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Self-organized Criticality in Neuromorphic Nanowire
Networks With Tunable and Local Dynamics

Fabio Michieletti, Davide Pilati, Gianluca Milano,* and Carlo Ricciardi*

Self-organized criticality (SOC) has attracted large interest as a key property
for the optimization of information processing in biological neural systems.
Inspired by this synergy, nanoscale self-organizing devices are demonstrated
to emulate critical dynamics due to their complex nature, proving to be ideal
candidates for the hardware implementation of brain-inspired unconventional
computing paradigms. However, controlling the emerging critical dynamics
and understanding its relationship with computing capabilities remains a
challenge. Here, it is shown that memristive nanowire networks (NWNs) can
be programmed in a critical state through appropriate electrical stimulation.
Furthermore, multiterminal electrical characterization reveals that network
areas can establish spatial interactions endowing local critical dynamics. The
impact of such tunable and local dynamics versus the information processing
in the network is experimentally analyzed through in materia implementation
of nonlinear transformation (NLT) tasks, in the framework of reservoir
computing. As for brain where cortical areas are specialized for a certain
function, it is demonstrated that the computing performance of nanowire
networks rely on the response of reduced subsets of outputs, which may
show critical dynamics or not, depending on the specificity of the task. Such
brain-like behavior can lead to neuromorphic systems based on
self-organizing networks with reduced hardware complexity by exploiting their
local and specialized behavior.

1. Introduction

Self-organized criticality (SOC) is a recurrent property in na-
ture for a multitude of complex phenomena.[1–3] In particular,
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a crucial role in biological neural systems
is demonstrated.[4] Through experimental
recordings of local field potential (LFP),
evidence of SOC emergence has been re-
ported in cortical neuron cultures and cere-
bral cortex for animals and humans, in
addition to the amygdala and hippocam-
pus for the latter.[5–11] Although these ob-
servations are not sufficient to undoubt-
edly assess the role of criticality in brain
information processing, parallel motiva-
tions to bio-plausibility have driven the
study of SOC in dynamical systems.[12]

When poised to the critical state, it has
been argued that dynamical systems max-
imize processing performance in terms of
dynamic range, information storage and
transmission, computational power, and
stability.[6,13–19] In this framework, SOC
has been explored in emerging hardware
technologies for computing, including self-
organizing systems such as nanowires,
nanoparticles, and nanogranular networks,
where the complex interaction among a
multitude of nanometric nonlinear ele-
ments inherently enables the arising of this
emergent phenomenon.[20–31] Among self-
organizing systems, memristive nanowire

(NW) and percolating nanoparticle networks have been con-
firmed, both experimentally and in simulations, to show critical
dynamics in response to two-terminal voltage stimulation and
reading.[20,25,27,32,33] At the same time, the emergent dynamics
of these systems have been exploited for the implementation of
physical reservoir computing (RC).[34–37] For this application, it
has been argued through simulations that criticality can provide a
progressive performance boost with the increasing task complex-
ity and required memory, along with experimental observations
of a detrimental effect for simpler tasks.[32,38] However, control-
ling the emerging critical dynamics and understanding its rela-
tionship with computational properties in experimental systems
remains a challenge.
In this work, we report on self-organized criticality in neuro-

morphic NW networks (NWNs), demonstrating the possibility of
programming the network to a critical state through proper elec-
trical stimulation. By manipulating the electrical connectivity of
the system, we show that the network can be posed in a con-
ductance state characterized by switching events satisfying cri-
teria for criticality. By demonstrating in a multiterminal config-
uration that interactions between local network areas can show
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Figure 1. NWN microstructure and electrical characterization. a) Scanning Electron Microscope (SEM) image of the complex network structure.
b) Schematic reproduction of the multiterminal setup. Electrode 16 (black dot) is set as voltage reference and the stimulating signal is applied to
terminal 1 (red dot). Locations 2 – 15 are contacted to floating voltage probing electrodes (blue dot).

