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ABSTRACT

Learning with physical systems is an emerging paradigm that seeks to harness the intrinsic nonlinear dynamics of physical
substrates for learning. The impetus for a paradigm shift in how hardware is used for computational intelligence stems largely
from the unsustainability of artificial neural network software implemented on conventional transistor-based hardware. This
Perspective highlights one promising approach using physical networks comprised of resistive memory nanoscale components
with dynamically reconfigurable, self-organising electrical circuitry. Experimental advances have revealed the non-trivial
interactions within these Self-Organising Memristive Networks (SOMNs), offering insights into their collective nonlinear and
adaptive dynamics, and how these properties can be harnessed for learning using different hardware implementations.
Theoretical approaches, including mean-field theory, graph theory, and concepts from disordered systems, reveal deeper
insights into the dynamics of SOMNs, especially during transitions between different conductance states where criticality and
other dynamical phase transitions emerge in both experiments and models. Furthermore, parallels between adaptive dynamics
in SOMNs and plasticity in biological neuronal networks suggest the potential for realising energy-efficient, brain-like continual
learning. SOMNs thus offer a promising route toward embedded edge intelligence, unlocking real-time decision-making
for autonomous systems, dynamic sensing, and personalised healthcare, by embedding continuous learning in resource-
constrained environments. The overarching aim of this Perspective is to show how the convergence of nanotechnology,
statistical physics, complex systems, and self-organising principles offers a unique opportunity to advance a new generation of
physical intelligence technologies.

1 Introduction

Physical learning systems can be broadly described as systems
comprised of physical substrates whose intrinsic nonlinear
dynamics can be exploited for learning1, 2. Examples include
analog electrical circuits, photonic and opto–electronic sys-
tems, as well as stochastic spintronic systems3. A particu-
larly promising approach aims to harness native brain–like,
or neuromorphic, properties exhibited by certain nanoscale
electronic devices, such as memristors (see Box 1), with
physical memory and neuromorphic dynamics4. Among the
most promising examples of such systems are Self-Organising
Memristive Networks (SOMNs). These physical networks
are described as self–organising because under external elec-
trical stimulation, they can spontaneously acquire specific
novel structural and functional properties5, effectively making
them dynamically reconfigurable electrical circuits. These

macroscale, observable properties emerge from the collective
dynamical interactions between their constituent nanoscale
elements, in the spirit of “More is Different”6. As highlighted
in this Perspective, SOMNs are unique physical learning sub-
strates because their ability to encode, store, and process
information arises directly from their material and structural
properties, positioning them at the intersection of statistical
physics, neuromorphic computing, nanotechnology, and com-
plex systems.

The importance of the structure and connectivity of biologi-
cal neuronal networks for learning was already recognised by
some of the earliest work on artificial intelligence7–9. Rosen-
blatt’s perceptron introduced probabilistic learning and sta-
tistical separability as central to cognition; he envisioned the
perceptron as a biologically–inspired model for emergent dy-
namics from random but structured physical wiring, while also
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Figure 1. Overview of self-organising memristive networks (SOMNs) as a platform for physical learning systems. a.
Conceptual figure of an on–chip SOMN device illustrating that, in response to electrical signals, the physical network substrate
undergoes adaptive changes in conductance (red); this is due to resistive switching in nanoscale junctions between the
self-assembled elements, associated with atomic rearrangements and electron transport (inset) driven by the applied electric
field12, 17, 18 b. Envisaged applications and use cases at the sensor edge, where latency, bandwidth and compute resource
constraints demand in situ machine intelligence that is low power and energy efficient, and able to learn continuously on-device
as the physical environment changes. c – e. Scanning Electron Microscope (SEM) images of different nanowire (c and d) and
nanoparticle (e) SOMNs. Scalebars are 25 µm, 5 µm and 200 nm for panels c, d and e, respectively. SEM images in panels c
and e are adapted from19 and20, respectively, while d is original.

noting practical limitations in scaling such architectures8–11.
These early insights motivated the first experimental realisa-
tions of SOMNs as scalable physical networks with brain–like
architectures and dynamics achieved using disordered nano-
electronic materials12–16.

In neuromorphic and brain–inspired computing, a current
focus of research is the exploration of materials and devices
that can be engineered to mimic the dynamics and efficiency
of biological neurons and synapses21, 22. In addition, memris-
tor devices connected in a cross-bar array architecture map
directly onto the bipartite graph structure of artificial neural
networks (ANNs) and can thus serve as a physical instantia-
tion of matrix–vector multiplications for efficient inference of
ANN models23, 24. In this Perspective we posit that SOMNs
are unique physical learning substrates because they mimic the
structure–function relation of the brain, which is the archety-
pal non–equilibrium dynamical learning system18, 25–30. Typ-
ically comprised of nanowires12, 13, 19 (NWs) or nanoparti-
cles15, 16, 31 (NPs), SOMNs are formed via bottom–up syn-
thesis, which naturally produces a high density of intercon-
nections, far surpassing the limits of conventional top-down
lithographic fabrication14. Their electronic architecture is also

inherently stochastic32, just like biological neuronal networks,
i.e. no two single brains are identical.

Figure 1 summarises the key features of SOMNs as mul-
titerminal platforms for physical learning. SOMNs exhibit
internal conductance states that adaptively respond to exter-
nal electrical signals (Fig. 1 (a)), which may be delivered
directly when embedded at the sensor edge for a wide range
of applications (Fig. 1 (b)). Most importantly, the response
is associated with internal dynamical states. Fig. 1c,d and
e show, respectively, scanning electron microscopy (SEM)
images revealing the complex topology of SOMNs based on
electrochemically grown NWs, randomly dispersed NWs, and
randomly deposited NPs. In contrast to conventional hardware
computing systems (and many unconventional ones), SOMNs
can process information efficiently without the need for direct
addressability of individual components1, similarly to biologi-
cal neural networks. SOMNs can operate as physical learning
substrates by applying relatively simple learning schemes that
leverage their adaptive dynamical responses to input electri-
cal signals, similar to biological plasticity and in contrast to
global weight training used in ANNs. SOMNs can be viewed
as complex physical systems, as they produce higher-order
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Box 1: Memristive devices

The ideal memristor is defined by the relationship between flux (Φ) and charge (q):

dΦ = M dq, (1)

where M, the memristance, depends on Φ or q. If M is constant, the device behaves as a linear resistor; if M varies, the
memristor exhibits nonlinear behaviour. Memristors are typically characterised by a "pinched hysteresis loop" in their
current-voltage (I-V ) graph, which intersects at zero voltage and current39.
A general description of a memristive device is:

dx
dt

= F(x,u), y = H(x,u)u, (2)

where x represents internal (physical) states, u is the input (V or I), and y the output. The function H(x,u) corresponds
to the memristance or memductance40.
The concept dates back to the 19th century with studies on arc lamps and early radio components. However, in 1971,
Chua formalised the memristor as the fourth fundamental circuit element, defining it as a device that “remembers"
the history of past inputs. From a practical perspective, it is useful to think of a memristive device as a resistance
(e.g., satisfying Ohm’s law RI = V ) with a time dependent R(t), whose value depends on the history of V (t) (or
I(t), depending on the type of device). In practice, memristive devices can be experimentally realised by exploiting
the physical mechanism of resistive switching in nanoscale devices41. Key classes of resistive switching memory
(ReRAM) devices include i) electrochemical metallisation memories (ECM), where metal cations form/dissolve
conductive filaments, ii) valence-change memories (VCM) where anion/vacancy motion modulates interfacial barriers
and filaments42, 43, and iii) phase-change memories based on reversible amorphous-crystalline structural transitions44.
While variability and stochastic effects typical of experimental devices can be limiting for memory applications, they
can also be exploited as a computational resource in neuromorphic devices45. The extension of the two-terminal
memristive concept to generic multiterminal memristive systems, as SOMNs, is discussed in Ref.46

nonlinear dynamics, criticality and phase transitions in the
order parameter. These non-trivial dynamics emerge from the
interplay between nanoscale transport dynamics (which gener-
ate high degrees of freedom in their internal resistance states)
and heterogeneous, recurrent network connectivity27, 33.

