dimensional non-linear modes encode the
information [102], [107].

2) ACTIVATION AND SPIKING

Superconducting Josephson Junctions provide the most
physically faithful realization of a spiking neuron. A JJ
integrates incoming flux pulses (current) until a critical
current /. is exceeded. At this threshold, the junction
switches, releasing exactly one flux quantum (a voltage spike)
and resetting. This “Integrate-and-Fire”” dynamics is intrinsic
to the device physics and does not require complex circuitry
to emulate [105]. Similarly, spintronic devices utilize the
non-linear threshold of magnetic precession to implement
activation functions.

3) PLASTICITY AND SELF-ORGANIZATION

A major breakthrough in 2025 was the demonstration of
intrinsic learning in magnetic materials. Niu et al. showed
that magnetic textures can minimize their internal free energy
in response to clamped boundary conditions. This physical
relaxation process is mathematically isomorphic to the update
rules of a Hopfield network, allowing the material to “learn”
patterns via intrinsic gradient descent without external digital
calculation [108]. The basic principle is shown with a sample
4-node Hopfield network in Figure 6.

C. ARCHITECTURES AND 1/0 INTERFACES

Architectures in this domain favor reservoir computing and

event-driven spiking networks over static feedforward layers.
Pinna et al. proposed that disordered (random) skyrmion

textures can serve as a high-dimensional physical reservoir.

Inputs (e.g., current- or field-induced perturbations) locally

distort the magnetic texture and excite non-linear collective
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FIGURE 6. Working principle of a 4-node self-learning magnetic Hopfield
neural network (HNN). (A) Schematic of the experimental device
structure. (B) Voltage pulses applied to the top Au layer encode the input
or boundary conditions and generate current distributions that configure
the spin orientation in the Py layer via the Oersted field (C). The resulting
magnetic texture relaxation defines the effective conductance matrix,
mimicking self-adjusting synaptic weights. (D) The anisotropic
magnetoresistance (AMR) effect is used to read out the evolving network
state through the angle-dependent relation between current and
magnetization. The figure illustrates how associative memory and
gradient-descent-like learning emerge directly from ferromagnetic energy
minimization. Reprinted from [108], licensed under CC-BY-NC-ND 4.0.

dynamics. The resulting interactions between skyrmions and
the surrounding spin background (e.g., repulsion, defor-
mation, mode coupling) embed the input history into a
rich spatiotemporal state that can be linearly read out, for
instance via electrical transduction such as magnetoresistive
signals [102]. This approach does not rely on explicitly
training the substrate itself; instead, it exploits the intrinsic
complexity of the skyrmion texture and trains only the
readout layer.

Superconducting architectures arrange Josephson junc-
tions into large-scale spiking neural networks (SNNs)
operating with Single Flux Quantum (SFQ) pulses. Signals
propagate as ballistic quantized flux pulses along supercon-
ducting transmission lines with negligible resistive loss and
minimal dispersion. Such networks are particularly suited for
processing ultrafast temporal data streams (e.g., from RF or
cryogenic sensors) in real time, enabling operations such as
coincidence detection and temporal pattern matching at clock
rates far beyond conventional CMOS implementations [106].

D. TRAINING AND DESIGN PARADIGMS

Training methods differ significantly between the two pillars
of this chapter. At a high level, magnetic systems are increas-
ingly explored in the in-materio regime, where optimization
is partly delegated to the intrinsic energy landscape of the
substrate, whereas superconducting neural systems more
often rely on local in-situ update rules or hybrid training
schemes.
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For magnetic systems, the ‘“In-Materio” learning
paradigm is gaining traction. By mapping the loss function
of a neural network to the Hamiltonian (energy function)
of the ferromagnet, the training process becomes a physical
relaxation to the ground state. This physics-driven strategy is
attractive because it exploits the natural relaxation dynamics
of the substrate and can partially replace a fully external
optimizer loop. However, its practical effectiveness depends
on how faithfully the physical energy landscape represents
the computational objective and on whether the relaxation
reliably reaches useful minima [108].

In superconducting SNNis, training often utilizes Spike-
Timing-Dependent Plasticity (STDP). This can be
implemented using variable inductive loops (SQIFs) or by
hybridizing with magnetic Josephson junctions, where the
magnetic state (and thus the critical current) is modified by
the timing of arriving flux quanta [99]. Such local update
rules are well matched to event-driven superconducting
hardware because they directly exploit spike timing and
device-level dynamics, but they currently offer less flexibility
than large-scale gradient-based digital optimization and
remain constrained by hardware complexity, tunability, and
reproducibility.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations in this class span three char-
acteristic regimes: magnetic reservoir computing, ultrafast
superconducting spiking networks, and intrinsic self-learning
in magnetic energy landscapes. Pinna et al. investigated
disordered (random) skyrmion textures as physical reser-
voirs and showed that their intrinsic non-linear dynamics
generate high-dimensional spatiotemporal responses suitable
for temporal signal processing tasks, supporting the use of
magnetic textures as substrates for reservoir computing [102].
In the superconducting domain, Schneider et al. implemented
a spiking neural network based on Josephson junctions
and Single Flux Quantum (SFQ) signaling, demonstrat-
ing operation at multi—tens of gigahertz clock rates with
attojoule-scale switching energies [106]. This work provides
a concrete example of how superconducting device physics
can be exploited for high-speed, energy-efficient neuromor-
phic architectures. Finally, Niu et al. realized a magnetic
Hopfield network in which synaptic adaptation is governed
by the intrinsic energy landscape of a ferromagnetic system,
thereby demonstrating associative memory and gradient-
descent-like learning directly at the device level [108].
Figure 6 illustrates this principle and shows how boundary-
conditioned magnetic texture relaxation defines the effective
conductance matrix and can be read out electrically via
anisotropic magnetoresistance.

F. ENGINEERING CONSTRAINTS

The impressive speed and efficiency of these substrates come
with distinct physical barriers. In spintronics, thermal fluctua-
tions can destabilize small magnetic textures (superparamag-
netism), imposing a trade-off between device miniaturization
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and information retention, although stochastic resonance can
also be exploited for probabilistic computing [100].

In the superconducting domain, the ‘“‘cryogenic penalty”
remains a major hurdle, as circuits require cooling to
temperatures around 4 K. While the switching energy of SFQ
pulses is in the attojoule range and spiking networks can
operate at clock rates of tens to hundreds of gigahertz [106],
the required cryogenic infrastructure (cryocoolers, thermal
shielding, bias distribution, and room-temperature I/O elec-
tronics) dominates the overall energy budget. System-level
analyses show that the cooling and support electronics
typically consume from tens of watts up to kilowatts of
electrical power, depending on system scale and cooling
technology, overwhelming the energy dissipated by the
Josephson junctions themselves [109].

As a result, superconducting neuromorphic hardware is
currently viable primarily for large-scale high-performance
computing installations or specialized environments such as
quantum-computer control systems, rather than for mobile
or embedded devices. In addition, impedance and voltage-
level mismatches between superconducting SFQ circuits
(millivolt-level signals) and room-temperature CMOS logic
(volt-level signals) make interfacing complex and ener-
getically costly, favoring architectures in which supercon-
ducting processors operate as cryogenic ‘‘islands” con-
nected to conventional electronics via dedicated interface
circuits [109].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Spintronic and superconducting systems occupy the “high-
performance” corner of the physical computing landscape.
They offer a stark contrast to the slow, diffusive nature
of wetware and the static nature of resistive crossbars.
Spintronics offers a path to non-volatile, radiation-hard, and
oscillatory computing at room temperature. Superconducting
logic, conversely, represents the ultimate physical limit of
speed and efficiency, theoretically capable of matching the
connectivity of the human brain with the speed of a supercom-
puter, provided the cryogenic barrier is accepted. Together,
they constitute the magnetic and quantum-electronic frontier
of PNNs.

VIIl. PHOTONIC NEURAL COMPUTING

Photonic computing replaces electrons with photons as
the information carrier, leveraging the intrinsic properties
of light—ultra-high bandwidth, massive parallelism via
wavelength division multiplexing (WDM), and propagation
at the speed of light—to perform computation. While
electronic processors are throttled by capacitive charging
and interconnect latency, photonic processors operate in
the “flight-time” regime, where the latency is determined
solely by the refractive index. This makes photonics the
premier candidate for accelerating linear operations at
speeds and energy efficiencies unattainable by CMOS
[110], [111].