spatially distributed critical dynamics, we move beyond the clas-
sical evaluation of the global criticality of the system through two-
terminal measurements. We demonstrate that local critical dy-
namics can arise also in devices that do not show global criticality.
Furthermore, we experimentally show that such a local criti-
cality, which is observed in the interaction among network ar-
eas characterized by specific activation properties, is correlated
with nonlinear transformation properties of the network, as ex-
perimentally analyzed through the implementation of nonlinear
transformation (NLT) computing tasks. By exploiting character-
istic nonlinear response and critical behavior of network areas,
we show that a specific subset of electrodes mainly contributes
to the accuracy of the system depending on the specific target
waveform. These results are of important for deepening the un-
derstanding of how to drive a self-organizing system in a crit-
ical regime, as well as for the proper selection of output fea-
tures and operating conditions of reservoir systems, toward a
network with task-oriented areas. This behavior resembles the
different specificity that cortical areas develop in the brain upon
experience.

2. Results and Discussion

2.1. Memristive Behavior of Ag NW Networks

Memristive nanowire networks were produced by drop-casting a
solution of Ag NWs onto an insulating substrate (Figure 1a, Ex-
perimental Section), as detailed elsewhere.[39,40] A detailed anal-
ysis of structural and electrical properties of Ag NWs reported in
our previous work[39] revealed that NWs are characterized by a
crystalline structure and are surrounded by an amorphous and
insulating polyvinylpyrrolidone (PVP) shell layer of ≈1–2 nm.
The presence of this PVP shell layer directly results from the
polyol synthesis of Ag NWs, where this polymer is exploited
as a surfactant to control the NW morphology.[41,42] These NW
networks endow an emergent memristive behavior that arises
from resistive switching effects in NWs and NW junctions, as ex-
perimentally investigated in previous works.[39,43] In particular,
each intersection between nanowires forms a Ag/PVP/Ag elec-

trochemical memristive cell, which confers to the network a non-
linear response to electric stimulations and a short-termplasticity
behavior characterized by pulse-triggered potentiation followed
by subsequent spontaneous relaxation.[27,39] The electrical charac-
terization of neuromorphic NWNs is typically performed in two-
terminal configuration, by forcing bias and reference voltage to
mutually peripheral regions of the sample. The intrinsic system
complexity has been demonstrated to give rise to emergent brain-
like dynamics such as homo and heterosynaptic plasticity, struc-
tural reconfiguration through reweighting and rewiring, paired-
pulse facilitation, and engrammemory pattern formation.[27,39,47]

Criticality in self-organizingmemristive networks is linked to the
interplay of i) network topology and ii) the resistance state of
each NW junction, both aspects regulating the flow of current
through the system. When a resistive switching event occurs in
a single NW junction, consequent changes in the electric field
and current across other junctions occur, causing further resis-
tive switching events in other network areas. Successive switch-
ing events lead then to other events, creating an avalanche effect
that is related to criticality. While a similar mechanism was pro-
posed to explain criticality in nanoparticle networks with a net-
work topology that lies at the onset of percolation,[25] direct ex-
perimental visualization of avalanche effects in networks is dif-
ficult to assess since it requires high-resolution visualization of
spatially distributed resistive switching events across the whole
network. In this context, multiterminal measurements can be ex-
ploited to access the spatiotemporal dynamics of these systems[48]

(Figure 1b). In this configuration, while electrical stimulation
is applied between mutually peripheral bias and ground elec-
trodes (Figure 1b, red and black contacts respectively), additional
floating voltage electrodes enable the measurement of the volt-
age drop (with respect to ground) at specific spatial locations
(Figure 1b, blue electrodes). These voltage drops evolve depend-
ing on the evolution of the electric field distribution and current
flow across the network.
In this way, real-time spatiotemporal dynamics can be tracked

through voltage maps. More details about the multiterminal
setup for the electrical characterization of NWNs can be found
in the Experimental Section and ref. [45].
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2.2. Global Network Criticality