This Perspective is intended for researchers across several
disciplines. Physicists can view SOMNs as physical substrates
to study emergent phenomena6, like criticality, by means of
dynamical systems and statistical mechanics frameworks. Ma-
terial scientists and chemists may be motivated to explore
new types of functional nanomaterials with similar properties
(e.g. dynamic reconfigurability, long-range spatio–temporal
correlations, as well as resistance to perturbations and self–
healing, all key properties of adaptive, complex systems34).
Computational neuroscientists may find value in SOMNs as
an abiotic platform for gaining new insights into how coupled,
physics–constrained synaptic dynamics produce multi–scale
brain-like dynamics and process information35–38. Computer
scientists may instead view these physical systems as a poten-
tial platform for efficient machine learning applications and
for exploring new approaches to solving computing problems.

Beyond scientific interest, SOMNs have the potential to
address practical challenges in embedded edge intelligence47.
Their ability to learn in situ under resource constraints makes
them ideal for applications in robotics and autonomous sys-

tems, as well as for continuous real-time dynamic sensing and
predictive analytics (cf. Fig. 1 (b)). Indeed, in these edge appli-
cations, SOMNs offer a viable solution to AI’s energy crisis48.
SOMNs not only bypass the von Neumann bottleneck, by in-
tegrating memory and processing in a single system, but also
enable efficient learning directly at the physical interface with
reduced software complexity. To understand how SOMNs
can bridge material properties and learning, we examine the
physical principles that underpin their brain-like dynamics
and highlight how these systems have been implemented to
date to perform meaningful learning tasks.

The remainder of this Perspective is organised as follows.
Sec. 2 discusses the brain–like dynamics of SOMNs, includ-
ing the underlying transport physics that produces physical
plasticity (sec. 2.2) and criticality (sec. 2.3). Sec. 3 presents
a theoretical explication of SOMNs as complex physical sys-
tems, including theoretical methods for elucidating how mem-
ristive nonlinearity and memory combined with the physical
constraints of Kirchhoff’s circuit laws induce highly non-
trivial dynamics (sec. 3.1), and how a mean-field model can
be constructed (sec. 3.2). Sec. 4 discusses two main ap-
proaches to physical learning demonstrated with SOMNs:
physical reservoir computing (sec. 4.1) and associative learn-
ing (sec. 4.2). We conclude with an outlook in sec. 5.
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2 Brain-like dynamics in SOMNs
SOMNs are multiterminal memristive systems (Fig. 2(a))
where brain-like dynamics arise from nanoscale transport
dynamics and network connectivity. Emergent brain-like prop-
erties include plasticity, e.g. the ability to adapt to changing
input signals; and avalanche criticality, e.g. signal propaga-
tion exhibiting long-range spatio-temporal correlations18, 27.
Although the underlying nanoscale transport processes in NW
and NP networks differ, both types of SOMNs show similar
brain-like dynamics related to collective memristive switching
effects.

2.1 Physics of ionic/electronic transport
NW networks. The dynamics of NW networks are governed by
ionic transport in the junctions between NWs. The NWs are
comprised of an electromigrating metal and a dielectric and
assemble into a random arrangement where a nanoscale elec-
trical junction forms at each contact region at the intersection
between two NWs 17, 49. Most commonly, NW networks em-
ploy silver as the electromigrating metal with either a polymer
coating (e.g., Polyvinylpyrrolidone, PVP)27, 50, 51 and/or metal
chalcogenide (e.g., Ag2S12, 52), though other materials have
also been explored (e.g. Ag-TiO2

53, AgI54, Ag2Se55, 56). Un-
der externally applied electrical stimulation, the strong electric
field in nanoscale junctions can force Ag+ cations to electro-
migrate towards the opposite wire, where they nucleate back
to metallic Ag, and form conductive nanofilaments across the
junction51. Evidence that the transport is localised into atomic-
scale metallic filaments is given by quantum conductance ef-
fects, where conductance states are observed in multiples of
the fundamental quantum of conductance G0 = 2e2/h50, 57.

Counter to this additive process, minimisation of the interfa-
cial energy and local electromotive force effects (nanobattery
effect) act to dissolve the nanofilaments58, becoming the dom-
inant process when the applied voltage is removed. Therefore,
similarly to biological neurons where the synaptic strength
is associated with changes in ionic flow and to membrane
depolarisation and spontaneous repolarisation, NW junctions
modulate their conductance depending on input history and
are characterised by a short-term memory ranging from mil-
liseconds to seconds. This mechanism is one of the most com-
mon memristive behaviours, at the basis of electrochemical
metallisation (ECM) memories and atomic switch devices59.
In addition to the external electrical bias, the main intrinsic
factors are ion mobility and redox rates60.

Zooming out at the macroscopic level, NW networks are
characterised by metastable states induced by the collective
interactions among many memristive junctions where nanofil-
aments are continuously reshaped due to the local redistri-
butions of electric potential and current. Under AC voltage
sweeps, NW networks exhibit a collective hysteresis response
characteristic of memristive systems (cf. Fig. 2b). When
large external biases are applied, or local inhomogeneities
are present, Joule heating can induce local breakdown in sin-
gle nanowires, creating gaps where metal ions electromigrate

and form nanofilaments, as in NW junctions57. While the
short-term dynamics of such new memristive elements are
likely indistinguishable from those of NW junctions (from
the electrical point of view), the network topology, along with
all local redistributions of electrical potential and current, is
irreversibly changed, thereby imparting long-term memory
characteristics to the network. Borrowing terminology from
connectomics63, 64, resistive switching in NW junctions and
the creation of new memristive connections across single NWs
can be associated with two forms of plasticity: reweighting,
where an existing synapse (junction) changes its conductance,
and rewiring, where a new synapse is created by forming a
previously absent connection across a gap51. The collective
spatiotemporal dynamics of multiterminal SOMNs can be ex-
perimentally investigated by monitoring the evolution of the
conductance matrix of the system where each matrix element
is the effective resistance between two terminals of the SOMN
(cf. Fig. 2c) and/or through voltage maps that provides infor-
mation about the spatial distribution of the voltage drop when
a stimulation is provided.61

NP networks. NP networks are typically fabricated in vac-
uum using nanoscluster production systems that deposit the
NPs on a solid substrate. There, they form a 2D layer of con-
nected groups of particles separated by nanogaps65, 66. With
this method, the surface coverage can be precisely tuned to
poise the system near the percolation threshold. This is vital
as it results in scale-free network structures and consequently
scale-free dynamics67. Interestingly, it has been found that the
architectures of 3D percolating networks are similar to those
of 2D systems68. Typical metallic materials employed are
Sn16, 65, 66, 69, 70, Bi71, Au72–75, Ag76–81, and Cu82, but recent
work in which devices were fabricated using Mo NPs shows
the diversity of materials that can be used83. The most recent
work on Ag devices80, 81 provides a possible connection to
work on NW network devices and suggests that the evolu-
tion of Ag network morphology strongly affects memristive
switching behaviour.

The dominant microscopic conduction mechanisms in NP
networks can differ from those in NW networks. In the most
widely studied NP systems, notably Sn NP networks measured
in vacuum, there is currently no evidence that electrochemi-
cal ionic transport plays a role16, 66; instead, conductance is
generally consistent with field-driven atomic rearrangements
in nanogaps that modulate tunnelling and can evolve into
filamentary bridges under stronger driving. Au discontinu-
ous films exhibit closely related field-driven nanogap/filament
dynamics both in air and in vacuum74. These physical mecha-
nisms are in contrast to electrochemical mechanisms that are
responsible for the similar effects with NW-based SOMNs76.
For example, quantum conductance effects have also been
observed in NP-based SOMNs65.

The memristive mechanism in NP networks is described
as follows: under an external electrical bias, the strong elec-
tric field in the gaps between NPs causes surface atoms to
move85. At low electric fields, this force creates “hillocks" on

4/24



Figure 2. Memristive and brain–like dynamics of SOMNs. (a) Schematic of a multiterminal SOMN device. (b) Example of
memristive behaviour of a NW network measured under multiple AC cycles in a two-terminal configuration, showing hysteresis
loops in the I-V plane typical of memristive systems; line colours (from brown to red) depict cycle number; the inset shows a
schematic of the electrochemical metallisation mechanism underlying memristive switching at each junction. Adapted from
Ref. 51. (c) Conductance matrix of a multiterminal NW-based SOMN device where each matrix element represents the effective
resistance between a pair of terminals. Adapted from Ref.61. (d) Example of synaptic plasticity responses in multiterminal
NW-based SOMNs where a spatiotemporal input (left panel, with multiterminal SOMN schematic as inset) drives changes in
synaptic conductance (right panel); circled areas highlight changes related to direct stimulation of the corresponding
conductance pathway, where temporally correlated inputs results in paired pulse facilitation (PPF). Adapted from Ref.62.

the surface of NPs that reduce the gap size, thus modulating
the tunneling current86. At high electric fields (or if the field is
applied for a long time), the hillocks extend all the way across
the gaps and form filaments65. Once the bias is removed,
the hillocks relax back due to interfacial energy minimisa-
tion, while filaments break due to electromigration effects65.
The filament formation and breaking processes can be char-
acterised as neuron-like integrate-and-fire mechanisms87 and
timescales are typically in the microseconds range84. Fila-
ment formation / breaking leads to well-defined changes in
conductance i.e., switching events. When one gap switches,
it causes a redistribution of voltage and current across the
network, leading to avalanches of events that resemble those
observed in biological neural networks88, 89 (cf. sec. 2.3).

