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Abstract

Major efforts to reproduce functionalities and energy efficiency of the brain have been focused
on the development of artificial neuromorphic systems based on crossbar arrays of memristive
devices fabricated by top-down lithographic technologies. Although very powerful, this
approach does not emulate the topology and the emergent behavior of biological neuronal
circuits, where the principle of self-organization regulates both structure and function. In
materia computing has been proposed as an alternative exploiting the complexity and collective
phenomena originating from various classes of physical substrates composed of a large number
of non-linear nanoscale junctions. Systems obtained by the self-assembling of nano-objects like
nanoparticles and nanowires show spatio-temporal correlations in their electrical activity and
functional synaptic connectivity with nonlinear dynamics. The development of design-less
networks offers powerful brain-inspired computing capabilities and the possibility of
investigating critical dynamics in complex adaptive systems. Here we review and discuss the
relevant aspects concerning the fabrication, characterization, modeling, and implementation of
networks of nanostructures for data processing and computing applications. Different nanoscale
electrical conduction mechanisms and their influence on the meso- and macroscopic functional
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properties of the systems are considered. Criticality, avalanche effects, edge-of-chaos, emergent
behavior, synaptic functionalities are discussed in detail together with applications for
unconventional computing. Finally, we discuss the challenges related to the integration of
nanostructured networks and with standard microelectronics architectures.

Keywords: self-assembled, networks, nano-objects, neuromorphic

1. Introduction

Neuromorphic computing relies on the use of electronic
devices to mimic the organization and the performance of
mammalian nervous systems [1]. Key aspects to be repro-
duced in order to perform complex tasks with a reduced energy
consumption, are learning and development, adaptation to
local changes (plasticity), event-driven signaling, robustness
to damage, and in-memory information processing [1]. To
this purpose, considerable efforts are directed to the fabrica-
tion of devices reproducing the behavior of elemental biolo-
gical building blocks such as neurons and synapses in order
to assemble them and to create ‘brain-inspired’ structures [2].
The core of this vision is to exploit neuroscience-driven con-
cepts to realize brain-inspired systems able to emulate some
features of how information is processed in our brain [3].

In 1940 Shannon et al demonstrated, in his master thesis,
that a small set of electrical components could be assembled to
compute the result of any compound Boolean logic operation
[4]. Almost ten years later, in a lecture given at Caltech, von
Neumann stated °[...] logical propositions can be represented
as electrical networks or (idealized) nervous systems. Whereas
logical propositions are built-up by combining certain primit-
ive symbols, networks are formed by connecting basic com-
ponents, such as relays in electrical circuits and neurons in the
nervous system’ [5].

An alternative point of view to this deterministic approach,
was proposed by Block et al with the ‘perceptron’ considered
as a probabilistic model for information storage and organ-
ization in the brain [6]. Unfortunately, the complexity of
Rosenblatt’s model was not immediately recognized and the
perceptron was considered as a simple on-off electronic com-
ponent capable of performing classification tasks only for lin-
early separable Boolean functions [7]. The advent of artificial
neural networks (ANNs) prompted the reconsideration of the
perceptron as the simplest ANN unit specifically able to imple-
ment an adjustable logic operation through the calibration of
‘synaptic weights’ [8—11]. A single perceptron can be used
to generate linearly separable Boolean functions, while more
complex mappings can be achieved via multilayer perceptrons
[12].

Currently, devices used as building blocks for neur-
omorphic systems, including non-volatile memory devices,
are fabricated by top-down lithographic methods typical of
highly integrated CMOS component found in traditional
computer architectures [13]. While this is considered an
effective solution for many applications, unconventional
bottom-up fabrication approaches have been proposed and are

actively investigated [1, 14-16]. The aim is to go beyond
solutions based on the Turing paradigm [17] by using hard-
ware and physical architectures relying on emergent complex-
ity and collective phenomena originating from various classes
of physical substrates [18—21]. These methods are especially
promising for classifying complex data through the nonlin-
ear projection into high-dimensional spaces with a compu-
tational cost significantly lower compared to that of meth-
ods running on von Neuman computers. Examples of such
approaches include quantum computing, optical computing,
chemical computing, and in materia computing.

In the last decade, networks consisting of a large number of
non-linear nanoscale junctions have been considered [18]: in
these systems, obtained by the self-assembling of nanostruc-
tures like nanoparticles and nanowires [22, 23], the ‘determ-
inistic’ structure of microelectronic circuits is replaced by the
complex connectivity of nanostructures with non-linear con-
duction properties characterized by spatiotemporal correla-
tion in the electrical activity, in analogy with the brain [20,
24, 25]. This behavior emerges from the presence of high
density of non-linear and recurrent junctions formed at the
nanoscale during the synthesis process. Examples of such
networks are those based on atomic switches, nanoparticles,
or nanowires [23, 26]; in particular nanowire networks have
shown long-term connectivity retention [22], hierarchical col-
lective dynamics [24], and heterosynaptic plasticity [18]. Long
range temporal correlations [27] and criticality [20, 28] have
been reported in nanoparticle networks.

One of the earliest studies to report collective brain-like
dynamics emerging from self-organized nano-structured net-
works was that of Stieg er al [29], who observed stochastic
bursts and fluctuations with power—law scaling in the con-
ductivity of Ag,S nanowire networks (referred to as atomic
switch networks following previous work on synaptic Ag,S
atomic switch single memristor devices [30]). These dynam-
ics are qualitatively similar in nature to the transient and
stochastic oscillatory coherence that is thought to underlie
flexible information routing in the brain [31]. This early work
inspired much of the subsequent work on nanoparticle and
nanowire networks.

Here we review and discuss the relevant aspects concern-
ing the fabrication, characterization, modeling and imple-
mentation of nanostructured networks for computing and data
processing applications. Different nanoscale electrical con-
duction mechanisms and their influence on the meso- and mac-
roscopic functional properties of the systems are considered.
Criticality, avalanche effects, edge-of-chaos, emergent beha-
vior, synaptic functionalities are discussed in detail together
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with applications for unconventional computing. Finally, we
discuss the challenges related to the integration of nanostruc-
tured networks with standard microelectronics architectures.

2. Fabrication of self-organizing nanoarchitectures

The successful evolution of microelectronic technologies
based on the CMOS paradigm is based on the exponential
increase of device density [32]. The trend of this continuous
downscaling cannot continue at the same pace due to the com-
plexity of device cross-sections at nanometer scale. In par-
ticular, power dissipation issues, wire architectures and the
need of low threshold voltages represent serious issues. The
top-down fabrication of complex and highly packed nanoscale
circuits requires the use of extremely expensive lithographic
techniques in term of investments and running costs [33].

Bottom-up self-assembly techniques have been proposed
as a possible alternative for the realization of complex 2D and
3D structures using nano-objects as building blocks [33]. This
approach is extremely affordable from the economic point of
view compared to lithographic techniques and it can produce
networks characterized by a multiscale complexity that is a
pivotal trait in biological neural systems [16].

2.1. Bottom-up approach: self-assembly and
self-organization of nanoscopic building units

In bottom-up approaches, extended networks or assemblies of
self-similar building units are formed, either by self-assembly
or self-organization, making use of internal (e.g. interfacial
energies) and external (e.g. potential gradients) driving forces,
respectively. Self-assembly and self-organization determine
the arrangement of the preformed building units, which are
commonly molecules or objects with nanoscopic dimensions
such as nanosheets (2D objects), nanowires (1D objects) or
nanoparticles (OD objects). While bottom-up approaches com-
monly do not enable an external control over the exact pos-
itioning of each individual component, self-assembly and
self-organization are employed to achieve control over the
components’ connectivity to yield a given target integrated
layout and functionality. Preformed clusters, nanoparticles,
and nanowires produced by wet chemistry or physical meth-
ods can be deposited on a substrate with varying degree of
coverage, ranging from sparse, diluted systems to continuous
nanostructured layers. In this framework different nanoscale
conduction mechanisms can be exploited for the realization
of complex nanoscale networks where the information pro-
cessing capability arise from the interplay in between structure
and function similarly to biological neural systems [34].
With most resistive switching (RS) phenomena being cru-
cially linked to the nanoscale, devices based on nanostruc-
tures, including nanocrystals, nanoparticles, or nanowires per
se can exhibit a large range of RS features. A particular interest
in the use of nanoobjects compared to atom-assembled thin
films lies in the potential to decrease current levels, to loc-
alize electric fields and to confine locations for memristive
switching processes. Due to the nanoscale dimensions and the

variance in the exact placement due to the chosen bottom-
up synthesis techniques, in many cases it is not possible to
directly address individual nanoobjects for electrical charac-
terization via conventional means (i.e. pre-structured, planar
electrodes). Therefore, in large-scale networks of nanoobjects,
RS is mostly studied as a collective response. To understand
RS at the level of individual nanoobjects, analytic approaches
with precise local contacting, in particular conductive atomic
force microscopy (c-AFM), is commonly applied. Examples
for local investigations on individual nanoobjects include stud-
ies on RS in nanorods, nanoparticles and nanowires [35-37].

In this review, we focus on recent trends in vacuum- and
liquid-based methods, both for the formation of nanoobjects
as building units, as well as for the deposition and assembly
and organization towards nanogranular networks. Beyond the
scope are further applications of bottom-up approaches such as
creating nanostructured electrodes and matrices that are cap-
able of localizing contact areas and confining RS processes,
e.g. by using self-assembled PbS quantum dots on an inert Pt
electrode, or self-assembled SiO, nanoparticle arrays, guiding
metal filament growth [38—40].