VOLUME 14, 2026

A. THE SUBSTRATE PRINCIPLE

The fundamental physical mechanism exploited is wave
interference. Optical propagation naturally implements linear
transformations; when coherent modes overlap, their ampli-
tudes sum constructively or destructively based on phase.
This allows matrix-vector multiplication (which arguably
is the computational bottleneck of neural networks) to be
performed passively as light traverses a medium. Information
is encoded in amplitude, phase, polarization, or spatial mode.
Unlike the charge-accumulation logic of electronics, the
computation here is a transmission problem: the result is the
scattering of the input field by the optical elements [112],
[113]. However, since photons lack charge and interact only
weakly (making ‘‘optical transistors” difficult), practical
systems often adopt hybrid architectures: linear operations
occur optically, while non-linear activations and control logic
remain electronic [114], [115].

B. MAPPING NEURAL PRIMITIVES

Mapping neural networks to photonics requires translating
linear algebra into optical components while addressing the
inherent difficulty of implementing non-linearity.

1) WEIGHTS AND SUMMATION

In coherent architectures, a synaptic weight is physically
represented by the transmission coefficient or phase shift
of a component. Vector-Matrix Multiplication (VMM) is
performed as light propagates through a programmable
mesh of Mach-Zehnder Interferometers (MZIs) or diffractive
surfaces. The summation is inherent to the physics of
superposition at the detector or combiner ports [113], [116].

2) ACTIVATION AND NONLINEARITY

Implementing non-linearity remains the primary engineering
hurdle. While some approaches explore all-optical non-
linearities using saturable absorbers or bistable resonators,
these often require prohibitively high power densities.
The dominant paradigm relies on Opto-Electronic (O-E-O)
conversion: the optical signal is detected, thresholded elec-
tronically, and re-modulated onto a carrier. This introduces
a bandwidth bottleneck but ensures stable operation [114],
[117].

C. ARCHITECTURES AND I/0 INTERFACES
Photonic architectures generally fall into three categories,
trading off programmability against throughput.
Programmable photonic integrated circuits (PICs) utilize
meshes of MZIs to implement arbitrary unitary matrices,
following the triangular decomposition scheme originally
proposed by Reck et al. [118]. In these “Optical TPUs,”
thermo-optic or electro-optic phase shifters act as tunable
weights. A landmark theoretical framework by Miller proved
that such meshes can self-configure to perform any linear
transformation, a concept later validated experimentally for
high-speed inference [112], [113].

72595



IEEE Access

S. Fischer et al.: Beyond Silicon: Materials, Mechanisms, and Methods for Physical Neural Computing

Coherent Light

——p : .
Dif; Layer B {:} — Complex Value Matrix £} — Rectifier

Diffractive Optical Neural Network Electronic Neural Network

FIGURE 7. Diffractive deep neural networks (D2NNs).(A) A D2NN uses
multiple trainable diffractive layers with complex-valued transmission or
reflection coefficients to implement an optical function between input
and output planes. Once the layer parameters have been optimized and
the structure has been fabricated, inference is performed passively
through wave propagation at the speed of light. (B) Example of a D2NN
for handwritten digit classification. (C) D2NN functioning as an imaging
lens. (D) Comparison with a conventional neural network, highlighting
coherent complex-valued inputs and diffraction-based layer
interconnections. The figure illustrates the key trade-off of this photonic
regime: extremely fast and energy-efficient inference at the cost of
limited post-fabrication programmability. Reprinted from [119] with
permission from the American Association for the Advancement of
Science.

Diffractive architectures operate in free space. A series
of passive transmissive layers (engineered metasurfaces)
modulate the phase and amplitude of an incoming wave-
front. As the wave propagates through these layers, the
diffraction pattern physically computes the inference. These
systems operate at the speed of light with minimal
energy consumption, but act as fixed, read-only classi-
fiers once fabricated [119]. The aprooach is visualized in
Figure 7.

For temporal processing, photonic reservoirs exploit the
rich transient dynamics of optical feedback. Architectures
using semiconductor lasers with delayed feedback or fiber-
optic loops generate high-dimensional state spaces from
time-series inputs. These systems excel at chaotic signal
prediction and speech recognition, requiring training only at
the electronic readout layer [120], [121].

D. TRAINING AND DESIGN PARADIGMS

Training photonic circuits presents challenges due to phase
noise and the “analog gap” between simulation and reality.
Accordingly, photonic neural hardware is currently domi-
nated by ex-situ digital training with calibrated deployment,
while more recent work increasingly explores in situ gradient
measurement directly on the physical chip.

The standard approach involves training a model digitally
and mapping the weights to physical phase shifts. However,
fabrication tolerances and thermal crosstalk require rigorous
calibration routines to align the physical device with the digi-
tal model [112]. Algorithms specifically designed to robustly
configure MZI meshes in the presence of imperfections
are essential for scaling [113]. This paradigm is attractive
because it leverages mature digital optimization while
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preserving the high-speed, low-latency inference capabilities
of photonic hardware. On the other hand, it remains limited
by calibration overhead and residual mismatch between
simulated and fabricated devices.

More recent advances utilize in situ training, where
gradients are measured directly on the hardware. Tech-
niques such as the “‘adjoint variable method” physically
backpropagate light through the output ports to measure
sensitivity, automatically accounting for the exact physical
state of the chip, including defects [122]. Such approaches
are particularly promising for reducing the analog gap
and compensating for fabrication defects, although they
still require stable optical control and precise measurement
infrastructure to remain practical at scale.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of photonic neural computing
span three characteristic regimes: programmable coher-
ent matrix processors, passive diffractive inference, and
dynamical reservoir computing. Shen et al. demonstrated a
programmable nanophotonic processor based on a mesh of
Mach—Zehnder interferometers that performed vowel recog-
nition, providing one of the first convincing experimental
validations that coherent optical interference can implement
trainable matrix operations for neural inference [112]. In the
diffractive domain, Lin et al. realized a deep optical classifier
using multiple 3D-printed diffractive layers that classified
handwritten digits purely through wave propagation after
fabrication, showing that a trained optical structure can
perform passive inference at the speed of light with
essentially no active computation during operation [119].
Figure 7 illustrates this principle and highlights both the
layer-wise diffraction-based transformation and the fixed,
read-only nature of the fabricated system. For temporal
tasks, Appeltant et al. and Paquot et al. demonstrated
delayed-feedback photonic reservoirs for speech recognition
and chaotic time-series prediction, showing that optical
dynamics can also support recurrent computation with
fading memory rather than only static linear transforms
[120], [121].

F. ENGINEERING CONSTRAINTS

The adoption of photonic computing is constrained by
scale and sensitivity. First, optical components are orders
of magnitude larger than transistors (constrained by the
wavelength of light), limiting the number of neurons per
chip and thus the integration density. Second, analog optical
computing is limited by laser noise, detector shot noise, and
thermal drift, typically capping effective precision at 4-8
bits [114]. Third, the transduction tax has to be taken into
account again: the energy and latency cost of converting data
between the electrical and optical domains can negate the
benefits of optical processing unless the computational depth
is sufficiently large [110].
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G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Photonic neural computing occupies the ‘“‘high-speed, low-
latency” corner of the physical computing landscape. Unlike
chemical or mechanical systems that excel at slow, adaptive
dynamics, photonics excels at performing massive linear
algebra operations at the bandwidth limit of the electromag-
netic spectrum. Ideally suited for ultrafast signal processing
and server-side acceleration, it complements substrates like
memristors or wetware that offer higher density or plasticity
but lower speed [114], [115].

IX. MECHANICAL METAMATERIALS

Mechanical neural computing revisits mechanics, which is
arguably the oldest substrate of calculation, through the
modern lens of metamaterials. Unlike the rigid gears of the
Babbage engine, contemporary mechanical computing relies
on compliant mechanisms and the non-linear deformation
of continuous media. By engineering the topology of lattice
structures, information is processed not by the flow of
electrons, but by the propagation of strain energy and the
interactions of mechanical instabilities [123]. This substrate
is particularly relevant for “Embodied Intelligence” and
morphological computation, where the computation is phys-
ically integrated into the structural load-bearing elements of
a robotic system [124], [125], [126], [127].