These field-driven morphological changes provide a natural
internal state for each junction, with bias-induced growth nar-

rowing the tunnelling barrier and post-bias relaxation widen-
ing it again. The junction conductance therefore reflects a
history-dependent effective gap size. Because the conduc-
tance of NP junctions depends exponentially on the instanta-
neous tunnelling barrier width (i.e. on the effective gap size),
even a modest, history-dependent change in protrusion height
produces a strong nonlinear potentiation during stimulation,
followed by a gradual decay after stimulation. It has been
shown that the low field hillock and high field filament modes
are useful for different kinds of computation70, 86, 90–94.

Charge migration and/or atomic rearrangement in the
nanoscale junctions between NWs or NPs are responsible for
the memristive switching dynamics in SOMNs. Together with
their network connectivity, these mechanisms result in self-
adaptation to changes in the input signals (synapse-like plas-
ticity) and critical dynamics (neuron-like avalanches), which

5/24



Figure 3. Scale-free collective dynamics of SOMNs. (a) Self-similar conductance changes in memristive switching events in
NP networks. Top panel: 2400 s of experimental data; lower panels: successive segments of the data with 10, 100 and 1000
greater temporal magnification and with 3, 9 and 27 times greater magnification on the vertical scale (conductance changes
shown in units of G0 = 2e2/h for convenience). These avalanches of activity appear qualitatively similar across multiple time
scales. (b,e) The probability density function P(∆G) for changes in total network conductance exhibits heavy-tailed
distributions. (c,f) Inter-event intervals exhibit power-law statistics, suggesting temporal correlations between events. (d,g) The
autocorrelation function of the switching activity (red) decays as a power law over several decades; shuffling the IEI sequence
(gray) destroys correlations and yields a steeper decay. Data in (b–d) are measured using a slow sampling rate, whereas (e–g)
are measured using a sampling rate which is 103 times faster, providing further evidence for self-similarity. Adapted from
Ref.16, where it was also shown that the avalanches satisfy strict criteria for criticality. Subsequent work demonstrated that
power law behaviour was still observed with µs sampling times84.

are discussed in more detail below.

2.2 Plasticity
Plasticity refers to the capacity of a system to modulate its
internal states or connectivity in response to external stimuli.
In biological neuronal networks, plasticity is fundamental to
learning and memory, enabling organisms to retain, discard,
and process information in response to new signals. Following
experimental demonstrations of memristive devices as synap-
tic elements in neuromorphic circuits95, 96, a wide range of
synaptic functionalities have been realised in SOMNs due to
their ability to dynamically reconfigure in response to external
electrical stimuli, particularly in multiterminal configurations.

A brief taxonomy. To facilitate the discussion below, we in-
troduce here the main forms of plasticity typical of biological
systems that can be implemented in SOMNs. Homosynaptic
plasticity: this is a stimulus-specific modulation of synaptic
weight (input-specific “synaptic” strengthening/weakening).
Heterosynaptic plasticity: a form of synaptic plasticity where
the strength of a synapse changes even though that specific
synapse was not directly activated. Short-term plasticity
(STP): a temporary change in synaptic strength caused by
recent presynaptic activity, producing a fading-memory trace
of recent inputs. Metaplasticity: plasticity that depends on
the prior history of modifications (past activity changes the
future plastic response). Structural plasticity: refers to per-

sistent topological changes (creation/removal of conductive
connections) that encode longer-term memory.

Homosynaptic and heterosynaptic plasticity in multitermi-
nal SOMNs. Experimental results show that the emergent be-
haviour of NW networks can emulate input-specific changes
in synaptic conductance pathways, resembling homosynaptic
plasticity51, 97. Additionally, multiterminal memristive de-
vices demonstrate that plasticity can also extend to synaptic
pathways not directly stimulated, effectively mimicking het-
erosynaptic plasticity effects51, 98. Heterosynaptic plasticity
effects in SOMNs are related to the modulation of not-directly
stimulated conductive pathways due to a network-level redis-
tribution of currents/voltages under Kirchhoff constraints.

Short-term plasticity and fading memory (volatile inter-
nal state). These networks also exhibit short-term plasticity,
where synaptic weights—represented by the effective conduc-
tance between neuron-like terminals—depend on recent stimu-
lation history, as evidenced by potentiation during stimulation
followed by spontaneous relaxation after the end of stimula-
tion. This effect is related to volatile memristive mechanisms
inherent in network elements33, 51, 99. Short-term memory ef-
fects, experimentally demonstrated to be controllable across
multiple timescales51, enable the emulation of working mem-
ory processes observed in biological brains. Working memory
includes not only the temporary retention of information but
also its active manipulation99, 100. Crucially, these short-term,
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relaxing conductance traces provide the physical basis of a
fading-memory kernel, which facilitates the implementation
of reservoir computing paradigms (sec. 4.1).

In the case of NPs, this plasticity/memory arises from the
same field-driven nanogap dynamics described in Sec. 2.1:
an applied bias drives surface-atom migration that builds a
nanoscale protrusion (“hillock”) into an inter-particle gap,
thereby narrowing the effective tunnelling barrier and potenti-
ating the junction conductance during stimulation; once the
bias is removed, surface-energy-driven relaxation competes
with the prior growth and retracts the protrusion, producing
a gradual conductance decay that encodes recent input his-
tory (a volatile internal state and fading-memory short-term
plasticity)101, 102. Note that the intrinsic timescales of these
effects (µs) are much faster than those observed in NW-based
SOMNs and plasticity in these systems needs further study. In
fact, recent work on PNNs had focused on the incorporation of
molecular memristors/synapses into the networks to achieve
long term memory effects alongside neuron-like dynamics;
complex network dynamics result from the interaction (via
Kirchhoff’s laws, of the multiple hillocks that are distributed
across the network, and can be exploited for RC103–105.

Metaplasticity, long-term and structural plasticity (persis-
tent memory). Beyond short-term effects, NW networks can
also preserve memory of previously established pathways
while forming new connections. This capability mirrors meta-
plasticity in biological systems, where synaptic plasticity de-
pends on the historical context of prior modifications100. Fur-
thermore, changes in the NW network’s physical topology,
known as structural plasticity, have been observed through
electrically induced rupture and electrochemical rewiring of
NWs51, 57. These long-lasting changes in SOMNs can be
exploited to emulate long-term plasticity effects, a crucial
aspect for storing knowledge in the system during learning. In
this context, tomographic measurements have experimentally
shown that spatiotemporal stimulation patterns in multitermi-
nal memristive NW networks can induce adaptive changes in
the effective synaptic conductance of the pathways connect-
ing the stimulated terminals, as illustrated in Fig. 2d. These
spatially correlated short-term plasticity effects can further
evolve into long-lasting memory traces resembling biological
memory engrams, namely the physicochemical modifications
thought to underlie stored experiences in the brain62. Simi-
larly, short-term and long-term memory functionalities have
also been reported in NP networks106. Collectively, these
findings demonstrate the potential of SOMNs as substrates for
both processing and storing information at the material level.

In particular, it is possible to observe that: i) stimulation of
a pair of electrodes results in potentiation of the correspond-
ing synaptic pathway, followed by spontaneous relaxation due
to volatile effects; ii) temporally correlated inputs produce a
gradual increase in the effective synaptic conductance, emu-
lating paired-pulse facilitation (PPF); and iii) stimulation of
a pair of electrodes also gives rise to changes in non-directly
stimulated synaptic pathways (heterosynaptic plasticity) due

to the connectivity of the system.

2.3 Criticality
Critical phenomena play a fundamental role in various physi-
cal systems, characterised by divergent spatio-temporal cor-
relations and the breakdown of mean-field theory (MFT)
approximations. Classic equilibrium examples include the
paramagnetic–ferromagnetic phase transition described by the
Ising model. Importantly, similar critical behaviours emerge
in non-equilibrium biological neuronal networks107, where
they are believed to underpin efficient information processing.