2.2. Vacuum-based methods

The synthesis of nanostructured systems based on the random
assembling of nanoparticles by physical methods relies on gas-
phase techniques [41] (figure 1(a)). In gas phase synthesis,
nanoparticles are made by ‘building’ them from individual
atoms or molecules up to the desired size: nuclei are formed
either by physical means such as condensation of a supersatur-
ated vapor or by chemical reaction of gaseous precursors [41];
subsequent to the formation of solid particles is the deposition
on a substrate.

Vacuum processes for solid particle deposition usually rely
on expansion techniques that pass particles in a gas through
an orifice or nozzle, after which expansion takes place to give
a beam of particles that can be deposited onto a surface [46].
The starting vapor can be generated by a variety of means such
as Joule heating of a material in a crucible, laser ablation, sput-
tering, or arc discharge (figure 1(a)).

Compact nanostructured films can be produced by the
assembling of preformed nanoparticles (clusters) in the gas
phase and, in particular by cluster beam deposition (CBD)
[47-49]. A systematic characterization of the growth pro-
cess of nanostructured films produced by CBD from sub-
monolayer to thickness of hundreds of nanometers can be
found in [50-52]. The process of film formation takes place
in a ballistic deposition regime [50], consequently, the depos-
ition time is the main parameter that allows for the con-
trol of the film surface morphology that evolves regularly
according to simple and reproducible scaling laws [51]
(figures 1(c) and (d)).

Supersonic cluster beam deposition (SCBD) has been
demonstrated as an effective approach for the synthesis
of cluster-assembled nanostructured systems showing neur-
omorphic behavior [53]. SCBD is characterized by a high
deposition rate, high lateral resolution (compatible with planar
microfabrication technologies) and neutral particle mass
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Figure 1. Bottom-up methods for nanogranular networks include vapor phase methods (a) as well as solution processing (b). Examples for
self-organized nanogranular networks: (c) side view of a percolated Au nanoparticle network deposited by SCBD; (d) Ag-based
nanoparticle network at the percolation threshold in resistive contrast imaging [42] (top view). [42] John Wiley & Sons. [Copyright © 2024
WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim]; (e) network of Au nanoparticles with a 1-octanethiol SAM (top view, including
electrode array) [43]. Reproduced from [43], with permission from Springer Nature; (f) self-organized arrangement of Ag nanowires in a
quasi-2D network [44]. Reproduced from [44]. CC BY 4.0; (g) nanogranular network with CNTs and sparse AgAu nanoparticle coverage

[45]. Reproduced from [45]. CC BY 4.0.

selection process by exploiting aerodynamic focusing effects
[54]. SCBD is an enabling tool for the large-scale integration
of nanoparticles and nanostructured films on microfabricated
platforms and smart nanocomposites [55]. A source particu-
larly suited for the production of intense and stable neutral
supersonic cluster beams is the pulsed microplasma cluster
source, as described in details in [56, 57]. High direction-
ality, collimation and intensity of aerodynamically focused
supersonic cluster beams, make them well suited for patterned
deposition of nanostructured films through non-contact stencil
masks or lift-off technologies [58, 59].

In a similar approach, in a gas aggregation source (GAS),
a super-saturated vapor is formed by magnetron sputter-
ing. This method was found to be useful for fabrication of
memristive networks of nanoparticles [60, 61] and is partic-
ularly interesting for the gas phase synthesis of alloy nano-
particles, e.g. AgAu and AgPt, with the potential to monitor
and control the nanoparticle composition in-operando [62, 63].
Commonly, a GAS is operated via a continuous DC plasma
discharge and under a constant pressure gradient between
source and main vacuum system, which facilitates the depos-
ition of (memristive) nanocomposites via embedding particles
into a dielectric matrix, using secondary vacuum-based depos-
ition techniques [28, 36, 37]. As found for most CBD tech-
niques, GAS is compatible with a large range of substrates,
enabling the modification of preformed nanoobject networks
(e.g. sparse carbon nanotube (CNT) networks) and even the
direct deposition of nanoparticles into liquid media [45, 64].

The efficient decoupling of cluster (or nanoparticle) pro-
duction, manipulation and deposition in a typical CBD appar-
atus allows the in-situ characterization of the evolution of the
electrical properties of cluster-assembled films during the fab-
rication process.

2.3. Liquid-based methods

Liquid-based methods typically involve a dispersion of the
nanoobjects in a host liquid, that is used to transfer them
to a suitable substrate, where the host liquid is removed
(e.g. via evaporation) and leaves behind a network of nano-
objects (figure 1(b)). Controlling the agglomeration of indi-
vidual nanoobjects, for example by the means of external con-
trol parameters such as a locally applied electrical field, can
be used as a viable route to tailor the connectivity within the
resulting nanogranular network. A certain degree of control
over the connectivity can be obtained by tailoring the concen-
tration of nanoobjects in the dispersion and via the applied
deposition process (i.e. spin coating, dip coating or drop cast-
ing). By embedding nanoparticles, e.g. Ag, from gas phase
synthesis using a gas directly into liquid host media under con-
stant stirring it is possible to obtain dispersions without the use
of surfactants. Here, long range conductive pathways could
be dynamically reconfigured due to self-organization of Ag
nanoparticles in an applied electrical field [64]. However, typ-
ically, nanogranular networks that are obtained from liquid-
based methods do not rely on pure metal nanoobjects, but
apply surfactants, SAMs or polymer capping. For example,
dielectrophoresis has been applied to create self-organized
compact nanoparticle networks, e.g. by Bose et al using a
dispersion of Au nanoparticles (with 20 nm diameter) and a
SAM of 1-octanethiol in a mixture of ethanol and polyethyl-
ene glycol (figure 1(e)) [43]. Further approaches also extend
to non-metallic nanoparticles, such as functionalized SrTiO3
with a SAM of oleic acid, aligned to nanoribbons [65] or mixed
nanoparticle networks, e.g. of BaZrO; and SrZrOs, func-
tionalized by 2-hexadecylphosphonic acid. Combining two
types of preformed nanoobjects, the size distribution and size
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difference between each species of nanoobject strongly
determines the overall connectivity between the building units
and thus is an additional control parameter to influence the
electrical properties of the network [66].

Self-assembled neuromorphic NW networks have been
realized mainly through drop casting, spray deposition or
electroless deposition. In case of drop-casting, the fabrica-
tion of NW networks occurs through the dispersion of core—
shell NWs in solution on a substrate [18, 24], realizing a
highly interconnected network of randomly dispersed NWs
as reported in figure 1(f). This represents a low-cost fabrica-
tion technique that does not require nanolithography steps and
cleanroom facilities. To realize neuromorphic networks, usu-
ally either metal-oxide NWs or core—shell NWs with an Ag
inner core and a polymeric (such as a poly(vinylpyrrolidone),
PVP) shell have been exploited to form metal-insulator—metal
memristive junctions at the NW—-NW intersection [67]. As an
alternative to drop-casting, spray deposition can be exploited
to deposit NWs in a solution on an insulating substrate [23,
68]. Instead, a different approach is represented by elec-
troless deposition, where self-assembled NW networks are
realized by coupling conventional top-down CMOS photo-
lithography with bottom-up self-assembly through chemical
processes [26, 30, 69]. Complex NW structures have been
grown from nano-patterned metallic seeds to form networks
of intersecting metallic Ag NWs. A subsequent sulfurization
process is exploited to realize Ag—Ag,S—Ag metal-insulator—
metal junctions at NW intersections that act RS cells, usually
referred as ‘Atomic Switch Networks’. Nanoparticle assem-
blies have also been combined with one-dimensionally exten-
ded nanoobjects, such as CNTs, e.g. to obtain lateral sparse
arrays with RS features (figure 1(g)) [45].

3. Nanoscale physics for computing

Memristive devices and memristive-based architectures show-
ing RS represent a paradigm for a large number of approaches
proposed for unconventional computing. [70-73] Among the
various RS physical mechanisms that have been exploited,
redox-based memristive devices—nanoscale electrochem-
ical systems where ionics is coupled with electronics—is
prominent [15]. Of particular importance is the fact that device
functionalities are related to atomic reconfiguration phenom-
ena that involve nanoionic processes [74]. The RS character of
the device can be modulated by transport of metal cations to
form a nanosized atomic filament across the active insulating
material. Similar processes are responsible for atomic scale
switching processes [74—76].

3.1 Network dynamics and RS behavior

Emergent dynamics of nanonetworks including collective phe-
nomena arise from local nanoscale effects that regulate the
interaction dynamics in between nano-objects and are inher-
ently related to the nanonetwork topology. In this framework,
local changes of resistance related to RS effects are respons-
ible for a redistribution of voltages/currents across the network

that drives new switching events in different network loca-
tions, providing rich spatiotemporal dynamics to these nano-
scale systems as discussed in section 4. In this context, differ-
ent electronic transport mechanisms can regulate the flow of
electrons in between two nano-objects: (i) tunneling of elec-
trons in case of nanogaps (ii) ballistic electron transport in case
of atomic-sized conductive filament and (iii) Ohmic electronic
conduction in case of larger filaments. These electronic con-
duction mechanisms rely on the interaction between specific
nano-objects that can evolve over time. The emergent beha-
vior of the network is related to the dynamic interactions in
between nano-objects that give rise to a dynamic reconfigura-
tion of conductive pathways under stimulation. In this context,
by analogy with a wide range of complex systems, nanostruc-
tured networks can be abstracted as dynamic graphs of inter-
acting nano-objects [44, 77-79], as schematized in figure 2(a).
The interactions (links) in between nano-objects (nodes) are
regulated by memristive dynamics that rely on RS phenomena
at the nanoscale, where the memory state of each memrist-
ive interaction depends on the history of applied voltage and
current.