A. THE SUBSTRATE PRINCIPLE

The fundamental computational resource in mechanical
systems is the elastic potential energy landscape. While
linear elastic materials obey Hooke’s Law (force proportional
to displacement), neural computation requires non-linearity.
This is achieved through geometric instabilities, most notably
“snap-through buckling.” A bistable buckled beam pos-
sesses two energy minima separated by an energy barrier.
Transitioning between these states allows for binary storage
(memory) and thresholding behavior [128]. In metamaterials,
thousands of such unit cells are coupled in a lattice; the
global deformation of the material is thus the aggregate result
of local interactions, functioning effectively as a massive
network of mechanically coupled non-linear springs [129].

B. MAPPING NEURAL PRIMITIVES

To act as a neural network, the mechanical substrate
must exhibit weighted connections, non-linear activation
functions, and mechanisms for plasticity.

1) STIFFNESS AS WEIGHT

In a mechanical network, the “signal” is typically a force
or displacement vector. The synaptic weight corresponds
to the local stiffness (k) of the beams connecting nodes.
A stiffer beam transmits force more effectively, effectively
amplifying the signal, while a compliant beam attenuates
it. In programmable metamaterials, these weights can be
adjusted by altering the beam thickness during fabrication
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or, in active systems, by modulating the stiffness using
piezoelectric or magnetic actuators [123], [129].

2) INSTABILITY AS ACTIVATION

The non-linear activation function is realized through buck-
ling phenomena and topological modes. A slender beam
under compression initially acts linearly. However, once a
critical load (Euler load) is exceeded, it snaps to a new
configuration. This sudden change in stiffness acts as a
physical sigmoid or Heaviside function, allowing the system
to perform decision-making and logic operations purely
through geometric deformation [130], [131].

3) PLASTICITY AND MEMORY

While many architectures are static (read-only), adaptive
materials enable in-materio learning. Memory can be
encoded in the reconfigurable geometry of multistable ele-
ments and via time-dependent relaxation or aging processes.
Recent work demonstrates supervised learning through
physical parameter updates in creased sheets, and reveals
how viscoelastic relaxation and hysteretic rearrangements in
disordered (amorphous) media generate history-dependent
responses and memory [132], [133], [134], [135].

C. ARCHITECTURES AND 1/0 INTERFACES
Architectures in mechanical computing are defined by their
unit cell topology and dimensionality.

2D and 3D lattices of interconnected beams form the bulk
of mechanical neural networks. These structures function as
“physical perceptrons,” where an input force pattern applied
to one boundary propagates through the lattice to produce a
target displacement at an output boundary [129].

Alternatively, plate-based systems utilize origami (folding)
and kirigami (cutting) principles. Here, the “‘neurons” are
the intersection vertices of folds. The non-linear rotational
stiffness of the creases allows these sheets to function as
reconfigurable logic gates and multi-input classifiers with
high packing density [132], [136], [137].

Third, soft bodies and elastic solids with complex internal
dynamics can be used as physical reservoirs. Similar to their
fluidic counterparts, soft silicone arms or gels exploit their
infinite degrees of freedom to project low-dimensional inputs
(e.g., motor commands) into a high-dimensional dynamic
state space, enabling temporal pattern recognition for soft
robotic control [138].

D. TRAINING AND DESIGN PARADIGMS

Training a mechanical material implies finding a config-
uration of stiffnesses or geometries that yields a desired
force-displacement response. Accordingly, mechanical sub-
strates are dominated by ex-situ inverse design, using
either gradient-based differentiable mechanics or closed-
box evolutionary optimization, whereas direct in-materio
adaptation remains comparatively rare.
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The classical engineering approach formulates the desired
input-output mapping as a constraint optimization problem.
Algorithms such as SIMP (Solid Isotropic Material with
Penalization) optimize the density distribution of material
within a design domain to satisfy these functional con-
straints [139]. This paradigm is well suited to mechanical
systems because geometry and constitutive behavior can
often be modeled explicitly, but it is limited by modeling
assumptions and by the difficulty of capturing fabrication
tolerances and material nonlinearities with high fidelity.

FIGURE 8. Mechanical neural network (MNN) fabricated for the
experimental study of Lee et al. [123]. (A) Full-view photograph of the
lattice-based mechanical network. (B) Close-up of the beam structure
whose local stiffness values act as trainable mechanical weights. The
figure illustrates the physical realization of a mechanical perceptron-like
architecture in which desired behaviors, such as shape morphing, are
achieved by optimizing the geometry and stiffness distribution of the
lattice. Reprinted from [123] with permission from the American
association for the advancement of science.

More recent differentiable mechanics approaches embed
differentiable simulators or differentiable surrogate models
into an optimization loop, enabling gradient-based inverse
design of geometries and effective stiffness parameters [123],
[140], [141]. Alternatively, evolutionary algorithms can
mutate geometry representations under task-level fitness
functions, which is attractive when accurate gradients are
unavailable, or the design space is highly discrete [142],
[143]. Gradient-based methods are typically more sample-
efficient when accurate simulators are available, whereas
evolutionary strategies are more robust to discontinuous
design spaces and non-differentiable objectives, albeit usu-
ally at higher search cost.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of mechanical neural com-
putation span three characteristic regimes: trainable lattice-
based networks, in-situ gradient-based learning, and
geometry-driven logic and classification. A major milestone
was the experimental realization of mechanical neural
networks (MNNs) by Lee et al. They fabricated a
lattice of tunable beams whose stiffnesses are adjusted
analogously to ANN weights, enabling the structure to
learn multiple mechanical behaviors (e.g., shape morphing)
through repeated training/optimization and experimental
validation [123]. Figure 8 shows the fabricated network and
illustrates the physical realization of this trainable mechanical
architecture.
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Building on this, Li and Mao demonstrated that such
networks can also be trained for regression and classification
using in situ backpropagation, extracting gradient informa-
tion directly from the mechanical system’s physical response
without relying on a digital twin [144].

A complementary line of work exploits geometry and mul-
tistability more directly. Coulais et al. realized combinatorial
logic gates using bistable mechanical units arranged in planar
lattices [129]. More broadly, origami- and kirigami-based
metamaterials demonstrate that nonlinear classifier-like
input-output mappings can emerge directly from geometry,
folding mechanics, and physical adaptation rather than from
electronically controlled processing [132], [137].

F. ENGINEERING CONSTRAINTS

Mechanical computing faces limits imposed by material
science and wave physics. First, signals travel at the speed
of sound within the material (typically km/s), which is
orders of magnitude slower than electromagnetic signals.
This limits mechanical systems to low-frequency control
tasks (Hz to kHz range). Second, repeated cycling of bistable
elements can lead to plastic deformation or fatigue failure,
altering the computational properties (weights) over time.
Third, in viscoelastic materials, energy is dissipated as heat
(damping). This limits the depth of the network, as the signal-
to-noise ratio degrades with distance from the input source
unless active amplification is introduced.

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Mechanical metamaterials occupy the niche of “‘structural
intelligence.” They are unlikely to compete with electronic
or photonic substrates in speed or accuracy, but they uniquely
enable computation without electricity and intrinsic coupling
to physical environments. By embedding intelligence directly
into load-bearing structures, they represent a paradigm com-
plementary to molecular or electronic approaches, ideal for
applications requiring extreme robustness and morphological
adaptation [124].

X. MICROFLUIDIC NEURAL NETWORKS
(PRESSURE-DRIVEN)

Microfluidic systems implement computation by routing
liquids or gases through top-down engineered networks
of micrometer-scale channels. Unlike chemical or DNA-
based substrates, where the computational structure emerges
bottom-up from molecular interactions, microfluidic neural
systems constitute rigid devices whose topology is defined
by lithographically fabricated geometries and boundary con-
ditions [145]. Consequently, they function as deterministic
hydraulic integrated circuits that process information through
the controlled transport of mass rather than charge, enabling
the direct manipulation of physical matter [146]. As detailed
in a recent review by Law et al., this field is rapidly
expanding towards fully fluidic neuromorphic architectures
that integrate flow-based logic with fluidic memristive
elements [147].
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A. THE SUBSTRATE PRINCIPLE

Microfluidic neural computing operates strictly in the low
Reynolds number regime (Re « 1), where viscous forces
dominate over inertia. In this domain, fluid motion is
governed by the Stokes equations, resulting in flow that is
laminar, deterministic, and time-reversible in the absence
of active switching elements [148]. This physical regime
permits a rigorous analogy between hydraulic and electronic
transport, enabling the systematic design of fluidic logic
using established circuit theory [149].