NW-based SOMNs, which are generally fabricated above
the percolation density threshold, exhibit criticality when net-
works are electrically stimulated just above a critical applied
voltage108, 109. Avalanche criticality observed in Ag-based
NW networks is due to electrical percolation when the net-
work dynamics is dominated by electron tunnelling in the
junctions110, 111. This occurs when junction tunnel gaps form
as Ag filaments evolve. These gaps continuously close and re-
open as filaments grow and stochastically decay, driving rapid
memristive switching between metastable conductance states.
At voltages well above the critical voltage, some memristive
junctions can form stable filaments that support ballistic trans-
port. When this occurs, NW networks undergo a discontinu-
ous dynamical phase transition resembling dielectric break-
down (also referred to as a “bolt phase”), characterised by the
emergence of large amplitude avalanche events108, 111–113.

The first evidence of avalanche criticality in SOMNs was
demonstrated in NP networks20, which are fabricated at the
percolation threshold and thus exhibit scale-free responses to
electrical stimulation. As shown in Fig. 3, conductance activ-
ity patterns (avalanches of switching events) are self-similar
across multiple time scales and can be analysed through the
probability density function, the inter-event intervals statistics
and autocorrelation function.

Recent experiments114 provide deeper insights into critical
phenomena in NW networks. These studies demonstrate the
programmable induction of critical states via targeted electri-
cal stimulation. Importantly, spatially distinct regions within
NW networks can exhibit and sustain local critical dynam-
ics, facilitating spatially correlated interactions that directly
influence computational functionality.

While both NW and NP networks show critical dynamics,
their measured exponents deviate from known universality
classes, hinting at novel behaviour. This may arise due to
higher–order interactions or specialised percolation dynamics
not fully captured by standard theoretical percolation mod-
els115, 116, as previously suggested67, 101, 117. In particular, the
combination of tunneling transport and memristive switching
dynamics may distinguish SOMNs from classical percola-
tion universality classes. Recent studies show that tuning
network dynamics, via global feedback118 or local control of
junctions114, can steer systems toward different universality
classes, offering pathways to control and apply criticality in
SOMNs.

7/24



Avalanche criticality in SOMNs is an important concept, as
it is a prominent feature that mirrors experiments performed
in neuroscience119. It is in fact hypothesised that functioning
near this point optimises information processing88, 89, 107, 120.
SOMNs are controllable and experimentally accessible physi-
cal systems, and offer valuable abiotic platforms for rigorously
testing this hypothesis through direct implementation and anal-
ysis of computational tasks (discussed further in sec. 4).

3 SOMNs as dynamical complex systems
As highlighted in the previous section, SOMNs are complex
and dynamic electrical circuits that produce emergent non-
linear dynamics. Here, we present a theoretical framework
that explicitly treats SOMNs as dynamical complex systems
subject to the physical constraints of Kirchhoff’s electrical
conservation laws. This theoretical framework enables models
to be developed to gain deeper insights into how the exper-
imentally observable collective dynamics arise from mem-
ristive interactions. In particular, this framework is useful
for identifying dynamical transitions and to characterise the
dynamical regimes that may enhance learning121–123, as elab-
orated in sec. 4. Sec. 3.1 presents a theoretical framework of
SOMNs in terms internal memory parameters, while sec. 3.2
presents a macroscopic mean-field description taking into
account Kirchhoff’s laws and its relation to experimentally
observed collective properties.

3.1 Theoretical Methods
A practical theoretical framework for modelling SOMNs is
the lumped-circuit approximation (i.e. an approximation of
the underlying physics in terms of electrical elements and
Kirchhoff’s laws), which mathematically describes SOMN
networks through a graph-theoretical approach. By represent-
ing their conductance dynamics with memristive elements and
voltage drops across the junctions, SOMNs can be effectively
modelled as assemblies of interacting subcircuits, each corre-
sponding to an individual memristive junction (neglecting the
resistance of individual NWs or NPs). Their interactions are
governed by Kirchhoff’s laws and constrained by their under-
lying circuit topology, resulting in complex, high-dimensional
nonlinear dynamical systems.

A convenient way to mathematically capture the diverse
nonlinear dynamics observed experimentally is to model each
junction’s conductance as a dynamical variable dependent
on its voltage or current history. This approach provides a
simplified model that captures memory and adaptation using
only voltage, current, and time, i.e., physical observables.
This method applies to both NW124 and NP125 networks and
can be extended to other systems126.

The internal state of each memristive junction typically
evolves according to a first-order differential equation of the
general form (cf. Box 1):

dg
dt

= F
(
g, δv(t), t

)
, G = G(g), (3)

where g ∈ [0,1] represents a normalized internal memory
parameter, and v(t) denotes the local instantaneous voltage
across the junction. The function F encodes how the con-
ductance changes in response not only to v(t) but also to
make explicit time dependence, allowing modelling of more
complex memory behaviours. G(g) represents the electrical
conductance of the junction in terms of g. An equivalent rep-
resentation can also be made in terms of electrical resistance.

While the lumped-element model introduced above is
widely applicable, alternative modelling approaches have
been developed, with different memristive mechanisms. For
instance, a potentiation–depression rate balance equation,
originally derived from detailed studies of single memris-
tive junctions127, has been used to describe dynamic conduc-
tance changes at both the junction level30 and in spatially ex-
tended NW networks via a grid-graph modelling framework98.
These rate-based models offer a complementary theoretical
perspective by naturally capturing key plasticity phenomena,
including short-term plasticity, metaplasticity, and structural
plasticity, as emergent from cumulative electrical activity.

The lumped-element approximation simplifies the system
by reducing each junction to a single memory variable, omit-
ting other physical degrees of freedom that may affect network
dynamics. For instance, small but finite capacitive effects
at the junctions, though often excluded from basic memris-
tive models, have been experimentally observed and may
become significant under certain conditions128, 129. These ef-
fects introduce distinct memory-like dynamics and can be
examined using techniques such as Nyquist impedance spec-
troscopy129, 130.

From a practical standpoint, Kirchhoff’s laws can be nu-
merically solved for a given network and initial junction states
to determine voltages and currents across each element. In-
tegrating the dynamical equations (3) then reveals the time
evolution of the conductances. This direct approach is widely
used in the literature30, 33, 86, 87, 97, 108, 125 to assess the effective
conductance and functional behaviour of SOMNs.

To expose how topology and constraints shape dynamics
and to gain analytical insight, an analytical method using the
projector operator formalism (see Box 2) has been devel-
oped131. This incorporates Kirchhoff’s constraints into the
junction evolution equations via projection matrices: ΩB in
the nodal formalism and ΩA in the mesh formalism. Within
this framework, the network dynamics reduce to a system of
coupled nonlinear ordinary differential equations:

dg⃗
dt

= F⃗
(⃗
g, ⃗δv(t), ΩB, t

)
, (4)

where ΩB ensures explicit enforcement of Kirchhoff’s laws.
In equations like (4), nonlinear memory effects emerge

from the interplay between circuit topology and time-
dependent junction conductances. Unlike resistive networks
with fixed internal states, memristive networks continuously
adapt their conductance (or resistance) in response to external
driving. The topology is captured via projector matrices, Ω,
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which typically appear in the equations when Kirchhoff’s laws
are implemented analytically also via matrix inverses of the
form (I±χΩG )−1, where Gii = gi is a diagonal matrix124, 131.

This formalism can be extended to more general network
motifs, where edges represent subcircuits with more complex,
higher-order behaviour, such as inductive or capacitive cou-
pling, in addition to memristive132. Though not explored in
detail here, such extensions may be important for accurately
modelling phenomena like the experimentally observed capac-
itive effects in SOMNs128, 129. Crucially, the matrix inverse
structure in the projector formalism induces nontrivial feed-
back loops within the network. These loops underpin emer-
gent behaviours such as self-organisation and dynamical phase
transitions124, providing a unified analytical framework for
linking local memristive dynamics to rich global behaviour.