Despite several RS mechanisms reported in conventional
two terminal memristive devices realized with a top-down
approach, RS in nanonetworks can be mainly attributed to
the so-called electrochemical metallization memory (ECM)
that regulates the interaction in between metallic nano-objects
through ion transport at the nanoscale [76, 80, 81], as schem-
atized in figure 2(b). Initially, metallic nano-objects are separ-
ated either by an insulating layer or by a nanogap. In case of
nanowires, an insulating layer surrounding the metallic core
may be formed by a polymeric or an oxide shell layer. Instead,
nanogaps are usually present in nanoparticle networks and
nanostructured thin films. In both cases, a high resistance in
between these nano-objects is expected in the pristine state.
When a voltage difference is present in between two adjacent
metallic nano-objects, anodic dissolution of metal atoms from
the positively charged nanostructure occurs according to the
reaction:

M— M 4ne”.

Consequently, metal ions start to drift across the insulat-
ing layer/nanogap towards the nearby nano-object under the
action of the applied electric field. When these ions reach the
counter nano-object, reduction and deposition of metal ions
occur according to the reaction:

M 4+ ne” — M.

The deposition of these metal ions results in the forma-
tion of a metallic nano-filament bridging the two nano-objects,
decreasing the resistance of the interaction. This decrease of
the resistance is referred to as a SET event that results in the
hysteretic behavior in the /-V plane (cf figure 2(b)). In this
framework, the resistance after the SET event is related to
the local composition and on the morphology (i.e. size) of
the nanofilaments that depends on the applied voltage/current.
In addition, kinetics of filament formation and filament mor-
phology is regulated by electrochemical properties of involved
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Figure 2. Memristive interactions in between nano-objects. (a) Graph abstract representation of a memristive nanonetwork with memristive
interactions in between nano-objects. (b) Schematic representation of the physical mechanism of switching involving the formation of a
conductive filament in between two nano-objects under the action of the electric field and corresponding resistive switching characteristic in
the /-V plane. The formation of a conductive filament is responsible for turning the resistance in between the two nano-objects from a high
resistance state to a low resistance state. (c) SEM image of a single NW junction fabricated to investigate the memristive interaction in
between two nanowires (scale bar, 10 pm). The inset show a detail of the intersection in between NWs where resistive switching occurs. (d)
Schematization of the resistive switching mechanism at the NW intersection related to the formation/rupture of an Ag conductive filament
across the PVP shell layers connecting the two NW Ag inner cores and (e) experimental resistive switching characteristic of the single NW

junction device. Panels (c)—(e) Reproduced from [18]. CC BY 4.0.

materials [82, 83]. This switching mechanism have been repor-
ted in a wide range of nanostructures, including single NWs
and NW arrays [67, 84-89] (although it is worth noting
that physical purely physical electric field induced switch-
ing mechanisms are also discussed in the literature—see sum-
mary in reference [61]). In this context, nanowire have been
reported as suitable model systems for investigating RS mech-
anisms, including ionic and electronic transport properties,
physicochemical phenomena, quantum conductance effects
and the role of metal—insulator interfaces, the role of environ-
mental conditions underlying RS and ionic dynamics under-
lying neuromorphic functionalities of memristive devices [80,
90-99].

The possibility of tuning the filament morphology through
the applied electrical stimulation led to an analogue behavior
of the interaction, where both formation/rupture of the nano-
filament can be viewed as an integration of the applied sig-
nals until filament formation/disruption [100]. Taking advant-
age of these features of the physical mechanism of switching,
conventional memristive cells have been largely exploited as
artificial synapses and neurons for hardware implementation
of brain-inspired computing paradigms [81, 101-103]. Also,

it is worth mentioning that the filament formed in between
nano-objects can be shrunk down to the atomic scale to form
quantum point contacts [61]. Indeed, when the width of these
mesoscopic constrictions connecting two electrically conduct-
ive regions is comparable to the electronic wavelength, con-
duction occurs through ballistic electron transport and con-
ductance is quantized in multiples of the fundamental quantum
of conductance Gy =2¢*h~! . For example, signatures of
conductance quantization were reported in percolating nano-
particle films, where experiments and simulations show that
the emergent behavior of the nano system arise from the form-
ation of atomic-scale filaments in gaps between particles when
the network topology is close to the percolation threshold [61]
Similarly, quantum conductance phenomena in between nano-
objects were ascribed to be responsible for discrete plateaus of
conductance in nanowire networks [23].

Another important aspect is that these conductive filaments
connecting nano-objects can break after formation. The fil-
ament rupture can be related to (i) a voltage-driven RESET
process or to (ii) spontaneous filament dissolution over time,
which can be facilitated by local Joule heating. The RESET
process can occur when a voltage difference with opposite
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polarity with respect to the SET process is present, causing the
retraction of the previously formed filament. Instead, the driv-
ing force of spontaneous dissolution is related to the nanobat-
tery effect that involves the minimization of the interfacial
energy through the Gibbs—Thomson effect and electromot-
ive force effects induced by diffusion potential and Nernst
potential [80, 81, 104]. Depending on operational conditions
during filament formation such as the magnitude of applied
voltage and flowing current that regulates the filament mor-
phology, the filament lifetime can range from below the micro-
seconds scale up to months or even years [60, 105].

An example of direct experimental characterization of RS
behavior regulating the interaction in between two nano-
objects is reported in [18]. Here, the switching behavior reg-
ulating the interaction in between two NWs is investigated by
fabricating a single NW junction device where two intersect-
ing Ag NWs surrounded by a PVP insulating shell layer have
been contacted (figure 2(c)). At the intersection, the physical
mechanism of switching is here related to the dissolution of
Ag atoms from the NW inner core to form Ag™ ions that
migrate across the PVP shell layers to form an Ag connection
in between the two inner cores, as schematized in figure 2(d).
Indeed, the single NW junction exhibits memristive behavior
characterized by a switch from a high resistance state to a low
resistance state under voltage sweep stimulation, as reported in
figure 2(e). The switching mechanism was found to be volatile,
as testified by the spontaneous relaxation of the NW junction
to the ground state after stimulation. Note that similar effects
involving the formation and breaking of atomic-scale wires
in between nanostructures have been previously reported by
Sattar et al [61] by experimentally investigating RS in percol-
ating nanoparticle films. Similarly, the formation/rupture of
nanoscale filaments in between nano-objects have been sug-
gested to be responsible for the emergent behavior of atomic
switch networks [29, 30], nanostructured films [20], nano-
particle networks [20, 28, 106] and nanowire networks [18,
23, 24, 67].

3.2. Nanoparticle systems

In diluted nanoparticle assemblies, RS has been linked to
the formation of filaments between individual metal particles,
likely resulting from the migration of charge carriers across
undoped regions characterized by a moving boundary [21, 28]
or attractive van der Waals forces. In many cases the nano-
particles were coated with an organic molecule, oxide or poly-
mer layer, and RS occurred via mechanisms such as redox
activity, the formation of a charge-transfer complex, or the cre-
ation of donor—acceptor pairs [107]. Self-assembled films of
CnS;-linked Au nanoparticles have electrical properties ran-
ging from insulating to metallic-like depending on the separa-
tion of the Au building blocks [108]. In the insulating regime,
electric transport is caused by cooperative electron tunnel-
ing (co-tunneling) at low temperatures, variable-range hop-
ping at intermediate temperatures, and Arrhenius-type beha-
vior at high temperatures [108]. The influence of each of these
mechanisms depends on both the distance between particles
and their spatial arrangement [53].

For diluted systems, the percolation theory provides a uni-
fied theoretical framework that can be exploited for describing
how the structure influence the capability of nanonetworks to
transmit information in the form of electrical signals [109].

Percolation on a lattice which contains N sites, in the limit
N — o0, depends on the concentration x of allowed sites. In
case of nanonetworks, the concentration x represents the dens-
ity of nano-objects on the substrate. According to percola-
tion theory, a continuous pathway connecting different areas is
present when the concentration exceeds the critical concentra-
tion x.. In case of low concentration (x < x.), nano-objects are
organized in small and isolated clusters. As x increases, coales-
cence of particles to form larger groups occurs, until the groups
tend to merge when x ~ x.. Consequently, as x approaches x.,
a complete and continuous pathway spanning the system is
formed allowing macroscopic flow of information through the
system.

From the electrical point of view, three main different
topologies can be identified as schematized in figure 3. In
case of concentration well below the percolation threshold
(figure 3(a-I)), no electrical pathways are expected to con-
nect electrodes contacting the nanonetwork. By increasing the
network density, the distance in between neighboring groups
of nano-objects is reduced and, even if no continuous path-
ways are present, electrical conduction in between electrodes
can occur through tunneling phenomena that involve transmis-
sion across small gaps in incomplete pathways (figure 3(a-1I)).
This regime, that is not described by classical percolation the-
ory, can be referred as continuum percolation with tunneling
since quantum-mechanical tunneling allows electrical trans-
port even before onset of percolation [110]. Instead, higher
density networks are characterized by the coexistence of con-
tinuous pathways spanning the network and tunneling connec-
tions (figure 3(a-1I1)).