In this analogy, long, narrow channels act as hydraulic
resistors, inducing pressure drops linearly proportional to
the volumetric flow rate. Elastic chambers function as
fluidic capacitors, storing volume under pressure and intro-
ducing temporal integration constants. Asymmetric channel
structures, such as Tesla valves, rectify flow similar to
diodes, while pressure-actuated flexible membranes imple-
ment active gating, functionally replicating the behavior
of transistors [150]. By composing these fundamental
elements, microfluidic substrates can realize complex analog
signal processing architectures completely within the fluidic
domain.

B. MAPPING NEURAL PRIMITIVES

To construct neural networks, the governing fluid dynamic
equations must be mapped to the mathematical primitives
of weighted summation, non-linear activation, and state
retention.

1) SYNAPTIC WEIGHTS AND SUMMATION

Synaptic weighting is physically encoded in the hydraulic
resistance of the channel network. According to the Hagen-
Poiseuille law, the resistance scales linearly with chan-
nel length and inversely with the fourth power of the
hydraulic diameter. Therefore, weights can be statically
defined during fabrication by optimizing channel geometries
to restrict signal flow [151]. The summation operation
emerges naturally from the conservation of mass at channel
junctions, where merging fluid streams result in a com-
bined pressure or flow rate proportional to the weighted
inputs.

2) ACTIVATION AND NONLINEARITY

While low-Reynolds-number flow is inherently linear,
neural computation requires non-linearity. This is intro-
duced through fluid-structure interactions or multiphase
dynamics. Pressure-gain valves and flexible membranes
exhibit thresholding behaviors where flow is blocked until
a critical pressure is exceeded, effectively implement-
ing rectified linear unit (ReLU) or sigmoidal activation
functions [150]. Alternatively, “Bubble Logic” utilizes
the non-linear interaction of immiscible fluids, where the
presence or absence of a droplet in a channel acts as a
discrete state variable capable of performing Boolean logic
operations [146].
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3) MEMORY MECHANISMS

Temporal dynamics and memory are realized through fluidic
capacitance and inertia. Elastic deformation of channel walls
allows for short-term storage of signal state (integration).
For long-term memory, systems utilize bistable mechanisms
such as trapped droplets, hysteretic valve switching, or high-
viscosity non-Newtonian fluids that retain their state in the
absence of continuous power, functioning as fluidic flip-
flops [152], [153].

C. ARCHITECTURES AND 1/0 INTERFACES

Microfluidic architectures typically follow one of two
paradigms, dictated by the trade-off between control com-
plexity and dynamic richness.

Layered channel networks implement fixed-weight map-
pings where the computation is defined by the circuit
topology. These systems function as analog feedforward net-
works for classification or regression tasks, or as digital logic
circuits for Boolean operations [154]. While interpretable,
they often require complex multilayer fabrication to handle
signal routing (crossovers).

To bypass the need for precise component-level design,
recent approaches utilize reservoir computing. Here, complex
channel geometries, recirculation zones, or multiphase flows
generate rich, high-dimensional transient dynamics. The
fluidic body acts as a physical kernel, projecting inputs
into a state space that is linearised by a simple readout
layer. This approach is particularly robust against fabrication
tolerances and has been successfully applied to temporal
pattern recognition and soft robotic control [28], [138].

The interface between the macro- and microworld repre-
sents a significant engineering bottleneck. Inputs are encoded
as continuous pressure levels, volumetric flow rates, or dis-
crete droplet sequences, typically requiring external solenoid
valves or syringe pumps. Readout is performed via integrated
pressure transducers, flow sensors, or optical imaging of dye
concentrations, often imposing the transduction tax discussed
above that limits the overall system bandwidth [155].

D. TRAINING AND DESIGN PARADIGMS

Unlike electronic neural networks, microfluidic systems
generally do not provide native mechanisms for rapid,
repeated in-situ parameter updates during operation. Con-
sequently, training strategies have historically relied on in-
silico optimization. Accordingly, microfluidic substrates are
dominated by ex-situ digital-twin design, complemented by
gradient-based inverse design and, where necessary, closed-
box evolutionary optimization. Direct in-materio adaptation
remains limited because channel geometries are typically
fixed once fabricated and fluidic dynamics evolve on
relatively slow timescales.

The dominant paradigm is offline training, where a differ-
entiable model of the fluid dynamics (a digital twin) is trained
digitally. The resulting optimal geometries (channel widths,
lengths) are then transferred to the physical substrate via
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lithography. This approach effectively treats the microfluidic
chip as an inference-only ASIC. This strategy is attractive
because fluid transport is often sufficiently structured to
support simulation-driven optimization, but it remains limited
by fabrication tolerances, model mismatch, and the absence
of rapid post-fabrication reconfiguration.

Recent advances have integrated finite-element fluid
solvers directly into automatic differentiation pipelines,
enabling gradient-based optimization of channel geometries
for complex flow control tasks [156]. Complementary
approaches use evolutionary algorithms or machine learning
to search the topological design space for networks that
exhibit desired behaviors, such as oscillation or gait genera-
tion, without requiring an explicit gradient [157]. Gradient-
based methods are typically more sample-efficient when
accurate fluid models are available, whereas evolutionary
search is better suited to highly discrete or topological design
spaces, albeit usually at substantially higher search cost.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations of pressure-driven microflu-
idic neural computation span three characteristic regimes:
digital fluidic logic, embodied reservoir computing, and fully
fluidic control for autonomous soft robotics.

Prakash and Gershenfeld demonstrated that bubbles in a
microfluidic channel can interact non-linearly to perform
universal Boolean logic (AND, OR, NOT) and signal syn-
chronization. This established the field of digital microfluidic
computing, where the bit is a physical packet of matter [146].
This established a fluidic computing paradigm in which the
bit is not an electrical state but a physical packet of matter
moving through a designed hydraulic circuit.

A complementary regime is reservoir-style computation
in compliant fluidic bodies. Nakajima et al. showed that the
nonlinear dynamics of a soft silicone arm, as well as related
fluidic networks, can be exploited as physical reservoirs
for computation [28], [138]. Motor commands perturb the
body, embedded bend sensors record the resulting transient
dynamics, and only the readout layer is trained, enabling tasks
such as chaotic time-series prediction and autonomous gait
generation. Figure 9 illustrates this principle and highlights
how the soft body itself replaces the abstract reservoir layer
of a conventional Echo State Network.

A third line of work demonstrates fully fluidic embodied
autonomy. Wehner et al. integrated microfluidic logic into the
“Octobot”, a soft robot capable of self-powered movement
without semiconductor electronics [158]. Building on such
principles, Preston et al. realized pneumatic logic gates and
ring oscillators that were embedded directly into soft robotic
bodies to achieve closed-loop locomotion and obstacle nav-
igation without electronic processors [153]. These systems
show that fluidic substrates can implement not only isolated
logic operations or reservoir dynamics, but also autonomous
control loops in which sensing, computation, and actuation
are tightly integrated in the material system itself.
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FIGURE 9. Physical reservoir computing using a soft silicone arm.

(a) Information-processing loop: motor commands actuate the arm, while
embedded bend sensors capture the resulting body dynamics as reservoir
states. (b) Experimental prototype of the soft arm. (c) Conceptual
comparison showing how the physical soft body replaces the abstract
reservoir layer of a conventional Echo State Network. The figure
illustrates the central idea of embodied reservoir computing:
computation emerges from the intrinsic transient dynamics of the
compliant physical system, while only the readout is trained. Reprinted
from [28], licensed unter CC-BY 4.0.

F. ENGINEERING CONSTRAINTS

The practical deployment of microfluidic neural networks
is defined by a trade-off between integration and speed.
First, due to viscosity and compressibility, signal propagation
speeds are limited to the speed of sound in the fluid or slower.
This restricts operation frequencies to the Hz to kHz range,
making them unsuitable for high-speed data processing
but ideal for biological timescales. Second, integration
density is limited. While individual channels are small, the
control infrastructure (valves, pumps) scales poorly. Large-
scale integration requires multilayer soft lithography, which
increases fabrication complexity. Unlike electronics, how-
ever, microfluidics is inherently robust to electromagnetic
interference (EMI) and radiation, making it attractive for
extreme environments [153].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING

Microfluidic neural systems occupy an intermediate regime
between chemical computing and solid-state hardware.
They offer richer dynamics and stronger embodiment than
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electronic substrates, while remaining deterministic and engi-
neerable compared to biochemical systems. Their primary
relevance lies in applications requiring tight integration of
sensing, computation, and actuation in fluidic or biological
environments, such as ‘lab-on-a-chip” diagnostics or soft
robotics, rather than in high-speed inference [145].