Incorporating stochasticity into SOMN dynamics offers a
powerful extension of the theoretical framework. Stochasticity
is a fundamental characteristic of SOMNs32, 87, particularly
in the high-voltage regime where the formation and rupture
of conductive filaments leads to continuous redistributions of
voltage and current, thereby triggering new switching events.
The inherent complexity of these networks67 further implies
that the timing of such events is effectively random. Moreover,
the filament formation process itself is intrinsically stochas-
tic84. Accordingly, SOMNs can be modelled as stochastic
dynamical systems32, with network conductance described,
for example, by an Ornstein–Uhlenbeck process that blends
stimulus-driven evolution with intrinsic fluctuations. This
stochastic mean-field approach captures features such as con-
ductance noise and jumps, while enabling analysis of the
potential landscape and the interplay between noise, steady
states, and computational capability. In this way, stochastic
models provide deeper insight into collective behaviour that
cannot be fully described by deterministic frameworks.

The “solid–liquid brain” metaphor133 helps clarify, at an
intuitive level, why plasticity is central to SOMNs. Unlike
static resistive networks (“solid brains”), whose connectivity
and functional response are essentially fixed, SOMNs be-
have more like “liquid brains”: external stimuli continuously
reshape their effective conductance pathways (the internal
states), allowing the system to adapt its internal state in a way
that is closer to biological substrates134, 135. These models
enable us to describe and even guide the evolution of useful
dynamical states, allowing for learning as a form of guided
self-organisation136. In this sense, plasticity is not an inci-
dental property, but a defining ingredient of the collective
dynamics discussed in this section, because it is precisely
the coexistence of memory, reconfigurable connectivity, and
Kirchhoff-constrained feedback that gives rise to rich emer-
gent behaviour126 From a theoretical perspective, equations of
the form (4) explicitly combine memory and topology, while
also allowing the construction of Lyapunov functions and
hence a stability analysis akin to that of Hopfield networks.
These functions reveal attractor dynamics in an effective po-
tential landscape137, showing how stimulus-dependent plastic

reconfiguration can generate nonlinear responses, metasta-
bility, and exploration of multiple configurations. Such fea-
tures are directly relevant for optimisation and learning, but
they also indicate that SOMNs should be viewed as non-
equilibrium complex systems in their own right. For this
reason, beyond mean-field and circuit-theoretic approaches,
novel theoretical methods drawn from complex systems and
disordered systems may prove especially valuable for under-
standing how plasticity, disorder, and feedback jointly shape
their emergent dynamics.

The above exposition provides a phenomenological descrip-
tion of SOMNs via Kirchhoff-constrained dynamical equa-
tions for the full ensemble of junction states g⃗. Many experi-
mentally accessible properties, however, concern macroscopic
observables such as the effective conductance G and the emer-
gence of collectively distinct low- and high- conductance
regimes under changes in control parameters (e.g. voltage,
density, connectivity, noise). This motivates a complementary
coarse-graining: in the next subsection, we introduce a mean-
field theory (MFT) that reduces the high-dimensional network
dynamics to an order-parameter description (e.g., ⟨g⟩ or G),
thereby enabling analytical insight into when conductance
transitions occur and where the approximation breaks down
near critical regimes.

3.2 Mean field theory of conductance transitions
Critical phenomena in SOMNs occur in at least two related
but distinct forms. First, avalanche criticality has been ob-
served experimentally in both NW and NP networks, where
the electrical response exhibits scale–free switching statistics
and long-range spatiotemporal correlations16, 74, 84, 87, 108, 109

(see Fig. 3). In NP systems in particular, these behaviours are
closely connected to transport near the percolation threshold,
so percolation-based descriptions provide a natural starting
point for interpreting the emergence of scale–free dynamics.
Second, SOMNs appear to exhibit memory-driven conduc-
tance transitions that are not purely geometrical, but instead
arise from the interplay between memristive internal states,
external driving, and Kirchhoff-constrained network feed-
back108, 116, 137. In this case, the transition refers to the emer-
gence and coexistence of multiple macroscopic conductance
states, and to switching or bifurcation between low- and high-
conductance regimes as control parameters such as voltage,
density, or connectivity are varied. Analogies to random fuse
models138, dielectric breakdown112, and tunneling-dominated
percolation117 remain useful for framing these behaviours, but
they do not fully capture the role of memory in shaping such
dynamical transitions. From this perspective, avalanche criti-
cality and percolation are established experimental motifs in
SOMNs, whereas these memory-induced conductance transi-
tions are also of theoretical interest in their own right, because
they point to a class of non-equilibrium collective phenomena
that likely require new analytical and computational methods
to be understood fully.

Numerical studies further suggest that these conductance
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Figure 4. modelling emergent behaviour of memristive networks. (a) Experimental conductance measurements (blue)
showing potentiation and relaxation dynamics related to short-term plasticity effects in NW networks under voltage pulse
stimulation (red), corresponding grid-graph modelling (black dashed line) and mean-field theory results (green dashed line)
obtained by using methods outlined in sec. 3. (b) Corresponding grid-graph modelling visualisation of spatiotemporal network
dynamics, characterised by the progressive formation of a conduction path bridging electrodes that progressively fades way
after the end of stimulation. Red intensity is proportional to edge conductance, while blue intensity is proportional to node
voltage. Adapted from Ref. 140 and 124.

transitions are reflected in changes of the global conductance
patterns of the network. To clarify whether such critical points
exist, how many macroscopic states can coexist, and what de-
termines the order and universality of the transition, analytical
mean-field approaches are particularly valuable. For example,
mean-field descriptions of the percolation transition in mem-
ristive networks have been developed by approximating each
junction as a threshold-based conductance switch113, build-
ing on ideas from random fuse models117, 138. While such
approaches capture useful aspects of the collective behaviour,
they are not sufficient to predict critical exponents in SOMNs
quantitatively, since this requires a more refined treatment
of junction-level dynamics139, of transport mechanisms such
as tunneling, and more generally of the feedback between
memory and Kirchhoff-constrained network dynamics. For
this reason, these transitions are not only relevant for inter-
preting experiments, but also constitute a theoretical problem
per se, motivating the development of novel methods capable
of treating memory, disorder, and non-equilibrium feedback
on equal footing.

Using the theoretical framework outlined in sec. 3.1, a
dynamical MFT has been formulated that attempts to charac-
terise the voltage-induced dynamics of SOMNs by reducing
equations of the type (4) to a single mean-field dynamical
equation. This is written in terms of an effective potential
V∆v(⟨g⟩), which governs the evolution of the network’s av-
erage conductance state124, 137, and allows determination of
whether the interacting system is in the low or high conduct-
ing phase. These phases are determined by the state of the

junctions, e.g. all on or all off. The resulting equation of
motion is of the form:

d⟨g⟩
dt

=− d
d⟨g⟩

V∆v(⟨g⟩), (7)

where ∆v is the voltage drop on the device. As applied voltage
increases, the shape of V changes, potentially introducing
multiple minima corresponding to different macroscopic con-
ducting states corresponding to low- and high- conductance.
A mean-field equation of the type (7) has been validated ex-
perimentally124 and Fig. 4 shows a comparison between ex-
perimental data on short-term synaptic plasticity effects and
theoretical response curves obtained through MFT, as well as
simulation results based on a grid–graph model that allows
direct visualization of the spatiotemporal dynamics140.

Various methods have been used to obtain an equation of
the form (7) from eqn. (4). At the core of these approximation
methods is how the matrix inverses of the form (I±χΩBG )−1,
representing loosely the nonlinearity induced by Kirchhoff’s
laws, enters into eqn. (4). This matrix inverse, once expanded,
leads to nonlinear terms between the gi variables and thus
couples the junctions memory states across the network, and
its structure gives rise to feedback and dynamical phase transi-
tions in the order parameter G. Depending on the shape of the
effective potential, these transitions can be both of the first or
second order (continuous or discontinuous) type, dependent
on voltage, in addition to static geometrical effects due to
density. This is depicted schematically in Fig. 5(a). Beyond
continuous and discontinuous phase transitions, SOMNs can
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Box 2: From Circuit Topology to Projector Operators

To build intuition, a memristive network can be viewed as
a dynamic plumbing system: voltages act like pressures,
currents like fluid flow. Projector operators then serve
as mathematical tools that enforce physical constraints,
ensuring flow conservation at junctions. They help
capture how electrical signals propagate through the
network following Kirchhoff’s laws, enabling analysis
of dynamic information pathways. The projector
operator formalism described here for the study of
memristive networks is derived from the lumped circuit
topology approximation of a memristive network. For a
graph-theoretic and more formal introduction to these
projectors, see Ref. 132, 141.

The projector operators are of the form

ΩB = B(BT B)−1BT , ΩA = A(AT A)−1AT , (5)

where T represents the transpose, B is a circuit’s directed
incidence matrix and A is its loop matrix, defined below.
Projector operators satisfy Ω2 = Ω, implying that the
eigenspectrum is only 0’s and 1’s.