The evolution of the conductivity of cluster-assembled
metallic films with thickness can be described by the percola-
tion theory as it has been discussed in the previous section.
After the percolation transition, cluster-assembled films are
continuous and fully connected (figure 3(a-1V)), however they
do not show the electrical behavior typical of continuous
metallic films [111]. This is due to inhomogeneity/disorder
and the extremely high concentration of defects and grain
boundaries slicing the crystal domains that constitute the films
[21, 112].

Cluster-assembled metallic films exhibit non-ohmic elec-
trical transport properties with a complex RS behavior [21,
53, 111]. Figure 3(b) reports a schematization of physical
mechanisms underlying RS phenomena in nanogranular net-
works. Depending on the considered material system, a variety
of switching mechanisms in nanoparticle networks has been
reported. Firstly, in nanogranular network of Ag—, AgAu alloy
and Ag/SiO, nanoparticles, which are poised at the percola-
tion threshold, the complex RS behavior is traced back to elec-
trochemical metallization mechanism, i.e. reconfigurations of
metallic filaments in memristive gaps, which are spread across
the network [16, 28, 42]. Secondly, for nanogranular net-
works from Sn/SnQO, within the regime of continuum percola-
tion with tunneling, atomic migration was found to result in
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Figure 3. (a) Network topologies and conduction regimes. (I) Low density, nanonetwork of sparsely distributed nanoobjects, where no
electrical pathways are present in between electrodes. (II) Tunneling regime observed by approaching the percolation regime, where
electrical pathways in between electrodes are provided by transmission across small gaps in non-continuous pathways. (1II) Continuum
percolation with tunneling observed near the percolation threshold with the coexistence of continuous pathways and tunneling connections.
(IV) In highly interconnected network far above the percolation threshold, multiple direct connection pathways between the electrodes are
present. Yellow squares represent contact electrodes, white symbols tunneling channels, orange isolated nano-objects while dark red
nano-objects forming a continuum pathway; (b) schematic picture of resistive switching processes in nanogranular networks. Depending on
the material system there are currently three mechanisms of resistive switching under consideration: (left) electrochemical metallization
(i.e. reconfigurable formation of metallic filaments via ionization, transport, and nucleation), (center) atomic migration (i.e. reconfigurable
variation of tunnel gap width upon hillock formation) and (right) defect reorganization (i.e. reconfiguration of defect structure involving

grain boundaries).

reconfiguration of the tunnel gaps upon hillock formation,
Thirdly, the collective reorganization of the defect structure,
distributed across the nanogranular network, in particular
defects at grain boundaries, has been reported and systemat-
ically characterized in the case of cluster-assembled Au films
[53, 113].

The non-linear electric behavior and, in particular, the non-
local effects in continuous cluster-assembled metallic films are
related to nanoscale structural change of the network charac-
terized by the presence of an extremely high density of defects,
dislocation, and grain boundaries typical of cluster-assembled
films [21, 53, 112, 114]. Cluster-assembled films are charac-
terized by a grain distribution substantially similar to that of
the sub-monolayer regime [115].

Electronic carrier conduction in these systems can be con-
sidered to be based on space charge limited conduction mech-
anisms and coulomb blockade [112]. The effect of Coulomb
blockade becomes particularly prominent at temperatures
far below room temperature. The presence of an extremely
high density of grain boundaries and crystalline orienta-
tion mismatch deeply affect the electrical conduction [116]

representing a barrier for the electric charge flow determining
and resulting in a distribution of different ‘resistances’ over
the cluster-assembled film.

Structural inhomogeneities correspond in variation of the
local resistance at the nanoscale: numerical simulations [117]
suggest that scattering phenomena through grain boundaries
under a flowing electron current can cause the formation of
‘hot’ spots with a high local temperature compared to regions
at low resistance where the temperature is lower. This causes
defect migration, grain boundaries modification and anneal-
ing, nanoparticle internal reorganization that take place at dif-
ferent temperatures due to the different nanoparticle dimen-
sions and structure [53, 118-121] (figure 3(b)).

4. Emergent neuromorphic functionalities

A characteristic feature of the brain’s neuronal circuitry is
its ability to adapt to continuously changing signals, which
has been attributed to collective nonlinear dynamics [122].
Dynamical phase transitions, for example, are considered to
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confer a functional advantage to complex systems with neural-
like adaptive dynamics [123—125]. This section highlights
some of the emergent brain-like properties that have been iden-
tified in self-organized networks of memristive nano-elements
and their implications for information processing.

4.1. Nanopatrticle networks

Nanoparticle networks provide a system for neuromorphic
computing in which the properties of networks are exploited,
rather than those of the particles themselves. These networks
can broadly be categorized according to whether the particles
are embedded in a matrix or are randomly deposited on a flat
surface (with no matrix). In the former case the result is a
nanocomposite [126] and in the latter case the result is a per-
colating network.

In the context of neuromorphic computing, the fabrica-
tion of networks of nanoparticles usually relies on the depos-
ition of pre-formed particles (often called ‘clusters’), from a
beam [46, 127, 128]. In the cases of interest here the particles
are randomly deposited in a 2D plane (experimentally, this
is usually between electrodes on a silicon substrate) and it
is immediately clear that concepts from percolation theory
apply. It was shown very early that atomic deposition and nan-
oparticles deposition lead to very different kinds of percolation
behavior [46]. (We note in passing that that atomic deposition
can be used to produce other devices which are also composed
of nanoparticles, such as quenched-condensed or discontinu-
ous films, but these are much less well-investigated for neur-
omorphic applications (see [129] and references therein).

Initial experimental studies of percolating nanoparticle net-
works were focused on demonstrating that the power—law
dependences of key quantities expected from theory [130]
could in fact be observed. Schmelzer et al [128] were able to
directly observe the percolation threshold (as a sharp change
in conductance, when the nanoparticle network spanned the
space between the electrodes) using carefully designed devices
comprising two pairs of interdigitated electrodes, with differ-
ent spacings. The percolation threshold was shown to exhibit
the expected shift with system size and it was also shown that
the critical exponent for the correlation length was consistent
with predictions [128]. Subsequent work [131] showed that,
in the regime p > p., the critical exponent for the conductiv-
ity was consistent with theoretical predictions from percola-
tion theory for devices formed from Ag and Bi nanoparticles,
but that devices formed from Sb particles exhibited different
power—law exponents because in certain regimes the particles
bounce of the substrate. These bouncing effects [132—-134]
were later used as the basis for several methods of forming
nanowire [135-137].

An important aspect of the work mentioned so far in this
section is that it established that the properties of nanoparticle
devices could be understood in terms of continuum percola-
tion i.e. that they were entirely equivalent to those of randomly
deposited disks in two dimensions [128, 131]. The device
properties were not significantly affected by coalescence or
diffusion effects [138], or by stacking of nanoparticles on top
of each other during deposition. In this regard it is worth

emphasizing that for 2D continuum percolation, the percol-
ation threshold at p. ~ 0.68 (i.e. projected surface coverage
in the 2D plane) corresponds to a total coverage pgr ~ 1.1
(i.e. total including the overlap of disks/particles deposited on
top of others). Since pyy is only ~35% greater than p., stack-
ing effects are unimportant near the percolation threshold and
only really become significant for p > p. [131]. The over-
lap between deposited disks/particles does however lead to the
formation of groups of particles separated by tunneling gaps,
as shown in figures 4(a)—(d).

4.1.1. Neuromorphic behavior at the percolation threshold.
The first evidence for memristive switching behavior in per-
colating Bi nanoparticle films was observed in very early
experiments [139], however the significance of these effects
was not appreciated at the time—they were reported more than
5 years before the ‘discovery’ of the memristor [140]. It was
another decade before it was possible to observe this switching
behavior reproducibly in large numbers of devices [61]. It was
realized that it was necessary to focus on films of nanoparticles
that were close to the percolation threshold, when tunnel gaps
are present in the film. Using complementary simulations, the
observations of switching and of quantized conductance at
room temperature were explained as the result of the formation
of atomic-scale wires in the gaps between particles (quantized
conduction requires that a conducting channel has dimensions
of the Fermi wavelength, which for metals is atomic scale)
[61]. This work therefore led to a new focus on percolating-
tunneling systems i.e. on 2D continuum percolation near to
pe, where the influence of tunneling through the gaps between
particles was considered in addition to the usual conducting
pathways (formed from connected nanoparticles).

Perhaps surprisingly, percolating systems with tunneling
were relatively unexplored at that point, and basic questions,
such as whether a sharp conduction threshold (second per-
colation threshold) should be observed in systems where tun-
neling was allowed, were unresolved [141]. These questions
were definitively addressed by simulations [110, 142], which
showed that tunneling leads to an approximately exponentially
decaying current at low surface coverages, and that the jump
to metallic conduction at p. is superposed on this tunneling
current. Subsequent simulations [143] showed that an applied
voltage can cause the formation of a continuous conducting
pathway due to the formation of atomic scale filaments in mul-
tiple gaps across the film, a result that was later mirrored exper-
imentally by the demonstration of winner-takes-all (WTA)
pathways in nanowire networks [23].