XI. IONTRONICS AND NANOFLUIDIC NEURAL
COMPUTING

While microfluidics mimics hydraulic machinery, iontronics
mimics the nervous system. By transitioning from the
microscale to the nanoscale (< 100 nm), surface-to-volume
ratios increase drastically, entering a regime where fluid
transport is dominated by surface charges rather than bulk
continuum mechanics. The information carrier shifts from
the fluid mass to the specific ions (Na™, K, C17) dissolved
within it [159]. This substrate provides the technologi-
cal bridge between solid-state electronics and biological
wetware, enabling functional “artificial axons” and ionic
transistors that operate using the brain’s native signaling
medium [160].

A. THE SUBSTRATE PRINCIPLE
The computational engine of iontronics is the Electrical
Double Layer (EDL). When an electrolyte contacts a charged
surface, counter-ions accumulate to screen the surface charge,
forming a layer with a characteristic thickness known as the
Debye length (Ap). In channels comparable in size to the
Debye length (h ~ 2Ap), the EDLs from opposing walls
overlap, rendering the entire channel unipolar [161].
Crucially, transport at this scale defies classical hydro-
dynamics. Kavokine et al. demonstrated that in carbon
nanotubes, water flows with vanishingly low friction due
to quantum mechanical coupling between fluid fluctuations
and the electron gas of the wall. This “quantum friction”
effect enables transport rates orders of magnitude higher
than continuum predictions, providing the high-speed ionic
throughput necessary for neuromorphic spiking [162].

B. MAPPING NEURAL PRIMITIVES
Tontronics maps neural functions to the electro-kinetic
equations (Poisson-Nernst-Planck) governing ion flux.

1) SYNAPTIC WEIGHTS AS IONIC CONDUCTANCE

In an iontronic circuit, the synaptic weight wy; is physically
instantiated as the ionic conductance G of a nanopore.
According to Ohm’s law for electrolytes (I = G - V), the
signal is the product of conductance and voltage. Unlike
in bulk fluids, this conductance is highly nonlinear and
history-dependent. Recent work by Robin et al. demonstrated
“Ion-Shuttling Memristors™ using 2D nanofluidic channels.
Here, the reversible intercalation of ions into graphite
layers or the formation of ion clusters creates a hysteretic
conductance response, enabling non-volatile analog weight
storage similar to Long-Term Potentiation (LTP) in biological
synapses [163]. Extending this capability, Ismail et al.
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recently demonstrated fully programmable memristors based
on two-dimensional nanofluidic channels, proving that stable
analog weights can be precisely tuned in aqueous environ-
ments [164].

2) ACTIVATION AND RECTIFICATION

The non-linear activation function required for deep learning
is realized through geometric asymmetry. Conical nanopores
act as Ion Current Rectifiers (ICR), where the interplay
between electro-osmotic flow and the EDL creates a diode-
like current-voltage characteristic. This provides a physical
implementation of the Rectified Linear Unit (ReLU), per-
mitting current flow in only one direction above a threshold
voltage [161].

C. ARCHITECTURES AND I/0 INTERFACES

A key goal of neuromorphic engineering is the physi-
cal realization of the ‘“‘Integrate-and-Fire” neuron. Robin,
Kavokine, and Bocquet demonstrated that this behavior
emerges naturally in nanofluidic slits. Their system couples
two distinct transport channels, one as a model for the fast
sodium and the other for the slow potassium channels of a
biological axon, through an electronic feedback loop. Under
a constant voltage input, ions accumulate (the ‘““integration”)
until a threshold is reached, triggering a negative differential
resistance event that discharges the potential in a sharp spike
(the “firing””). This device produces self-sustained trains of
action potentials structurally identical to the Hodgkin-Huxley
model, proving that spiking dynamics are an emergent
property of confined ion transport [160].

The primary architectural advantage of iontronics lies
in its interface. Since the computation uses the same ions
(Nat,K™)as living cells, iontronic devices can communicate
directly with biological tissue. This avoids the need for
transduction layers required by electronic devices and
minimizes the risk of toxic redox reactions, paving the way
for “smart prosthetics”” where the computational hardware
is chemically indistinguishable from the biological neural
network it regulates [159].

D. TRAINING AND DESIGN PARADIGMS

Training and design in iontronic neural systems follow
the general paradigms of physical learning, but are shaped
by the fact that ‘“weights” and state variables emerge
from coupled electrokinetics rather than from explicitly
addressable parameters. As consolidated in recent review lit-
erature, effective design therefore requires physico—chemical
co-design: geometry (e.g., slit height/length, tapering),
interfacial properties (surface charge, functionalization), and
electrolyte conditions (ionic strength, pH, valence) jointly set
electric-double-layer overlap, selectivity, and concentration
polarization, which in turn determine nonlinearity and the
volatility/retention trade-off [159], [161], [165]. Accordingly,
iontronic systems instantiate all three major categories intro-
duced in Section II-B, namely ex-situ digital-twin design,
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hybrid digital-physical training, and in-materio adaptation.
In practice, three strategies dominate. (i) In-silico / digital-
twin workflows use reduced transport models to guide
geometry and operating points and then rely on empirical
calibration to compensate fabrication tolerances and surface-
chemistry drift [159], [165]. (i) Hybrid training via reservoir
computing exploits transient ionic dynamics as a fixed high-
dimensional projection, while only a simple readout is trained
digitally; this is particularly attractive because it is robust
to device variability and avoids requiring accurate gradients
inside wet, nanoscale hardware [166], [167]. (iii) In-materio
adaptation leverages history-dependent conductance arising
from ionic rearrangements and interfacial state changes to
realize synapse-like plasticity primitives; here, “training” is
largely implemented through stimulation and programming
protocols (pulse trains, duty cycles) and through electrolyte
tuning [163], [164]. It should be noted that the emergence
of programmable nanofluidic memristors strengthens this co-
design perspective by showing that qualitatively different
hysteresis regimes can be accessed within the same hardware
through controlled changes in electrolyte composition and
operating conditions, turning device programming into an
explicit design handle for neuromorphic functionality [164].
Overall, digital-twin workflows benefit from model-guided
design but remain sensitive to calibration drift and surface-
chemistry variability; reservoir-style approaches are well
matched to rich transient ion dynamics but sacrifice end-to-
end optimization of internal states; and in-materio adaptation
offers substrate-native plasticity, yet currently remains con-
strained by limited controllability, observability, and update
speed.

E. REPRESENTATIVE DEMONSTRATIONS

Representative demonstrations in iontronic neural computing
now span ionic spiking elements, synapse-like memory
devices, reservoir-style processing, configurable memristive
primitives, and biointerfaced spiking components. At the
device-physics end, Hodgkin—Huxley-like spiking dynamics
have been reproduced in angstrom-scale nanofluidic slit
architectures, establishing an ““artificial axon” concept where
coupled ionic transport nonlinearities yield autonomous spike
trains [160]. Figure 10 illustrates this principle and highlights
how differential ionic selectivity and coupled transport give
rise to quiescent, initiation, and discharge phases that closely
resemble biological spiking.

At the learning-synapse end, two-dimensional nanoflu-
idic channels have demonstrated long-term memory and
synapse-like dynamics under electrochemical control, moti-
vating the view of iontronics as a route to neuromorphic
functionality that is directly rooted in aqueous transport
physics [163]. On the systems side, a particularly clear
engineering demonstration is fluidic reservoir computing
with iontronic nanochannels, which achieves handwritten-
digit classification with an experimentally reported accuracy
of 81% under a simple readout protocol, highlighting how
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transient concentration polarization can act as short-term
memory without full in-situ weight programming [166].