For a resistive circuit, each branch j (edge) is a
resistor with current i j and B describes how branches
connect to vertices (nodes) in the circuit given an edge
orientation:

B ji =


−1 if edge j leaves vertex i,
+1 if edge j enters vertex i,
0 otherwise.

Bt⃗ i = 0 then enforces Kirchhoff’s Current Law (KCL) on
the current vector i⃗, ensuring current balance at nodes.
On the other hand, given arbitrary branches (currents)
and mesh orientations (defined as a closed sequence of
branches), Kirchhoff’s Voltage Law (KVL) can be written
in terms of A, which represents cycles in the graph, with
rows corresponding to loops and columns to branches:

Ail =


+1 if edge i is oriented alike loop l,
−1 if edge i is antioriented as loop l,
0 otherwise.

In terms of this matrix, given the vector of voltage drops
δ v⃗, the KVL can be written as Atδ v⃗ = 0.
Thus, KVL and KCL can be written as:

KVL: ΩAδ v⃗ = 0 , KCL: ΩB⃗i = 0

Via cycle and nodal analysis duality arguments (resulting
in BAT = 0), it follows that ΩA +ΩB = I, which shows
that ΩA and ΩB are complementary and project onto cycle
and vertex spaces, which can be shown to be equivalent
to the voltage and current spaces respectively38.

The dynamics of memristive networks can be written
directly in terms of these projectors, making Kirchhoff’s
laws in the dynamics explicit. For instance, for a graph
whose edges are composed of resistors j with value R
Ohms, and voltage generators in series v j Volts, the
network Ohm’s law can be written as141 R⃗i = ΩA⃗v,
where i j is the solution of the current on the resistor j at
equilibrium. The role of the projectors is to “network"
and integrate the voltage generators to provide voltage
drops on the circuit elements.

A deep link exists between the graph Laplacian30

and the projector operators132. The (weighted) graph
Laplacian is defined as142

L = BT GB, (6)

where G is a diagonal matrix of edge conductances
(note that in standard circuit theory, G j j =

1
R j

, with
R j the resistance of edge j). For a connected graph,
L has rank n − 1 with n nodes. The pseudoinverse
L+ also appears in standard formulas for effective
resistances. The quantity most relevant to experiments
in two-point conductance measurements is the effective
resistance Reff(a,b) between nodes a and b, given by143

Reff(a,b) = L+
a,a +L+

b,b −L+
a,b −L+

b,a. The non-orthogonal
projector ΩB/R−1 enforcing current conservation on edges
can be expressed in terms of the Laplacian and its pseu-
doinverse ΩB/R−1 = B(BT R−1B)−1BT R−1 = BT L+BG,
where the second equality uses L = BGBT and G = R−1,
and where (·)+ denotes the Moore–Penrose pseu-
doinverse. A short calculation shows that ΩB/R−1

is idempotent (Ω2
B/R−1 = ΩB/R−1), retaining the

defining property of a projector. Moreover, ΩB/R−1

can be related to the orthogonal projector ΩB (see Ref.38).

Both projector operators (ΩB, ΩB/R−1) and the
graph Laplacian (L+) encode topological constraints in
linear and memristive circuits: L+ captures node-based
current conservation, while the projector explicitly
enforces it on edge currents. For further discussion
on these connections between projection matrices, the
Laplacian, and circuit-theoretic graph operators, and
properties of planar circuits, see Refs.126, 132, 141, 144.
These formal structures are not only rigorous but also
essential for analysing how memory and dynamics
emerge collectively from simple local rules, laying
the groundwork for understanding SOMNs as learning
substrates.
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Figure 5. Conductance transitions in memristive networks. a. Schematic illustration of conductance phase transitions in
SOMNs, where the macroscopic order parameter (average conductance G) depends on control parameters such as applied
voltage V , nanowire/nanoparticle (areal) density ρ , or average connectivity d. The shaded region represents the transition
regime where emergent collective behaviour manifests. Depending on system parameters and underlying dynamics, this
transition may be continuous (second-order) or abrupt (first-order), reflecting different types of dynamical behaviours. b.
Numerical simulation results showing the time evolution of internal junction conductance states (red lines) across a memristive
network following a voltage step near the critical point, when the effective potential develops multiple competing minima. The
black line shows the ensemble average ⟨g⟩ across all junctions, while the dashed blue line corresponds to the prediction from
mean-field theory (MFT). The divergence between simulation and MFT near the critical regime illustrates the breakdown of
mean-field approximations due to the onset of strong feedback and network reconfiguration. The inset shows the subcritical
regime (single minimum in the effective potential), where junction conductances decay smoothly (laminar dynamics) and MFT
matches simulations well. These results highlight the emergence of collective, nonlinear dynamics and the importance of
including feedback and stochastic effects beyond mean-field approaches. Adapted from Ref.137.

in principle exhibit more complex transition phenomenology
(e.g. higher-order, discontinuous at higher derivatives), de-
pending on microscopic dynamics and network heterogeneity;
these are not shown in Fig. 5(a) for clarity.

There are various existing theoretical methods to derive
a mean field theory. The simplest method for obtaining the
mean-field matrix inverse is based on a random matrix the-
ory averaging of the inverse while keeping fixed row and
column sums 137, 145, 146, corresponding to global informa-
tion such as the total number of junctions. A more involved
method allows preserving certain graph-theoretic properties
(e.g., number of cycles), and using averages over random or-
thogonal transformations Ω′

B = OΩBOT (with O an orthogo-
nal matrix), enabling exact averaging over transformations via
Weingarten calculus147, 148. Alternatively, and more brutally
in124, the mean-field inverse has been obtained by minimising
the Frobenius norm between the exact and the mean-field in-
verse. The resulting effective potential shape depends on the
voltage, which implies that conductance transitions between
the low and high conductances are controlled by a macro-

scopic theory. When there is only a single minimum, the
dynamics of the junction is laminar (a relaxational dynamics
with negative Lyapunov exponents) and the MFT works well
numerically. However, near transition points, e.g. when the
effective potential develops multiple minima, the system be-
comes susceptible to noise, which can be amplified and can
induce transitions between these two states and a failure of
the MFT, as shown in Fig. 5(b).

In the transition regime, the Lyapunov exponent associ-
ated with the state trajectories becomes positive, implying
a turbulent or possibly transiently chaotic regime149. As
MFT is not effective near dynamical transitions, alternative
approaches (e.g. self-organised criticality150) and new tech-
niques151 are needed to better understand the emergent be-
haviour of SOMNs near these critical regimes.

Thus, theoretical models provide a foundation for under-
standing how SOMNs generate the collective nonlinear dy-
namics observed experimentally. From lumped-element to
mean-field approaches, these frameworks reveal how mem-
ory, phase transitions, and adaptive responses emerge. These
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Figure 6. Physical learning paradigms for self-organising memristive networks. Arbitrary input data (left) is converted into
voltage signals and delivered to a multi-terminal SOMN device (centre main), where local conductance states of nanoscale
memristive junctions adapt to the input signal patterns. Dynamic reconfiguration of the SOMN, governed by internal transport
dynamics (ion migration, atomic filaments/hillocks, electron tunnelling) and constrained by Kirchhoff’s laws in a recurrent
network circuitry, performs physical nonlinear transformation of signals to enable learning (output). Two representative
learning paradigms are shown (right): in reservoir computing, the SOMN’s high-dimensional dynamical features are read out
(green solid curves) and exploited in an external machine learning model (weights W); in associative learning, feedback is
applied locally based on output (green dotted lines); this can be either at the input or the output or both, via applied voltage
changes and electrode selection. Both approaches enable physical substrate-based learning using only input-output access,
without any direct addressability of memristive components or global training schemes.

emergent dynamics represent physical information encoding
and form the basis of a physical learning substrate, especially
near transitions. The next section explicitly shows how these
dynamics enable learning.

4 Physical learning with SOMNs
With an understanding of the physical mechanisms that un-
derlie adaptive dynamics in SOMNs, we now show how these
properties can be exploited in physical learning systems. To
place this in context, it is useful to recall that solving nontrivial
learning tasks requires more than simple linear transforma-
tions, as became clear after the introduction of the percep-
tron9, 152. In practice, this expressive power can be achieved
through multilayer architectures11, recurrent dynamics10, or
combinations of both.