The discovery of the memristor [140], and subsequent
demonstration of neuron-like and synapse-like behavior in
various memristive (and other) devices [ 144] motivated further
investigation of percolating-tunneling devices. Early devices,
built using tin nanoparticles, were fragile and it was difficult
to achieve reproducible behavior [61]. These problems were
solved by the discovery that exposure of the Sn particles to
small amounts of air and moisture during deposition led to
control of oxidation and coalescence processes, and hence
to devices that were stable for many months [60, 145]. This
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Figure 4. (a) Top: schematic diagram illustrating our simple two-terminal contact geometry and a percolating network of nanoparticles. The
different colors represent groups of particles that are in contact with one another. The zoomed region shows a schematic of the growth of an
atomic filament within a tunnel gap (switching event) when a voltage is applied. Bottom: the same network schematic presented so as to
show the conducting pathways (black) that result from atomic filament formation within the gaps between groups. (b) Schematic showing
the conductance of a device during deposition of conducting nanoparticles follows a power law ~(p — pc)l'3 (the critical surface coverage is
e ~ 68%). arb, arbitrary units. (c) A scanning electron microscope image of a percolating nanoparticle network. Scale bar, 200 nm. (d)
Schematic diagrams showing the following: left—in the subcritical, insulating phase at low coverage, groups of particles are small and well
separated, so that if an atomic switch connects two groups, then there are few possibilities that this will trigger another switching event;
right—in the supercritical, conducting phase at higher coverages, highly connected pathways across the network mean that when an atomic

filament bridges a tunnel gap, an avalanche can propagate only to a few nearby tunnel gaps; center—in the critical phase, avalanches
propagate on multiple length and time scales. (e)—(g) Avalanche criticality in nanoparticle networks. (e) Probability distribution of
avalanche size S. (f) Probability distribution of avalanche duration 7. (g) Average size as a function of duration. Red and blue data points
represent linear and logarithmic bin sizes, respectively. Maximum likelihood power—law fits are shown in each case. (h) Self-similar
conductance changes on various time scales indicate scale-invariance. From [20]. Reprinted with permission from AAAS.

allowed long term measurements of the devices and hence
to the possibility that comparisons could be made with data
obtained from biological systems. Further improvements to
the stability of nanoparticle networks were observed in sys-
tems based on Ag nanoparticles and, in particular, AgAu alloy
nanoparticles, which enabled operation at room temperature
and in ambient air for multiple months [16, 28].

Detailed investigations revealed that, near the percolation
threshold, networks of tin nanoparticles exhibited correlated
avalanches of signals [20], similar to those observed from
the network of neurons in the cortex [146]. The avalanches
of signals were shown to exhibit scale-free dynamics over
many orders of magnitude (see figure 4(h)), and detailed ana-
lysis showed that the sizes and durations of the avalanches are
power—law distributed (see figures 4(e) and (f)). Moreover, this
analysis showed that the avalanches exhibited classic signa-
tures of criticality (see figure 4(g)) [147] i.e. that the measured
power—law exponents satisfied the crackling relationship, and
that the dependence of the mean size of the avalanches on dura-
tion and shape collapse yielded consistent estimates of the crit-
ical exponent 1/0vz, as required for criticality [20]. These res-
ults are significant as criticality has been extensively studied
in neuroscience to test the hypothesis that the brain achieves

optimal computational performance when in or near a critical
state [148-150]. In that context, avalanche criticality refers
to the statistical properties of action potential (voltage spike)
events typically measured in cortical neurons [151-153]. In
percolating-tunneling Sn nanoparticle networks, avalanches
are measured as spike-like conductance switching events
[20, 78].

Since critical systems are suggested to provide opportunit-
ies for optimal information processing capabilities [154, 155],
percolating networks of nanoparticles are promising systems
for brain-like computing. Importantly, similar demonstrations
of criticality have been achieved for Ag nanoparticles, even
when embedded in an oxide matrix [28], suggesting that crit-
icality is a general property of networks of nanoparticles at the
percolation threshold, and providing a pathway toward real-
world devices. In that regard it is worth mentioning that one
of the attractions of these self-assembled devices is that the
processes used are entirely CMOS compatible, and are there-
fore amenable to integration in larger scale systems, such as
those intended for, for example, edge computing.

Further investigations of percolating networks of tin nan-
oparticles have included detailed analysis of long-range tem-
poral correlations within the networks, and comparison with
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equivalent data from biological systems [78]. It was shown that
the long-range correlations derived from a scale-free network
architecture [78], in combination with neuron-like atomic-
scale integration and fire processes within the tunnel gaps
in the percolating network [106]. Simulations are invaluable
in demonstrating the mechanism for the observed correlated
avalanches: as in the biological brain [156], where when one
neuron fires it triggers (on average) one other neuron, in the
percolating networks one switching event triggers another. It
is the formation (or breaking) of an atomic scale filament in
one tunnel gap that triggers another filament to be formed (or
broken) in another. Interestingly, a dynamical balance (a pos-
sible self-organized critical state) is achieved since if, due to
random fluctuations, the number of connections in the network
becomes too few (or too many) the system tends to drive the
formation of more (or fewer) filaments and drives the conduct-
ance of the network as a whole towards a stable value [106].

More recent work on percolating networks of nanoparticles
has focused on multi-contact devices, which are designed to
allow multiple input and output signals to be provided to (read
from) the networks [27]. Such devices are obviously required
in order to implement computational schemes such as reser-
voir computing (RC) (section 5.1) but alternative schemes are
important and steps towards exploitation of spiking activity
for computation have already been made [157]. Experiments
have initially focused on demonstration of the basic proper-
ties of the multi-contact devices, and in particular on showing
that criticality is maintained. This work addressed concerns
that different contact configurations might bias the network
in such a way as to destroy correlations. (Further simula-
tions, of nanowire networks [19, 158], have addressed other
practical questions about the optimal choices of parameters
such as the number of electrodes and size of the system.)
Recent simulations [159] have shown that in fact criticality
is affected only in relatively small devices for a relatively
small number of pathological contact configurations. This
work also showed that repeated switching in the same gap
can be expected when the current paths in the nanoparticle
network are focused through a small number of tunnel gaps
that connect nearby electrodes. Interestingly, exactly this beha-
vior is observed experimentally [27]: in multi-contact devices
the current measured at individual electrodes can exhibit long
sequences of identical spikes, from a single ‘neuron’. The
times between spikes are found to be stochastic (as in the
biological brain), and this stochasticity has been exploited
for high quality true random number generation [27]. Hence
percolating networks of nanoparticles may have unexpec-
ted applications in stochastic computing and secure inform-
ation processing [160], in addition to those in neuromorphic
computing.

4.1.2. Neuromorphic behavior beyond the percolation
threshold.  The behavior of continuous metallic cluster-
assembled films beyond the percolation threshold has been
extensively investigated in the case of nanostructured Au films
[21, 111, 113]. Continuous Au cluster-assembled films are non
ohmic with a discrete variation of the resistance (figure 5) and

characterized by the presence of a switching activity with
a series of discrete and reversible resistance variations; the
I-V curve shows a non-linear behavior and the presence of
hysteresis [21, 111, 113].

The films can change reversibly and reproducibly their res-
istance from different high to lower levels depending on the
applied voltage (figures 5(a)—(c)); reversible switching beha-
vior can be controlled tuning the pulse width and the height.
In figures 5(e)—(g) consecutive and reversible switch between
higher and lower resistance state are shown with the applied
pulses.

Inter-switch-interval (ISI) distribution analysis as in the
case of neuronal networks have been used to verify the exist-
ence of a degree of correlation among the electrical spikes
observed in the cluster-assembled films [20, 161]: typical ISI
distribution is shown in figure S(h).

RS events in nanostructured metallic films are observed
also at cryogenic temperatures [112]: this could be related
to the structure of cluster-assembled films characterized by
a landscape crowded of defects and interconnects between
grains resulting in an assembly of interacting nanojunctions
[53]. Multiple conductance states are observed in single metal-
lic nanojunctions at cryogenic temperatures with electrical
conductions characterized by discrete steps of conductance
involving Coulomb blockade phenomena both in increasing
and decreasing resistance [162].

4.2. Nanowire networks

Similar to the case of nanoparticles, also in case of NWs
the interest in the field of neuromorphic computing is mainly
related to the exploitation of the emergent properties of net-
works of NWs rather than those of the NW itself. In this frame-
work, pioneering works showed that randomly interconnec-
ted networks of Ag,S nanowires act as self-assembled atomic
switch networks able to emulate neuromorphic functionalities
[29, 30]. In this context, it was proposed that these networks
can be similar in structure to Turing’s ‘B-Type unorganized
machine’ as randomly connected networks of logic gates [36].
The aim of this seminal work was mainly to emulate the
structure and activity of the biological brain including spa-
tially distributed memory, recurrent dynamics, and scale-free
fluctuations, rather than on the implementation of computing
paradigms. Subsequent studies of these NW networks also
revealed higher harmonic generation under an AC bias [69],
which led to the demonstration of waveform regression tasks
using RC (see section 5.1) [163]. Similar collective behavi-
ors have since been observed in single-walled CNTs [164].
Inspired by neuroscience and motivated by unveiling the inter-
play in between structure and function of these self-assembled
systems, growing interest was then devoted in understand-
ing the interplay in between the NW network topology and
emergent memristive functionalities [44, 77, 158], together
with emulation of synaptic functions and physical implement-
ation of unconventional computing paradigms such as RC
(see section 5) [15, 19, 26, 165, 166]. Beyond RC, it was
also demonstrated that NW networks can emulate higher-order
cognitive functions such as working memory [167].
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Figure 5. Example of resistive switching behavior in cluster-assembled gold films. (a) Electrical resistance of a film with thickness of

30 nm under a bias of 20 V; (b) histogram of the resistance values under the application of 20 V in a time window of 200 s. (c) Electrical
resistance of the same sample under a bias of 0.5 V. (d) Histogram of the resistance values of the sample under the application of 0.5 Vin a
time window of 200 s; (e) transition to a low resistance level under the application of low voltage pulses (5 V); (f) transition to a higher
resistance level under the application of high pulses (20 V). Y axis in log-scale for both graphs; (g) an example of consecutive transition
from the higher resistance level to the lower one and vice-versa observed under the application of consecutive low (10 V) and high (30 V)
voltage pulses; (h) ISI distribution: the power law obtained by the maximum likelihood method is shown in the log—log scale graph (the
estimated parameter with the confidence bounds at 95% certainty level is shown in the legend). Panels (a)—(d) Reproduced from [111] with
permission from the Royal Society of Chemistry. Panels (e)—(h) Reproduced from [21]. © IOP Publishing Ltd. CC BY 3.0.