Finally, programmability at the device level has been
strengthened by nanofluidic memristors whose hysteresis
type can be switched by tuning electrolyte chemistry
and operating conditions, suggesting a practical route to
configurable iontronic primitives for larger circuits [164].
Bio-interfacing directions are illustrated by nanofluidic
spiking synapses based on PEDOT:PSS (a popular composite
material in this field) confined in nanopores, providing
spiking behavior in an aqueous environment compatible with
bioelectronic integration [168].
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FIGURE 10. Artificial Hodgkin-Huxley-like neuron based on 2D ionic
memristors.(A) Circuit representation of the Hodgkin-Huxley model
showing the ionic branches and corresponding Nernst potentials.

(B) Brownian-dynamics simulation of the ionic prototype, consisting of
two slits connected to reservoir pairs with different ionic concentrations.
(C) Spontaneous voltage spikes generated by the prototype, with the right
panel illustrating the quiescent, initiation, and discharge phases of a
single spike. The figure exemplifies how nanofluidic transport asymmetry
and ionic coupling can reproduce biologically familiar excitability in a
fully physical device. Reprinted from [160] with permission from the
American association for the advancement of science.

F. ENGINEERING CONSTRAINTS

The practical application of iontronics is defined by a
fundamental trade-off between bio-compatibility and com-
putational speed. The primary limitation is the inherent
mobility of the charge carriers; ions move approximately
105 times slower than electrons in silicon. Consequently,
iontronic circuits operate in the kHz regime, which renders
them unsuitable for general-purpose number crunching but
perfectly matches the millisecond timescale of biological
action potentials.

Furthermore, at the nanoscale, systems are subject to
significant flicker noise and thermal fluctuations (Brownian
motion). While traditionally viewed as a defect in deter-
ministic logic, this stochasticity is increasingly exploited as
a computational resource for probabilistic inference [160].
A significant manufacturing hurdle remains the fabrication
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of circuits at the single-nanometer scale which currently
limits large-scale integration compared to established CMOS
processes [163].

G. POSITION WITHIN PHYSICAL NEURAL COMPUTING
Iontronics occupies a unique niche as the “missing link”
between abiotic electronics and biotic wetware. It is the
only substrate that speaks the native language of biology. Its
future lies not in competing with silicon for FLOPs, but in
domains requiring high-fidelity bio-integration, acting as the
computational interface between artificial intelligence and
the human nervous system.

XIl. CROSS-SUBSTRATE BENCHMARKING

Comparing physical neural substrates is inherently difficult:
reported performance figures depend not only on the
substrate physics, but also on the experimental interface
(encoding/decoding), the training protocol, and what is
counted as system energy (core physics only vs. periph-
eral actuation and transduction). Rather than proposing a
definitive benchmark, we introduce, in this section, a first-
order comparative framework. This approach aligns with the
methodology advocated by Stepney, whose recent tutorial
emphasizes the need to rigorously define the ‘“‘physical
reservoir” properties to avoid false positives in computational
capacity [167]. We therefore propose a framework that (i)
uses a small set of standardized tasks to assess capability, and
(ii) positions substrates in a common, physically interpretable
landscape defined by characteristic speed, energy scale, and
plasticity. The goal is to make trade-offs explicit and to
identify where each substrate is a natural fit, not to crown
a universal winner.

A. STANDARDIZED TASKS: CAPABILITY TESTS INSTEAD OF
A SINGLE SCOREBOARD

A single benchmark cannot fairly represent the diversity
of physical substrates (e.g., a DNA network optimized for
molecular diagnostics versus a photonic circuit optimized
for GHz signal processing). We therefore propose two
minimal capability domains that recur across the literature
and collectively probe the key neural primitives discussed
throughout this review: (1) static classification, requiring
separability in a high-dimensional state space, and (2)
dynamic prediction/control, based on fading memory and
nonlinear temporal processing. These are not meant as
rigid standards, but as capability tests that allow comparing
whether a substrate can execute core neural functions at all.
We do not claim that the proposed framework is complete;
rather, we view it as a starting point that makes otherwise
implicit trade-offs explicit and debatable.

The canonical reference for static classification is MNIST-
style image classification (28 x 28) or compressed variants
thereof, which stresses parallel input encoding and stable
linear/nonlinear separation. Demonstrations exist for DNA
strand-displacement classifiers on compressed MNIST-like
inputs [42], for deep physical neural networks trained
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with physics-aware backpropagation in wave-based plat-
forms [16], and for integrated photonic neural networks based
on coherent interference [112]. In electronic ‘“‘computational
memory”’, memristive/PCM crossbars have demonstrated
large-scale neural inference and learning with weights stored
as conductances [87], [93], [94].

In the second domain, temporal tasks such as Mackey—
Glass prediction or NARMA-k emulation probe fading
memory and nonlinearity; closed-loop control tasks addition-
ally probe stability under feedback. Reservoir computing has
long provided substrate-agnostic baselines (e.g., liquid/wave
reservoirs) [27], [120]. Mechanical and soft robotic systems
can embody dynamics directly (e.g., compliant bodies as
reservoirs) [28], while microfluidic and pneumatic circuits
have demonstrated autonomous oscillations and gait-like
pattern generation driven by the system physics [153],
[169]. Bio-hybrid systems (neuronal cultures) have shown
closed-loop learning in real-time control environments [82].
Photonic reservoirs offer high-bandwidth temporal process-
ing via delay dynamics [121].

On a practical note, the dominant limitation for many
substrates is not the internal physics but the I/O mapping:
providing 784 independent analog inputs (MNIST) is trivial
in electronics, but a major engineering challenge for pressure-
driven microfluidics; conversely, supplying molecular inputs
to a silicon classifier often requires expensive transduction
that wetware can avoid. These asymmetries motivate the
second element of the framework: a physically grounded
landscape view.

To make these capability tests more practically usable,
Table 1 summarizes a minimal reference protocol. The
protocol is intentionally modest: it is not meant to prescribe
a single benchmark for all substrates, but to define a
common reporting baseline. Substrate-specific adaptations
are unavoidable, for example when a molecular system
cannot expose hundreds of independent inputs or when
a mechanical body naturally processes low-dimensional
continuous signals. However, deviations from the reference
protocol should be stated explicitly, so that differences in
performance can be attributed to the substrate rather than
to hidden choices in encoding, noise injection, or energy
accounting.

This protocol also clarifies the interpretation of the
landscape comparison below: speed, energy, and plasticity
should not be read as isolated material constants, but as
system-level quantities whose meaning depends on the stated
task, input encoding, noise regime, and accounting boundary.

B. QUANTITATIVE COMPARISON: THE
PHYSICS-COMPUTE LANDSCAPE

Table 2 aggregates order-of-magnitude characteristics
derived from representative demonstrations discussed across
Parts 2 and 3. We emphasize that these values are illustrative
rather than definitive: they indicate characteristic regimes,
not optimized engineering limits. Where possible we cite
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TABLE 1. Minimal reference protocol for cross-substrate benchmarking of physical neural systems. The proposed values are intended as reporting
defaults rather than rigid standards; substrate-specific deviations should be stated explicitly.

Protocol element

Static classification task

Dynamic prediction/control task

Reporting requirement

Input dimensionality

Noise levels

Training regime

Performance metric

Latency and throughput

Energy accounting

I/0 and interface over-
head

Reference input: MNIST-
style 28 X 28 images where
feasible; compressed variants with
d € {16,64,256} for substrates
with limited I/O.

Evaluate clean inputs and additive
input/readout noise at representative
SNR levels, e.g., 40dB, 20dB, and
10dB where experimentally mean-
ingful.

Report whether parameters are ob-
tained by ex-situ digital training,
device-aware training, in-situ adap-
tation, reservoir readout training, or
closed box optimization.
Classification accuracy, confusion
matrix, and robustness degradation
under noise/compression.

Time from input presentation to stable
or readable output, including settling
or relaxation time.

Energy per inference or per classified
sample.

Number and type of physical in-
put/output channels; transduction re-
quired for applying and reading in-

Low-dimensional time series with
d € [1,16] input channels; sequence
length 7 = 100-1000 samples or
substrate-specific physical time hori-
Zon.

Evaluate process or readout pertur-
bations at matched SNR levels; for
closed-loop tasks additionally report
disturbance amplitude and duration.

Same categories; additionally report
whether temporal memory is intrinsic
to the substrate or provided by exter-
nal delay/state variables.

Prediction error (e.g., NRMSE) for
time-series tasks; task reward, track-
ing error, or stability margin for con-
trol tasks.