Neuromorphic approaches aim to realise such nonlineari-
ties by mimicking biological synapses and/or neurons, either
through emulation or simulation21. The emulation approach
involves exploiting materials and devices (e.g. memristors)
that natively exhibit brain-like nonlinear dynamics153. The
simulation approach instead typically involves algorithms
that simulate point neuron spike models154. While both ap-
proaches can mimic synaptic plasticity, which is generally

regarded as the key mechanism underlying the brain’s unique
learning abilities155, how this is implemented at the circuit
and device level differs considerably. For example, synaptic
conductances in memristor crossbar devices are often used to
physically instantiate matrix–vector operations to perform in-
ference on globally-trained ANN models. On the other hand,
spike-based local learning algorithms (e.g. spike-timing de-
pendent plasticity, STDP) have been implemented in spiking
neural network (SNN) models156 and neuromorphic hard-
ware157, 158.

Here, we highlight how physical learning can be achieved
with SOMNs by exploiting their local and global brain-like
nonlinear dynamics (including memory), without requiring
direct addressability or control of their circuit components.
Furthermore, as SOMNs embed networks into their physical
hardware, complex neural network algorithms are not required
for learning (i.e. “the hardware is the software”159). Two key
learning paradigms are described below and illustrated in
Fig. 6: physical reservoir computing and associative learning.
These learning paradigms demonstrate how the dynamical
states of SOMNs, as complex physical systems, can be ex-
ploited for learning either in an external output layer, in the
case of reservoir computing, or within the network itself, in
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the case of associative learning.

4.1 Physical reservoir computing
Reservoir computing is a machine learning paradigm where
a reservoir (a recurrent neural network) maps an input signal
into a higher dimensional manifold that is then analysed by
a single output layer, which is the only part that needs to
be trained160, making this an efficient learning scheme (the
weights inside the recurrent neural network are fixed and not
trained, while a nonlinear activation function is applied to the
nodes). Thus, the reservoir may be thought of as extracting
features from the data which are then used to learn a model
(e.g. regression, classification) in the output layer; the trained
model is then used to perform inference on new features
generated by the reservoir when presented with unseen data.

In the physical or in materia implementation, a nonlinear
physical system is used as the reservoir161–165. In this context,
SOMNs have been demonstrated to satisfy the key require-
ments of a physical reservoir33, 52, 54, 86, 90, 91, 97, 121, 140, 166–168,
endowing i) high dimensionality, with internal dynamics made
accessible via multiterminal device configurations; ii) high–
order nonlinearity, realised through atomic / ionic transport
mechanisms and recurrent network structure; iii) fading mem-
ory property (ensuring reservoir states rely only on recent–past
inputs and are independent of distant–past inputs)121, as dis-
cussed in Sec. 2.2. These properties ensure physical reservoirs
can generate rich dynamical features from input signals with
sufficient expressivity to fit a model to be learned in the output
layer.

In SOMNs, fading memory arises naturally as a conse-
quence of short-term memory of these systems99, 140, 167, 169.

The internal states of SOMNs and their emergent spatiotem-
poral dynamics132 are measured via multiterminal electrical
measurements 61, 70, 170. These measurements are typically
performed by measuring output currents or floating voltages,
or by constructing a conductance matrix where each element
corresponds to the conductance between a pair of electrodes.
Fig. 7 shows an example of the input–output mapping by a
SOMN reservoir device. In this case, the inputs are sample
images from the MNIST handwritten digit dataset that are con-
verted into temporal voltage pulses (red). The output voltages
(purple) are read out from device channels (channels 2 and 15
in this example) which produce expressive features for each
digit image, with sufficient inter–digit separation to enable
classification; the conductance output (green), obtained from
the output current, encodes memory within the system and
thus can also be leveraged in sequency memory tasks55.

Additionally, it has been shown that the spatiotemporal
information processing capabilities in multiterminal devices
allow an unconventional implementation of physical reservoir
computing by exploiting the same electrodes as both inputs
and readouts, thereby reducing hardware complexity without
limiting computing capabilities171. Furthermore, while the
output layer is typically trained in software, a fully memris-
tive architecture can be realised by coupling SOMNs acting

as a reservoir with memristive crossbar arrays140, 172. Phys-
ical reservoir computing can also be implemented in a two-
terminal device by adopting a time multiplexing scheme32, 86.

To date, physical reservoir computing with SOMNs has
been experimentally demonstrated across a wide range of
tasks, but often exploiting somewhat different operating
regimes and readout modalities. Tasks that have demonstrated
include waveform regression52, image classification55, 140, au-
dio classification54, 56, 173, time series prediction86, 167, 174, non-
linear transformations and memory capacity163, and sequence
memory55, as well as speaker and Braille classification168.

In addition, these experimental results have been comple-
mented by simulations that have been used to test in silico
various aspects including scalability, the reservoir architec-
ture86, 101, 175, the impact of electrode positioning176, and the
number of electrodes and the dimensionality of the reser-
voir125. A wide range of computing tasks have been simulated
including pattern recognition 97, 140, 171, time series prediction
140, 166, 174, 177, speech recognition 173, regression33, 108, 178 and
prediction of multidimensional chaotic time series 179. Fur-
thermore, two-dimensional tracking and autonomous swarm
generation has also been simulated91.

Notwithstanding these attributes, physical reservoir comput-
ing with SOMNs differs significantly from algorithmic reser-
voir computing in the following ways: (i) SOMNs produce
collective memory dynamics by virtue of their memristive ele-
ments; and (ii) SOMN reservoirs are dynamic networks, with
non–static connectivity180; (iii) SOMN reservoirs are con-
strained by Kirchhoff’s electrical circuit conservation laws.
For these reasons, SOMN reservoirs cannot be described math-
ematically in the same way as standard algorithmic reservoir
computers. In conventional reservoir computing, nonlinearity
is typically introduced through prescribed activation functions
acting on the nodes of a recurrent network with usually ran-
dom, static connectivity, and performance depends on the op-
timisation of multiple hyperparameters. By contrast, SOMN
reservoirs are governed not only by memristive nonlineari-
ties, but also by Kirchhoff’s circuit laws and, more generally,
by the physical constraints imposed by the underlying mate-
rial network and device geometry. Their dynamics therefore
emerge from the coupled evolution of internal memory states,
transport processes, and constrained network feedback, rather
than from an abstract node-based update rule alone. In this
sense, SOMNs are not simply hardware implementations of
existing reservoir models, but physical systems whose na-
tive dynamics can inspire new neural-network models and
extensions of the reservoir-computing paradigm179, 181.

Similar to biological systems where functionalities are
inherently related to the topology of neuronal networks182,
higher reservoir computing performance may be achieved us-
ing SOMNs with scale-free topology86. Higher computational
performance can also be achieved experimentally via parallel
reservoir architectures, which increase the reservoir dimen-
sionality and richness of its output dynamics167. Importantly,
it has been shown through simulations that performance in
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Figure 7. Input–output feature mapping for MNIST classification and sequence memory with a nanowire-network physical
reservoir. Column 1 shows average images of the digits 0, 3, 5, and 9, each obtained from 100 randomly selected MNIST
training samples. Column 2 (red) shows the corresponding temporally encoded input-voltage pulse streams. Columns 3 and 4
(purple) show example voltage readouts from two device channels, which provide digit-dependent dynamical features for the
classifier. Column 5 (green) shows the effective conductance G, which reflects the evolving internal memory state of the
network and is useful for memory-related tasks, rather than classification itself. The figure therefore illustrates how the
reservoir transforms input digits into discriminative dynamical features. Figure reproduced from Ref.55.

reservoir computing tasks using SOMNs contacted with a
restricted number of electrodes is close to the upper bounds
achievable when using information from every node125, a key
consideration for the experimental realisation of these sys-
tems, where information from each node is not practically
accessible. Such simulations provide additional insight into
experimental findings that a large number of electrode read-
outs may not be necessary to achieve high performance, at
least on some tasks55, 169, 170. Simulations and experimental
implementations of more complex reservoir computing tasks
are needed to qualify these results further.

Several open questions remain in physical reservoir com-
puting with SOMNs, including the energy consumption for
real world tasks, and whether methods can be developed for
more self-contained learning that does not rely on training an
external layer2. Indeed, such an approach could help bridging
the gap between physical reservoir computing and associative
learning, which is discussed in the next section.