4.2.1. Nanowire network topology. = From social networks
to electrical power grids and biological systems, the network
topology is intimately related to functionalities [168]. In the
framework of network science, NW networks can be repres-
ented as mathematical objects on the basis of graph theory [44,
77,79, 158]. The NW network, modeled as a network of 1D
sticks randomly dispersed on a 2D plane can be abstracted as a
graph where nodes and edges represent NWs and NW interac-
tions, respectively. In the work by Loeffler et al [77], network
cartographic approaches borrowed from neuroscience were
exploited to compare neuromorphic nanowire networks with
random networks, grid-like networks, and the structural net-
work of the Caenorhabditis elegans biological system. Results
showed the NW networks exhibit small-world architecture that
is similar to the biological system of C. elegans, while signi-
ficantly differing from random grid-like networks as well as
from the architecture of untrained ANNs. In addition, it was
shown through simulations that stacking of the NWs strongly
influences the network topology [158]. The stacking effect in
real-world NW networks leads to the formation of quasi-3D
network as a consequence of the deposition process, with a
much weaker ‘small world character’ in real-world quasi-3D
networks than in perfectly 2D networks. In other work [44] it
was shown that graph metrics are linked to purely geometrical
considerations and that results from graph theory agree with
percolation theory. By considering NW networks as memrist-
ive graphs and by analyzing the interplay in between the net-
work structure and its capacity to transmit information, the

concept of memristive distance was introduced to describe the
dynamic evolution of the effective resistance in between two
graph nodes. In agreement with experimental results, mod-
eling showed the emergence of self-selected pathways that
connect the stimulating areas, regulating the trafficking of the
information flow across the network.

4.2.2. Emergent memristive behavior of nanowire networks.
The emergent memristive behavior of NW networks arises
from RS events occurring between NW network elements,
where changes in the conductance across NW-NW junctions
result in a redistribution of current/voltage across the whole
network causing collective phenomena [24, 169]. In particu-
lar, memristive behavior in NW networks have been reported
to be related to ‘reweighting’ and ‘rewiring’ effects that can
occur in NW junctions and single NWs, respectively, as exper-
imentally investigated by Milano et al [18] in devices based on
single NW junctions and single NWs.

The ‘reweighting’ effect refers to RS phenomena at NW
junctions in between intersecting core—shell NWs, where the
formation/rupture of a metallic filament connecting the two
metallic cores occur under the action of an electric field
according to the ECM mechanism detailed in section 3. In this
context, it is worth noticing that experimental results obtained
in single NW junction devices evidenced that the pristine state
of NW junctions can span over several orders of magnitude
of resistance because of the mechanical stochasticity of the
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contact in between intersecting NWs [18]. In addition, it was
shown in a previous work that [23] the internal state of NW
junctions can be programmed to different resistance states in
an analogue fashion by adjusting the imposed compliance cur-
rent. Moreover, it was shown that the symmetric structure of
NW junctions allows the filament to grow or decay by apply-
ing both voltage polarities to inner cores of intersecting NWs
[18].

The ‘rewiring’ effect refers to the rupture of NWs that can
occur in single NWs under electrical stimulation [18]. In this
case, electrical stimulation can lead to the rupture of single
NWs to form a needle-like nanogap due to Joule heating and
electromigration-driven electrical breakdown. The electrical
connection in between the two disconnected parts of the NW
can be then restored thanks to electromigration phenomena
involving the formation of a conductive filament in the pre-
viously formed nanogap under the action of an applied elec-
tric field. Thus, the rupture/rewiring of the nanogap can be
responsible for RS in single NWs.

Reweighting and rewiring effects in memristive nano com-
ponents thus contribute to an emergent memristive behavior
of the NW network at the macroscale. When an electrical
stimulation is applied in between any two areas of the net-
work, current flows across connected NWs in accordance with
Kirchhoff’s laws and is regulated by the conductance state of
each memristive element of the network. Changes in the con-
ductance of a memristive element causes the redistribution of
current and voltages across the entire network, causing other
changes in the conductance state of connected memristive ele-
ments through a cascade effect. Under AC stimulation, this
causes the emergent memristive behavior of the NW network
characterized by the typical hysteretic loop in /-V curves, as
shown in figure 6(a)) in case of Ag NW networks [18]. Under
multiple AC cycles, the response is consistent with attractor
dynamics [123, 170], which has been identified as central to
the brain’s computational abilities [171]. Under DC stimu-
lation, cascading switching activity, tempered by stochastic
fluctuations that rupture conductive nano-filaments, was found
to exhibit avalanche criticality. This was shown in both Ag-
PVP [126] and Ag,Se NW networks [170] using different
devices operating in a two-terminal configuration: a double-
electrode device and a multi-electrode array (using a single
source-drain pair), respectively. The critical exponents meas-
ured from the avalanche statistics differ for the two different
NW systems and also differ from those measured for Sn NP
networks, which may indicate different universality classes
or departure from a single critical point. These findings open
up new opportunities for testing the criticality—computation
hypothesis in physical abiotic substrates, which may in turn
reveal new insights into the role of criticality in the brain
[172, 173].

The emergent memristive behavior of NW networks is
related to the emergence of spatially correlated network areas
with enhanced conductivity under stimulation, with the emer-
gence of conductive pathways connecting stimulating elec-
trodes. Manning et al reported a direct investigation of con-
ductive pathways formed in Ag NW networks under electrical

stimulation by means of passive voltage contrast SEM imaging
as reported in figure 6(b) [23]. By using this technique NWs
that belong to the conductive pathway created through elec-
trical stimulation that connect stimulating electrodes appear to
be darker while disconnected (or less-connected) NWs appear
to be brighter [23] (A similar demonstration of pathway form-
ation in NP networks was reported earlier [143]). By show-
ing the dependence of the conductive pathway morphology
on the applied compliance current, this work experimentally
proved that the morphology of the conductive pathway can
be regulated by tuning the electrical stimulation. In this work,
it was proposed that a ‘winner-takes-all’ (WTA) conduction
regime can occur in NW networks, where the WTA path can
exhibit stable conductance plateaus and represent the lowest
possible energy connectivity pathway in the network. In a later
work, Li et al [174] reported on the direct visualization of
conductive pathway in Ag NWs decorated with TiO, nano-
particles through lock-in thermography. Here, it was shown
that for sufficiently high voltage/current, an enhanced IR radi-
ation related to Joule heating effects is emitted locally in cor-
respondence of the conductive pathway formed across the NW
network. Also, it was shown that the NW network conductiv-
ity can be mapped through Electrical Resistance Tomography
that allows to reconstruct the conductivity map of the network
through boundary electrical measurements [175—177]. This
technique experimentally allowed to observe the evolution of
the connectivity map under electrical stimulations, allowing to
map spatiotemporal changes of the conductivity in nanonet-
works under external stimulation. It is worth mentioning that,
before these works, it was already reported the possibility of
locally manipulating the connectivity of NW networks by c-
AFM. Indeed, Nirmalraj et al demonstrated that a metal coated
AFM tip can be exploited to locally activate network areas by
applying a voltage stimulation, demonstrating that networks
realized with both PVP-coated Ag NWs and surface-oxide-
passivated Ni NWs can be programmed to create materials
with control of local connectivity at the nanoscale [68].
Under proper operational conditions, it was demonstrated
that conductive pathways formed across NW networks can
be volatile [15, 18, 24]. This behavior is related to the spon-
taneous dissolution of conductive filaments in memristive
elements composing the networks (details in section 3), with
consequent dissolution of the conductive pathway spanning
the network after the end of stimulation. In this case, the NW
network endows short-term memory and the effective resist-
ance in between stimulating areas tends to restore the pristine
resistance state over time. An example of short-term memory
of an Ag NW network stimulated in two-terminal configura-
tion with a voltage pulse is reported in figure 6(c). While the
effective conductance progressively increases due to the form-
ation of a conductive pathway during voltage pulse stimulation
(potentiation), relaxation of the effective conductance towards
the ground state can be observed after the end of stimulation
due to short-term memory effects (spontaneous relaxation).
It is worth noticing that spatio-temporal dynamics based on
short-term memory effects in NW networks are crucial for
the emulation of synaptic functionalities, for information
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Figure 6. Emergent memristive behavior of NW networks. (a) Resistive switching behavior of a NW network measured in two-terminal
configuration, as schematized in the inset, showing the typical hysteretic loop of a memristive device. Reproduced from [18]. CC BY 4.0.
(b) Direct investigation of conductive pathways formed in Ag NW networks under electrical stimulation by means of passive voltage
contrast SEM imaging. Images were acquired on the same network stimulated with /-V sweeps by imposing different limiting current
compliances in between the two metal contacts (top-left panel shows an unperturbed network). Scale bars correspond to 2 um. Reproduced
from [23]. CC BY 4.0. (c) Experimental and simulated potentiation during voltage pulse stimulation and following spontaneous relaxation
of the effective conductance of an Ag NW network measured in two-terminal configuration and (d) corresponding evolution of the
conductivity map obtained through grid-graph modeling. Panel (c), (d) Reproduced from [15] with permission from Springer Nature.

processing and for the implementation of computing
paradigms such as RC (refer to section 5.1). Under longer
DC stimulation and persistent volatility, NW networks have
demonstrated fault tolerance, with an ability to maintain func-
tional integrity and resilience against localized damage caused
by continual reweighting and rewiring [24]. This resilience is
attributed to the remaining parts of the network compensating
for the part that has been functionally disrupted, as inferred
from observations of a rapid recovery in network conductance
following a sudden drop.