Sampling interval, memory horizon,
closed-loop reaction time, and maxi-
mum stable control/update rate.
Energy per prediction step, control
step, or physical episode.

Same, with additional reporting of
feedback-loop interfaces for control
tasks.

Report the physical encoding of each input
dimension, compression method if used, and
whether dimensions are applied in parallel or
sequentially.

State whether noise is injected digitally, physi-
cally at the input, internally by the substrate, or
only at readout; report mean and variance over
repeated trials.

Specify train/test split, number of training ex-
amples or episodes, number of physical evalu-
ations, and whether the same physical instance
is reused.

Report mean, standard deviation, number of
runs, and whether variability is dominated
by device noise, fabrication spread, biological
variability, or environmental drift.

Separate intrinsic substrate time constants
from encoding, actuation, readout, and digital
post-processing latency.

State the accounting boundary: core substrate
only, substrate plus actuation/readout, or full
system including ADC/DAC, pumps, lasers,
cryogenics, incubation, or life support.
Report whether the dominant cost lies in the
substrate dynamics or in peripheral sensing,
actuation, conversion, and stabilization hard-

puts.

ware.

experimental demonstrations; where literature varies widely
(e.g., optical energy per MAC depending on whether tuning
and detection are included), we report broad ranges and state
what is being counted.

Following our analysis, we can say that the following
observations are robust across the surveyed literature.

1) THERMODYNAMIC AND BIOCHEMICAL LIMITS ENABLE
EXTREME ENERGY EFFICIENCY, BUT AT LOW BANDWIDTH
Molecular systems (DNA) and iontronic devices can
approach very low physical energy scales per state transition,
but their usable throughput is constrained by diffusion,
reaction Kkinetics, and stochastic fluctuations [42], [160].
This makes them attractive when transduction dominates and
sample rates are intrinsically slow (e.g., diagnostics), rather
than for high-frequency control.

2) WAVE AND FIELD SUBSTRATES EXCEL AT BANDWIDTH,
BUT PAY FOR NONLINEARITY AND INTERFACING

Photonic and mechanical wave systems implement linear
transformations ““for free” via propagation and interference,
supporting extremely high bandwidth for inference and
signal processing [16], [112]. However, strong, compact
nonlinearities and stable large-scale programmability remain
system-level challenges, often pushing architectures toward
hybrid electro-optic control [114], [115].
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3) IN-MEMORY ELECTRONIC SUBSTRATES SIT AT A
FAVORABLE MIDPOINT IF CO-DESIGNED WITH ALGORITHMS
Memristive and PCM crossbars offer dense, scalable MAC
at moderate-to-high bandwidth while reducing memory
movement. Yet their advantages are inseparable from mixed-
precision and device-aware algorithm design, because drift,
noise, and nonlinear updates violate ideal arithmetic [85],
[93], [94]. In this sense, they represent the most ‘‘engineering-
ready” route to physical neural hardware at scale.

C. SYNTHESIS: COMPUTATIONAL IMPEDANCE MATCHING
The landscape view suggests that physical neural substrates
are not drop-in replacements for silicon, but specialized
accelerators whose value emerges when the physics of the
substrate matches the physics of the problem. We term this
computational impedance matching: choose the substrate
that minimizes unavoidable transduction and that naturally
implements the dominant dynamics of the task.

« Chemical-to-decision pipelines. If the input is already
molecular (biomarkers, metabolites), DNA or biochem-
ical networks can compute in situ without expensive
sensing and digitization; long reaction times are accept-
able when sample rates are low [42].

« High-bandwidth inference. If the task is ultra-
fast signal processing (RF, optical communications),
photonic inference layers can exploit propagation
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for dense in-memory MAC near sensors [85],

[871, [93], [94].

Imprint effects; best for zero-latency edge sens-

ing [7].

In-sensor tactile computing

Hysteresis / Domain walls

~ 1071

~ 107-10°

Polarization domains

Ferroelectric / In-Sensor

Cryogenics (SC), thermal stability; best for

ultra-low power HPC [102], [106].

Intrinsic / STDP Skyrmion reservoirs; 50 GHz SNNs

~ 104194104 16

Spin / Flux quanta ~ 10°-10""

Spintronic / Superconducting

Nonlinearity and opto-electronic interface; best

High-speed classification; photonic reservoirs

Mostly configured (hybrid)

(core < 107 '2; system-dependent)

~ 10°-10""

Photons (phase/amplitude)

Photonic neural hardware

for ultrafast inference and RF/optical signal pro-

4], [115], [121].
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Wave-based classification; embodied dynamics

Coupled / emergent

~107°-107°

~ 10°-10°¢

Phonons / elastic waves

Mechanical / acoustic

smart structures and embedded vibration pro-

cessing [16], [28].

1/0 fan-in and actuation counted in energy; best

Oscillators, gait generation, soft control

In-situ / fixed logic

~1075-1073

~ 10°-10?

Fluid mass / pressure

Microfluidic / pneumatic

for untethered soft robotics in harsh EM envi-

ronments [153], [169].

Nanofabrication precision and noise; best for

Spiking primitives (axon-like)

Memristive / STDP-like

~ 10"16_10"12

~ 10%-10*

Tons (charge transport)

Tontronic / nanofluidic

bio-interfaces and low-power spiking primitives

[160], [163].

Latency and readout; best for in-sample diag-

Compressed MNIST-like classification

Static / slow adaptive

~ 10"19-10"16

~107°-1072

Molecules / concentrations

DNA (wet molecular)

nostics where transduction dominates silicon

[42].

Programmability and cascadability; best for

Spatial computing (maze, Voronoi)

Emergent

~107%-107°

~1072-10°

‘Wavefronts / chemical potential

Chemical (reaction—diffusion, BZ)

analog spatial geometry problems [60], [68].

and maintenance; best for adap-

tive bio-hybrid controllers and neuroscience-in-

Closed-loop learning/control (e.g., Pong)

True (STDP, adaptation)

~ 10151012

~10'-10°

Tons + biochemical regulation

Living (cells / neurons)

bandwidth, with electronics providing nonlinearity and
control [112], [115]:

« Dense edge inference and adaptive sensing. If the
bottleneck is moving weights and activations between
memory and compute, memristive/PCM computational
memory can provide energy-efficient MAC close to
sensors, provided algorithms are co-designed for device
nonidealities [93], [94].

« Embodied control. If the task is to generate or stabilize
physical motion in soft systems, microfluidic/pneumatic
or mechanical substrates can embody the control
dynamics directly, often counting ‘“‘computation” as
mechanical work [28], [153], [169].

« Bio-hybrid adaptivity. If continuous adaptation under
uncertainty is paramount, living neural tissue can learn
in closed-loop settings, at the cost of reproducibility and
maintenance overhead [82].

In short, a useful benchmark for physical intelligence
must not only score accuracy on a task, but must also
characterize the interface cost and the physics-algorithm
fit. The framework above provides a starting point for
that comparison and highlights where further standardized
reporting (especially for end-to-end energy and I/O costs) is
needed.

XIll. CONCLUSION AND OUTLOOK

In this review, we have surveyed a broad spectrum of physical
substrates for neural computation, ranging from molecular
reaction networks and living cellular systems to solid-state
electronic, photonic, mechanical, and fluidic hardware. Taken
together, these developments suggest that neural computation
is not tied to a particular material platform, but rather emerges
whenever a physical system provides three ingredients: rich
nonlinear dynamics, a mechanism for weighted interaction
between degrees of freedom, and a process for adaptation or
effective training [70], [85], [115]. The diversity of substrates
explored in the preceding parts demonstrates that these
ingredients can be realized through fundamentally different
physical mechanisms: charge transport, wave interference,
chemical kinetics, mechanical deformation, fluid flow, or bio-
logical plasticity [16], [28], [42], [82], [121].