4.2 Associative learning

Associative learning, i.e. the formation of associations be-
tween stimuli and responses, can be implemented in SOMNs
by taking advantage of their adaptive conductance changes
(i.e. plasticity, cf. sec. 2.2). External electrical stimuli ap-
plied to SOMNs drive local conductance changes that can
lead to global reconfigurations in network states as unique
conductance pathways are established for different patterns
in the stimuli53, 183. The memory encoded in their conduc-
tance states62 enables SOMNs to recall, or self–learn, these
input–output associations. In contrast to reservoir comput-
ing, where learning occurs in an external layer, associative
learning occurs directly inside the SOMN via adjustment of
junction conductance states. As repeated stimulation leads
to material-level changes in conductance pathways, SOMNs
self-organise and recall associations between input patterns
and global conductance states. This is more analogous to bio-
logical synaptic plasticity than statistical optimisation. Teach-
ing SOMNs input–output relationships via feedback, without
requiring explicit programming also contrasts sharply with
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conventional implementations of physical neural networks,
which typically rely on direct internal state addressability,
for example, to physically implement Hopfield associative
memory networks184.

As self–adjusting to external stimuli mimics biological
learning35, 37, associative learning in SOMNs effectively pro-
vides a physical and material basis for cognition18, 185. Experi-
mental and theoretical studies have demonstrated the capacity
of SOMNs to emulate core cognitive functions, including
associative memory and learning183, 185 as well as working
memory100. Figure 6 schematically illustrates the learning
loop: input stimuli perturb the SOMN; readouts are com-
pared to targets; and corrective inputs guide reconfiguration
through internal plasticity123. Moreover, implementation of
the n–back working memory task has revealed that short–term
memory can be consolidated into long–term memory by apply-
ing both positive and negative feedback, in a manner similar to
contrastive learning35, 100, 186. This metaplasticity is enabled
by the heterogeneous and recurrent network connectivity62.

Both positive and negative feedback enable SOMNs to itera-
tively adapt their electrical connectivity and conductance path-
ways, thereby promoting the emergence of robust functional
mappings. This iterative correction process can be viewed, by
analogy with genetic algorithms, as a form of evolutionary
search in which the agreement between the actual output and
the desired target acts as a fitness signal: configurations that
reduce the output error are effectively reinforced, whereas
less successful ones are suppressed or redirected187, 188. In
this sense, learning can be interpreted as an adaptive explo-
ration of the network’s dynamical state space, driven by input–
output feedback, constrained by physical laws, and shaped
by environmental cues37. These mechanisms underscore that
learning is not defined by task complexity, but rather by the
system dynamics and efficiency of feedback. SOMNs bridge
conventional and biological models, offering real–time adapt-
ability, dynamic reconfiguration, and connectivity–driven be-
haviour35, 37. A key open question is how many states can be
learned and/or stored in these types of physical architectures?

5 Outlook
The brain demonstrates that intelligence can emerge from the
physical properties of matter. This realisation continues to
motivate the search for materials and architectures with innate
brain-like physical properties that may thus be considered
promising substrates for emulating core cognitive functions
such as memory and learning. Self-organising memristive
networks are compelling candidates in this endeavour. As
highlighted in this Perspective, the emergent nonlinear dy-
namics produced by these non-equilibrium physical systems
can be exploited in adaptive learning paradigms, without the
need for explicit programming.

This sets the stage for developing broader technological
applications and exploring long-term implications.

Central to their role in physical learning systems is the
emergence of global, collective dynamics from relatively sim-

ple, local interactions. Nanoscale transport processes (i.e.
electron and ionic migration, and atomic rearrangement) con-
tinuously modulate junction-level conductance. These local
dynamics propagate globally under Kirchhoff constraints and
the complex network topology, giving rise to dynamical phase
transitions, a hallmark of emergent phenomena. This interplay
between local plasticity and global self-organisation under-
pins the functional properties that serve to encode information
and enable learning.

A key opportunity for future work is to move SOMNs from
intriguing functional materials toward engineerable learn-
ing substrates. We anticipate that this will require physics-
grounded modelling pipelines that can begin to connect con-
trollable fabrication parameters and stimulation protocols to
task-level performance, although much remains to be under-
stood before such links can be made predictive in practice. Hi-
erarchical and multi-scale approaches, ranging from junction-
level models and Kirchhoff-constrained network dynamics
to reduced descriptions such as mean-field and stochastic
theories, offer a promising route toward this goal. In princi-
ple, such approaches could help identify favourable operating
regimes—for example in terms of memory depth, nonlinear-
ity, criticality, stability, stimulation strategies, and robustness–
energy trade-offs—while also clarifying the collective non-
equilibrium physics of disordered adaptive circuits. Estab-
lishing these connections is therefore both a fundamental
scientific challenge and an exciting practical step toward de-
ploying SOMNs for embedded and continuous learning. In
parallel, Equilibrium Propagation, generalized Equilibrium
Propagation, and coupled physical learning suggest plausible
routes toward in-hardware training, potentially even beyond
the quasistatic limit, although substantial theoretical and ex-
perimental work is still needed to determine under what con-
ditions such approaches can be implemented reliably and how
bias or finite-nudge effects can be controlled189–193.

Here, we highlight two learning paradigms, reservoir com-
puting and associative learning, that leverage the intrinsic
physical dynamics of self-organising memristive networks.
Other schemes that are now under development include those
based on spiking computation92, probabilistic computing93, 94

and energy–based algorithms (e.g. Hopfield networks, Boltz-
mann machines) that use binary units which may be physically
instantiated with thresholded memristive switching. SOMNs
that incorporate both spiking neural characteristics and mem-
ristive synapses can allow new types of learning behaviour104.
The incorporation of molecular synapses into SOMNs is an
exciting new avenue for research as the introduction of addi-
tional components into the networks (beyond those described
in Section 2) provides new flexibility to tune network proper-
ties and opens up myriad new possibilities to implement new
styles of computation.

Alongside these emerging computational schemes, an im-
portant theoretical frontier is to extend the present modelling
and learning framework from predominantly two-terminal
descriptions to genuinely multi-terminal operation. This ex-
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tension is especially timely because many of the new function-
alities discussed above—including richer spiking behaviour,
hybrid synaptic mechanisms, and more flexible forms of
computation—are most naturally expressed in architectures
that can be driven and read out through several electrodes
simultaneously. In realistic experimental SOMNs, multi-
terminal configurations enable distributed readout, spatially
structured stimulation, and more complex boundary condi-
tions than those captured by an effective two-point conduc-
tance description. Developing Kirchhoff-constrained network
dynamics, reduced models, and learning rules for such multi-
point contacts is therefore a key opportunity for future work,
both to broaden the range of accessible tasks and to provide
practical design principles for electrode placement, stimula-
tion protocols, and scalability in deployable devices.

A further opportunity is to understand what ultimately
sets the upper bound on the information-processing capacity
of these memristive networks, including their ability to
compress, transform, and encode data. Addressing this
question would not only clarify the computational limits of
SOMNs, but could also reveal regimes in which the physical
substrate itself performs a larger share of the computation.
In favourable cases, this may reduce the amount of external
training or post-processing required to obtain a desired output,
raising the exciting possibility of partially training-free
learning schemes that rely more directly on the intrinsic
dynamics of the material system194.
More broadly, SOMNs open a rich design space in which
physical structure, adaptive dynamics, and task perfor-
mance may be co-optimized rather than treated separately.
Understanding how network density, topology, material
composition, and stimulation protocols shape learning
behaviour remains an important challenge, but also a major
opportunity for future work. In this respect, SOMNs
provide a natural meeting point between neuromorphic
engineering, statistical physics, and the complex systems
community, where concepts such as emergence, adaptability,
and collective computation can be brought to bear on the
design of physical learning substrates.

This perspective also connects naturally to the broader
idea of guided self-organization136: rather than prescribing
function entirely through explicit programming, one seeks
to steer a physical system toward useful dynamical regimes
through appropriate constraints, feedback, and environmental
coupling. For SOMNs, this suggests an appealing long-term
vision in which learning is not simply imposed on the
hardware, but arises from the controlled interplay between
material properties, network architecture, and stimulation.
Developing such principles would deepen our understanding
of self-organizing adaptive matter while also providing
practical routes toward more autonomous and energy-efficient
physical learning systems. Taken together, these directions
suggest that self-organising memristive networks may
become more than intriguing neuromorphic analogs. They

offer the possibility of a distinct material foundation for
intelligent physical systems, in which computation, memory,
and adaptation are co-localised in the same substrate. In this
future-looking view, SOMNs are not only a platform for
implementing brain-inspired ideas, but also an opportunity to
discover new forms of computation emerging from disordered,
adaptive, and self-organizing matter.
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