To better understand how the internal dynamics of NW net-
works relate to their emergent memristive properties, model-
ing and simulation studies have provided valuable insight. A
grid-graph model where the memristive behavior is decoupled
from the particular and detailed behavior of each network
element has been proposed [15, 178]. This model approxim-
ates a high-density NW network as a 2D continuous medium
that is then described as a regular grid-graph with memrist-
ive edges, where the dynamics of each memristive edge are
regulated by an analytical potentiation-depression rate bal-
ance equation that takes into account short-term memory

effects [179]. Besides allowing direct interpolation of experi-
mental results, this model allows visualization of the spatio-
temporal evolution of the conductive pathway when elec-
trically stimulated in specific spatial locations as repor-
ted in figure 6(d). The potentiation-depression rate balance
model for the memristive edges was subsequently shown
to be compatible with a theoretical mean-field approxima-
tion for random networks [180], which was further valid-
ated against experimental measurements [181]. An altern-
ate model, developed for Ag-PVP memristive NW networks,
instead solves Kirchhoff’s laws for arbitrary network con-
nectivity structures using the adjacency matrix and graph
Laplacian [123, 182]. This approach enables simulation of
dynamic networks with a broader range of densities, from
the low-density percolation limit (sparse networks) to high-
density random networks. In this case, edges are modeled as
voltage threshold-driven bipolar ECM memristors, with con-
ductance switching triggered by tunneling. Simulation stud-
ies using this model have revealed how synchronization of
memristive switching events forms the initial WTA conduc-
tion path under a DC bias [123], which is similar in nature to
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transient synchrony in the brain [31]. It was also shown that
the WTA path is concomitant with a discontinuous transition
in conductivity, as also found in other modeling studies [183].

Overall, the dynamical phase transitions, attractor dynam-
ics and synchronization associated with the emergent memrist-
ive properties of NW networks resonate with Hopfield’s [184]
proposition that new computational capabilities can spontan-
eously emerge from the collective dynamics of large numbers
of relatively simple processing elements, as discussed in the
following section.

5. Nanogranular networks for computing

There are many possible approaches to exploitation of the
properties of nanogranular networks in emerging computa-
tion scenarios, including spiking computation for Boolean
logic and image classification [157]. In this review, we focus
on nanogranular networks as physical reservoirs for RC (cf
section 5.1) and receptrons as reconfigurable Boolean func-
tion classification devices (cf section 5.2).

5.1 Physical RC

RC represents a computational framework derived from recur-
rent neural network (RNN) models such as echo state networks
[185] and liquid state machines [186] where computation is
divided in two sections: the ‘reservoir’ and the ‘readout’ [187,
188]. The ‘reservoir’ projects temporal input signals into a new
feature space that represents a nonlinear transformation of the
input, while learning is performed in the ‘readout’ layer that
analyzes the reservoir state and generate the output of the sys-
tem. As conceptually schematized in figure 7(a), the reservoir
maps a time-dependent input u(¢) into a feature space that is
represented by the internal state of the reservoir x(¢) that is then
analyzed by the readout, where readout weights are trained by
comparing the output y(¢) with the desired output y4(). Since
only the weights of the readout need to be trained no train-
ing is required for the reservoir, this computational framework
substantially reduces the computational cost of learning and is
highly versatile.

Since the basic concept of RC is to exploit intrinsic dynam-
ics of the reservoir by outsourcing learning, reservoirs can be
directly realized by exploiting the dynamics of physical sys-
tems instead of using simulated dynamics of an algorithmic
RNN. The computational framework where the reservoir is
realized by exploiting intrinsic dynamics of physical systems
and computation is performed ‘in materia’ [15] this approach
is referred as physical RC [187, 188]. This emerging research
field involves not only the machine learning and artificial intel-
ligence community but also the field of physics, dynamical
systems, material science, biology, and neuroscience. With the
aim of exploring the computational power of physical sys-
tems, physical RC has been implemented by exploiting mech-
anical, photonic, spintronic, and electronic systems [ 187, 188].
By exploiting internal ionic dynamics of memristive cells
where the internal state of resistance depends on the history
of applied voltage and current, physical implementation of RC

have been demonstrated also in arrays of memristive devices
realized with a top-down approach [189, 190].

In the present context, self-assembled networks of inter-
acting nanoobjects have been demonstrated as suitable plat-
forms for the implementation of RC by emphasizing the net-
work architecture as a whole, exploiting the emergent dynam-
ics of the system without fine tuning of its elements. While
pioneering works explored the implementation of RC using
CNTs [191, 192] and self-assembled atomic switch networks
[60], this approach was then adopted in a wide range of
self-assembled systems including NW networks [15, 26, 165,
193-195], NP networks [196—198], molecular networks and
organic electrochemical networks [199, 200]. In all these
cases, the reservoir state is represented by the collective state
of network elements.

In the case of NW networks, Sillin et al [26] demon-
strated the realization of a kernel for RC based on an atomic
switch network of intersecting NWs, where the dynamics can
be regulated by controlling the network connectivity density.
Milano et al [15] demonstrated experimentally that the emer-
gent behavior of NW networks endows nonlinear dynamics
and fading memory properties, key prerequisites for exploiting
these systems as physical reservoirs. Simulations by Zhu et al
[182] demonstrated enhanced information processing (quan-
tified by task performance and information theoretic meas-
ures) when memristive NW networks were prepared in a
state near the dynamical phase transition in conductivity. A
learn-to-learn strategy has also demonstrated how RC may be
optimized using these networks [201]. In a converse approach
using simulated networks of nanoscale spintronic oscillators,
Feketa et al found that an evolutionary search driven solely
by task performance led the network toward a critical state
[202]. In this context, NW networks have been reported for
solving a wide range of computing tasks including wave-
form generation [26, 30], pattern recognition [15], time series
prediction [15] and speech recognition [166, 194]. Similarly,
waveform generation through physical RC was demonstrated
in NP networks [188] and time series prediction and classi-
fication were achieved firstly in simulations [196] and then
in experiments which also extended the approach to speech
recognition tasks [198].

RC at the edge-of-chaos, a state between ordered and
chaotic dynamical regimes, has also been investigated using
NW networks [123, 203, 204]. The edge-of-chaos does not
necessarily coincide with criticality and in the case of NW
networks, the two dynamical regimes are distinct: while ava-
lanche criticality (activity propagation) is triggered by sus-
tained fluctuations under a DC bias, the order-chaos trans-
ition is instead reached under strong AC driving. In a simu-
lation study, Hochstetter et al [123] demonstrated that a NW
network in an edge-of-chaos state (with maximum Lyapunov
exponent A =~ 0) performed better than when in an ordered
(A < 0) or chaotic (A > 0) state, but only as task complexity
increased (see figure 7(b)). This result is similar to a study of
a spiking RNN, which found that only complex tasks bene-
fit from criticality [205]. Interestingly, that study used leaky
integrate-and-fire point neurons, whereas Hochstetter et al
used a conductance-based model that effectively replaces the
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Figure 7. (a) Schematic representation of the RC paradigm where the reservoir maps the input u(#) in the reservoir state x(¢) through input
weights Wi,, while output weights Wy are trained by comparing the output y(¢) with the desired output y4(¢). Reproduced from [15] with
permission from Springer Nature. (b) Edge-of-chaos learning in nanowire networks. Simulated waveform regression task accuracy as a
function of maximum Lyapunov exponent \ for transformation of an input triangular wave into target waves with Fourier components of
varying complexity. Vertical dotted line indicates A = 0. Reproduced from [123]. CC BY 4.0. (c) Schematic conceptualization of the fully
memristive implementation of reservoir computing where a physical reservoir based on a self-organizing memristive NW network is
coupled with a memristive readout composed of ReRAM devices realized with a top-down approach. Reproduced from [15] with

permission from Springer Nature.

leaky capacitor with a voltage threshold-driven memristor,
where leakage is due to tunneling. Performance enhancement
at the edge-of-chaos was also reported using an ion-gating
reservoir [75]. These studies, together with those mentioned
above, indicate that for brain-inspired computing, the collect-
ive dynamics are at least similarly important as the specific
details of the neuron-like dynamics of individual nanoscale
elements [170].