A. FROM ALGORITHMS TO PHYSICAL DESIGN
PRINCIPLES

A recurring theme across all parts of this article is that
performance in physical neural systems does not arise from
abstract learning algorithms alone, but from careful co-
design of algorithms, architectures, and materials [93], [94],
[112]. In digital accelerators, the physical layer is typically
treated as an implementation detail. In contrast, physical
neural computing elevates the substrate to a first-class design
variable: device physics determines which operations are
cheap, which sources of noise are unavoidable, and which
forms of plasticity are accessible [79], [85].
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We see the following general design principles emerge
from the surveyed literature:

« Exploit native dynamics. Systems achieve their highest
efficiency when the dominant computation (e.g., linear
transformation, diffusion, wave propagation, or relax-
ation) coincides with the natural dynamics of the
substrate, rather than being emulated through control
circuitry [28], [121].

o Locality of interaction. Many substrates support only
local coupling (chemical reactions, mechanical stress,
nearest-neighbor electrical conduction). Architectures
that embrace this locality are more scalable and robust
than those attempting to impose global connectiv-
ity [42], [75].

« Tolerance to imprecision. Noise, drift, and variability
are intrinsic to most physical substrates. Successful
systems therefore rely on learning rules, redundancy,
or reservoir-style computation that remain functional
under significant uncertainty [92], [94], [121].

o Interface-aware design. In many demonstrations, the
energetic and temporal cost of sensing, actuation, and
signal conversion dominates the cost of the internal
computation. End-to-end efficiency must therefore be
evaluated at the level of the complete physical-digital
loop [42], [112], [153].

These principles suggest that the traditional separation
between ‘‘algorithm” and ‘“hardware” becomes blurred
in physical intelligence: the computational model must
be chosen with the substrate in mind, and vice versa
[85].

B. THE ROLE OF BENCHMARKING AND COMPARATIVE
EVALUATION

The benchmarking framework we introduced in Section XII
provides a first step toward systematic comparison of hetero-
geneous substrates [27], [120]. While no single task or metric
can capture the full richness of physical neural systems,
standardized capability tests and physically interpretable
performance dimensions (speed, energy scale, plasticity,
and interface cost) enable more meaningful cross-domain
discussion than isolated demonstrations [16], [82], [87],
[112].

In the long term, progress in this field will ben-
efit from community practices analogous to those in
conventional machine learning: shared datasets adapted
to physical constraints, reference tasks for static and
dynamic processing, and transparent reporting of what is
included in energy and latency measurements [85], [93].
In the absence of such conventions, performance compar-
isons between such disparate technologies like molecular
classifiers, photonic inference engines, and in-memory
electronic accelerators will lack the rigorous framework
necessary for commensurate evaluation and cumulative
progress.
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C. APPLICATION DOMAINS AND REALISTIC
EXPECTATIONS

The preceding chapters make clear that physical neural sys-
tems are unlikely to displace digital computing as a universal
platform. Their value instead lies in domains where their
physical properties provide decisive advantages and where
the required levels of reliability, stability, and environmental
robustness remain compatible with the substrate:

« In-sample molecular decision making, where chem-
ical or DNA-based networks can operate directly on
biochemical inputs without costly transduction [42].

o Ultrafast signal processing, where photonic systems
exploit wave propagation to perform linear inference at
bandwidths unattainable electronically [112], [115].

« Energy-constrained edge inference, where memristive
and phase-change memories reduce data movement by
colocating storage and computation [93], [94].

« Embodied control in soft and adaptive machines,
where mechanical or fluidic substrates naturally inte-
grate computation with actuation [28], [153], [169].

« Bio-hybrid systems, where living neural tissue provides
continuous adaptation in uncertain environments [70],
[82].

At the same time, these niches differ strongly in their
path to deployment. Some substrates are most promising
for highly specialized laboratory or medical settings, where
direct operation in the native physical domain outweighs
limited speed or reusability; others are closer to technological
translation because they can be fabricated, packaged, and
interfaced with greater repeatability. Realistic expectations
therefore require matching each substrate not only to a
computational advantage, but also to its achievable operating
stability over time.

We believe that recognizing these niches is essential to
avoid unrealistic expectations and to guide investment toward
problems where physical intelligence can offer genuine
benefits over mature digital technologies. Equally important
is to acknowledge that the most compelling application
domains are those in which the reliability requirements are
aligned with the physical operating regime of the substrate
rather than inherited uncritically from conventional digital
hardware.

D. RELIABILITY, STABILITY, AND TRANSITION TO
REAL-WORLD APPLICATIONS

Despite rapid progress, the transition of physical neural sys-
tems from laboratory demonstrations to practical applications
depends not only on computational performance, but on
whether reliable and stable operation can be maintained under
realistic conditions. Across substrates, the central challenge
is that computation is embodied in matter whose properties
drift, age, fluctuate, or depend sensitively on the environment.
As aresult, deployment requires more than proof-of-principle
functionality: it requires calibration strategies, tolerance
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to variability, and application scenarios whose operational
demands match the physical limits of the substrate.

These constraints appear in different forms across the
PNN landscape. In molecular and chemical systems, reaction
kinetics, cross-talk, reagent depletion, and resetability limit
long-term reuse and favor applications such as in-sample
diagnostics, programmable assays, or lab-on-chip decision
making, where direct biochemical operation can justify lower
throughput and stricter environmental control [42]. In living
and bio-hybrid systems, biological variability, maintenance
overhead, and limited interface bandwidth remain major
barriers to standardized deployment, suggesting that near-
term impact is more likely in closed-loop experimental
platforms, biointerfaces, and scientific model systems than
in robust mass-market computing technologies [70], [82].

By contrast, solid-state substrates such as memristive,
phase-change, and ferroelectric systems are in several
respects closer to practical edge-Al integration, but they
remain constrained by device drift, stochastic switching,
endurance limits, and the energy and area costs of peripheral
interfacing [93], [94]. Photonic systems offer exceptional
bandwidth and low-latency inference, yet their transition
to real-world use depends critically on calibration stability,
thermal robustness, and efficient electro-optical I/O [112],
[115]. Mechanical, metamaterial, microfluidic, and iontronic
approaches are particularly attractive where sensing, com-
putation, and actuation or biochemical interfacing must
be co-designed, but their prospects depend on controlling
fatigue, fouling, packaging complexity, and environmental
sensitivity over extended operating periods [28], [153], [163],
[169].

A primary concern is therefore scalability in the broader
engineering sense: not merely increasing system size, but
doing so while preserving reproducibility, controllability,
and acceptable failure rates [70], [85]. This issue is closely
linked to programmability and observability; particularly
in wetware and bio-hybrid systems, achieving identical
behavior across nominally identical devices remains difficult
to guarantee [70], [82]. Furthermore, the development of
efficient learning rules for training at scale constitutes a
major research gap, especially when dealing with non-
ideal and only partially observable substrates [2], [79], [94].
Finally, long-term stability remains a critical bottleneck,
as drift, fatigue, and aging effects inherent to almost all non-
digital substrates complicate deployment beyond controlled
laboratory settings [93], [163].

In our view, the most credible transition paths will
therefore be substrate-specific rather than universal. PNN
platforms are most likely to succeed first in application
niches where their distinctive physics provides a decisive
systems advantage and where reliability can be ensured either
by environmental control, by hybrid digital supervision,
or by a task formulation that tolerates limited precision
and gradual drift. Overcoming these multifaceted obstacles
will necessitate a concerted interdisciplinary effort across
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machine learning, materials science, device physics, biology,
and control theory.

E. PERSPECTIVE

Physical neural computing reframes intelligence as a prop-
erty that can be distributed across matter, rather than
confined to abstract algorithms executed on standardized
hardware [70], [115]. Whether implemented in molecules,
photons, deformable bodies, or living cells, neural com-
putation appears as a general organizational principle of
dynamical systems far from equilibrium [79]. We expect that
the most successful systems will be hybrid, combining multi-
ple of these physical substrates rather than relying on a single
universal platform. In such systems, digital components will
often remain essential not only for orchestration and training,
but also for calibration, error mitigation, and the stabilization
of otherwise fragile physical dynamics.

From this perspective, current demonstrations should not
be judged primarily by their raw performance relative to
GPUs or CPUs, but by the new regimes of computation
they make accessible: computation at the scale of chemistry,
at the speed of light, or embedded directly into adaptive
materials [28], [42], [112]. As these regimes mature, they
may reshape how intelligent systems are engineered, not by
replacing digital computers, but by complementing them with
substrates whose physics performs part of the computation by
default [85]. Their long-term impact, however, will depend
on whether these gains can be translated into sufficiently
reliable, stable, and maintainable operation outside carefully
controlled laboratory settings.

In this sense, we believe that the study of physical neural
networks is not only a search for alternative hardware, but
also an exploration of the physical limits and manifestations
of learning itself.
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