The computing capabilities of these self-assembled net-
works are also intrinsically related to the network topolo-
gies. By analyzing the performances of NW networks on two
benchmark computing tasks, memory capacity and nonlinear
transformation, Loeffler et al [206] showed through simula-
tions that NW networks with a highly modular and segreg-
ated topology achieve best performances in simultaneous tasks
with respect to random networks, despite random networks
outperforming NW networks on independent tasks. Although
no radical differences in RC computing performances were
observed by considering the effect of NW stacking on the net-
work topology and by considering physically realistic elec-
trode configurations, Daniels et al [19] showed through simu-
lations that quasi-3D (stacked) networks are more resilient to
changes in input parameters allowing better generalization to
noisy training data.

In contrast to most other studies that focus on explor-
ing dynamics of self-assembled networks of nanoobjects for
the realization of physical reservoirs while implementing in
software the readout layer, Milano et al [15] experiment-
ally demonstrated a fully memristive architecture for RC
where both the reservoir and readout sections are imple-
mented in hardware, as schematized in figure 8(c). In this
case, a self-organizing NW network reservoir realized with a
bottom-up approach was coupled with a memristive readout
based on conventional ReRAM cells realized with a top-down
approach. Here, readout classification was performed in hard-
ware by means of a neural network realized with an array
of ReRAMs, where matrix—vector multiplication was per-
formed in one-shot through physical multiplication by Ohm’s
law and physical summation by Kirchhoff’s law. Different

implementation strategies of physical RC in NW networks
have been explored in [207].

5.2. Generalization of the perceptron model and its physical
implementation

Memristors have been proposed for the physical realization of
the perceptron synaptic weights for ANN hardware [9, 140].
The use of memristors allows the physical encoding of these
weights: the inputs superposition, i.e. computation, and their
memory, that is the physical state of the system, are realized in
the same hardware with substantial power reduction compared
to standard digital components [9, 208].

Figure 8(a)) reports a scheme of the architecture based on a
single perceptron as a binary classifier [11]: the weights asso-
ciated with each input can be independently adjusted to give
the desired output. Figure 8(b) shows a generalization of the
model based on weights which are not related to a single input.
A network of highly interconnected non-linear junctions res-
ulting from the assembling of nanoparticle can dynamically
change its connectivity and the topology of conducting path-
ways depending on the input stimuli, thus representing a suit-
able substrate for the scheme reported in figure 8(b) [121].

The weights wy,..., w, between any given pair of inputs
and outputs depend on the overall response of the network
to inputs xi,..., x,. The weights are functions of a con-
volution of the input topology with the network conduct-
ing path topology resulting in the mapping of the weighted

inputs X' =xywq (x1,...,%,) + ... +xX,w, (x1,...,%,) to the
output value F(X’). The perceptron thus represents the
case where the weights are independent wj (xi,...,x,) =
Wiy Wiy (X1, ) = W

Starting from the traditional perceptron model based on lin-
early independent weights:

ey

n
_ o
S= E XjWj
j=1
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weighting process on the signals coming from the inputs (rectangular area). (c) Circuital scheme of the 3-input receptron. Three input
electrodes are shown (left), connected to relays that can be switched between voltage source and open circuit. The electrodes are connected
to cluster-assembled film. Electrodes A, B and C are used as outputs (B is grounded). The outputs /; and /> result from the sum of the local
currents flowing through the cluster-assembled film (color lines). (d)—(f) Examples of Boolean functions obtained imposing a two-threshold
band on the measured voltage output. The dotted lines represent the two threshold values; the output voltage between the threshold provide
a receptron state with logic value 1, while the output voltage outside the thresholds, provide the logic values 0. (d) NOR logic gate and (e)
NAND logic gate for the same threshold band. (f) XOR logic gate; (g) truth table for the XOR function for inputs 1 and 3. Reproduced from
[121]. © Mirigliano et al Published by IOP Publishing Ltd. CC BY 4.0.

where j numbers the inputs (j € [1,n]) and wf are constant
real values, one can introduce a more general form of previ-
ous equation, which allows for the non-linear interaction of the
inputs,

S= Zx]w]

j=1

|SER, 2

where w; (X) : R* — C are complex-valued functions and X =
(x1,...,x,) is the input vector [209].

This is the basis of the receptron model: while equation (1)
is a linear combination of the inputs (the weights are constant),
in the receptron a modification of the inputs leads, in general,
to a variation of the weights value w; (¥) (equation (2)) intro-
ducing higher order non-linear terms in the sum thus making
the system highly complex and allowing the classification of
non-linearly separable functions with a single device using a
single threshold, as described in detail in [205].

Figure 8(c) shows the scheme of a three input (3-bit)
receptron fabricated by connecting with a nanostructured Au
film three couple of electrodes [121]. Three relays connected
to electrodes 1-2-3 can be switched between the voltage source
or open circuit. Two relays connected to electrodes A and C can

be switched between ground and, respectively, inverting and
no-inverting input of an Op-Amp [121, 210].

To utilize a receptron as a binary classifier, one must first
read an input signal, adjust the weights for each set of inputs,
and then apply a thresholding procedure to the collected read-
ings. This process generates a binary output that facilitates
the execution of a classification task [11]. This leads to a pro-
tocol comprising two primary steps: the input reading step and
the weight adjustment step (writing step). During the reading
step, electrodes 1, 2, and 3 serve as the input electrodes (as
shown in figure 8(c)), while electrodes A and C are connected
to the operational amplifier (op-amp). The input logic O cor-
responds to a high impedance state (open relay in figure 8(c)),
whereas the input logic 1 corresponds to a low impedance state
(closed relay in figure 8(c)). The device output is the voltage
Vout from the op-amp; by applying a threshold, a digital out-
put is obtained. V,,,; can be measured for each input configura-
tion, allowing for a complete definition of the Boolean device,
which associates a binary value, derived from the threshold-
ing process, with each input configuration (for example, O-
0-0, 1-0-0, etc). The thresholding process involves binariz-
ing the voltage outputs through appropriate upper and lower
thresholds. Output values falling within this specified range
are linked to the logic value 1, while those outside yield a
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logic value of 0. The output function can be read multiple times
since the reading process does not alter the weight distribution
of the device (see figures 8(d)—(g)).

The modification of the weight distribution is obtained
through the writing step: in this case electrodes 1,2 and 3 as
input while A and C are grounded. A series of voltage pulses
above a suitable threshold voltage can be applied to induce
modification in the conduction path of the film (figure 8(c)).

Since the thresholding process imposed on the voltage out-
put, together with the non-local effects of a writing process,
limit the output explored by the device, a random search pro-
tocol could be advantageous to efficiently generate the desired
Boolean functions, as in the case shown in figure 8(f), where
the use of a double threshold improves the efficiency of the
random search protocol.

A random search strategy has been proposed for neural net-
work models based on the analogy with the immune system
[211] and for hyperparameter optimization [212]. In the case
where there is a very large number of configurations (current
pathways, in this case) that can generate a favorable weight
distribution, the random method seems to be better than the
systematic one [17].

6. Conclusion and outlook

The integration of memristive crossbar arrays with transistor-
based integrated circuits have demonstrated that different pro-
cesses and devices can be successfully integrated to conven-
tional microelectronics CMOS manufacturing [213]. In par-
ticular, a common pathway is to integrate memristive crossbar
arrays after the metallization layers have been manufactured
at the back-end-of-line to circuit logics [214].

The strategy for the fabrication of data processing systems
based on self-assembled nanoobjects should be based on dif-
ferent approaches: the need for digital and analog devices
coexisting on the same platform implies the integration of
hardware with different length scale features and large mater-
ial diversity [16, 215, 216]. This rapidly evolving scenario
demands a paradigm shift towards the fabrication and charac-
terization of hybrid systems where heterogeneous nanoscale
materials must coexist and integrate with fabrication techno-
logies typical of silicon [217, 218]. In particular, several crit-
ical factors need to be taken into account, including batch
reproducibility, scalability, compatibility with planar techno-
logies, parallel fabrication, and stability under harsh chem-
ical and physical conditions [219]. While nanotechnology is
considered to enable new production paradigms, the integ-
ration of various manufacturing processes is still hindered
by the disparity in maturity levels between top-down and
bottom-up approaches regarding production scalability, cost-
effectiveness, reliability, and compliance with industrial and
environmental standards [219, 220].

The standard top-down/bottom-up integration methods
necessitate solutions capable of delivering and placing indi-
vidual components at specific addressable locations on

patterned surfaces. Therefore, a key challenge is the manipula-
tion of nanoscale objects, such as nanoparticles or nanowires.
Self-assembly strategies alleviate these demands, allowing
for milder processing conditions, reduced contamination, and
higher deposition rates [58]. The compatibility of the depos-
ition process with a wide range of substrates and standard
shadow masking techniques is also crucial [221, 222].

This represents a substantial departure from the paradigm
of integrated microelectronic circuits, where every circuit ele-
ment (e.g. transistor or memristive crossbar element) is meant
to be addressed individually. However, to harness the function-
ality of emergent phenomena in nanostructured networks it is
neither necessary nor meaningful to attempt to address every
nanoobject in an extended nanogranular network individually
[174]. In contrast, the whole network of nanoobjects can be
addressed as a matrix of elements with given connections,
e.g. for applications like RC [193].
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