The evaluation of criticality in brain-inspired complex systems
is commonly performed by investigating the temporal deriva-
tive of conductance response to an external constant bias in a
two-terminal fashion (i.e. when reading from the same two elec-
trodes/areas that are subjected to bias).[25,32] In this case the sys-
tem behavior results from the recurrent interaction of its nonlin-
ear junctions structurally connecting stimulated areas, and crit-
icality represents an emergent property of the whole network.
Here in this work, two-terminal measurements were performed
in between electrodes located in mutually peripheral areas of the
sample (electrodes 1 and 16), and we refer to global criticality
when such configuration is employed.

2.2.1. Example of a Globally Critical Network

The two-terminal dynamical analysis of a NWN showing global
criticality is reported in Figure 2. Here, dynamic analysis has
been performed on a network state characterized by an average
effective conductance of < G > = 0.22 G0 under 100 mV stim-
ulation, where G0 is the fundamental quantum of conductance
G0 = 2e2/h. Figure 2a shows the NWN conductance derivative
signal, where a complex spiking pattern can be observed. Note
that the magnitude of the spikes covers a wide range of values,
coherently with spatial self-similarity.[46] In this context, a crucial
aspect is represented by the disentanglement of the spike activity
with the background noise. For this purpose, the criteria for es-
tablishing the limit of detection (LOD) separating spiking activity
from noise (red line in Figure 2a) have been chosen by identify-
ing the zero-centered interval that better fits a Gaussian distribu-
tion for noise (see Experimental section for details). The network
dynamical state is investigated by analyzing the statistical proper-
ties of events occurrence, where events are identified as the max-
imum value of each LOD-overcoming consecutive interval.
Events magnitude distribution follows a power-law for more

than two orders of magnitude (Supplementary Figure S1, Sup-
porting Information), implying spatial self-similarity. Also, the
inter-event interval (IEI) distribution demonstrates a power-law
behavior for more than a decade, suggesting temporal scale-
free dynamics.[46] Additional confirmation of scale-invariance is
observed in the IEI autocorrelation function (ACF) depicted in
Figure 2b. It shows a power-law dependence on the time lag for
more than 300 s after which a cutoff is observed and ACF drops
below the 95% confidence threshold under which a positive value
cannot be considered statistically different from zero. Consider-
ing that other fractal processes different from SOC can demon-
strate autocorrelated inter-event intervals,[47] further confirma-
tion is provided by shuffling IEI values, resulting in the anni-
hilation of any correlation. The successive analysis is performed
on the activity pattern. According to neuroscience literature,[5] ac-
tivity is the result of events binning with identical time intervals
of width equal to the average inter-event interval. The resulting
pattern is composed of consecutive intervals of nonzero activity
called avalanches. At the physical level, each avalanche consists of
an activity burst caused by a resistive switching event that triggers
a local voltage redistribution and a consecutive switching cascade,
until reaching a steady state. This behavior is usually described

as a first order autoregression process with the representation ex-
pressed in Equation 1:

⟨
At+1

|| At

⟩
= mAt + h (1)

where 〈At + 1|At> is the conditioned probability of observing an
event at time t+1 given the activity at time t, m is the branching
parameter, and h is the driving input.[47]

For a critical system, it is required that h = 0 and m = 1.[49]

When an external voltage is applied, the former condition is satis-
fied only if the system does not show any spontaneous activity, as
in the case of NW networks. The experimental estimation ofm is
typically a difficult task for complex systems, because of the limi-
tation in the number of electrodes available for spatially probing
the activity. Indeed, it causes the impossibility of detecting some
events that do not occur in their proximity (spatial subsampling).
Therefore, a subsampling-invariant estimation is performed by
evaluating the ACF of the activity pattern. Indeed,Wilting et al.[48]

demonstrated that the autocorrelation function must follow an
exponential decay in time directly related tom value, as shown in
Equation 2:

ACFk ∼ mk = e−
kΔt
𝜏corr (2)

where ∆t is the timeframe of the activity characteristics, k is the
number of ∆tmultiples underlying the lag and 𝜏corr The autocor-
relation exponential decay time.[48] Figure 2c depicts the exper-
imental activity ACF which shows a clear exponential decay in
time with values higher than the 95% confidence line for more
than 950 s and 𝜏corr = (690± 18) s. The resultingm parameter has
a value very close to unity (0.9979 ± 0.0001), providing additional
evidence of critical behavior. Also, in this case, the correlation is
destroyed by shuffling activity values.
Finally, the statistical assessment of criticality delineated by

Sethna et al.[50] and applied in most similar studies is performed.
According to this protocol, a critical system must produce
avalanches satisfying several statistical requirements that will be
detailed in the following. Avalanche sizes (S) and durations (D),
which are respectively determined as the total avalanche activity
and the number of underlying time bins, must follow the power
laws reported in Equations 3 and 4:

P (S) ∼ S−𝜏 (3)

P (D) ∼ D−𝛼 (4)

Figure 2d,e report the respective distributions, which correctly
show heavy-tailed behavior for more than a decade with expo-
nents 𝜏 = 1.85 ± 0.05 and 𝛼 = 1.89 ± 0.06. These values can be
combined through the crackling noise relation (Equation 5)

𝛼 − 1
𝜏 − 1

= 1
𝜎𝜐z

(5)

obtaining the first evaluation of the so-called critical exponent
1∕𝜎𝜐z = 1.04 ± 0.06.
Power-law distributions alone are not sufficient for claiming

the system to be critical, but the critical exponents must be val-
idated by performing two additional independent evaluations.
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Figure 2. Dynamical analysis of NWN behavior at < G > = 0.22 G0 under 100 mV constant voltage. a) Conductance time derivative pattern (black) and
events LOD (red). b) IEI autocorrelation function (blue dots) showing heavy-tailed behavior for more than two decades and resulting power law fitting
(black straight line). Events shuffling results in an ACF (red dots) drop below the 95 % confidence line (black dashed). c) Activity ACF (blue dots) with
respective shuffling induced reduction (red dots) below confidence level (black dashed line). The original ACF correctly follows the exponential fit (black
straight line) for more than 1000 s. d,e) Heavy-tailed probability density functions of avalanche size (blue) and duration (red) with resulting power-law
fittings (black). f) Avalanches showing shape collapse (red) and resulting universal scaling function (black). g) Critical exponents values and respective
uncertainties demonstrating full compatibility.

Due to self-similarity, each average avalanche shape for fixed du-
ration 〈s〉(t, D) must collapse onto a universal function F(t/D) af-
ter normalization of its duration to unity. The critical exponent
can be evaluated through the shape collapse according to the
transformation shown in Equation 6:

F
( t
D

)
= ⟨s⟩ (t, D) ⋅D1− 1

𝜎𝜐z (6)

Figure 2f shows how experimental avalanches correctly col-
lapse with 1∕𝜎𝜐z = 1.09 ± 0.04. Starting from Equation 6, Equa-
tion 7 can be derived as:

⟨S⟩ (D) ∼ D
1

𝜎𝜐z (7)

which produces the last exponent evaluation. The plot of the rela-
tion betweenmean size and duration is shown in Supplementary

Adv. Funct. Mater. 2025, 35, 2423903 2423903 (4 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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Figure S2 (Supporting Information) and the extrapolated slope
results to be 1∕𝜎𝜐z = 1.05 ± 0.02. The compatibility between the
critical exponent evaluations (Figure 2g), supported by proper
power-law distributions, avalanche shape collapsing, long-range
correlations, and branching parameter closeness to unity provide
a solid indication of critical dynamics in the NWNs under study.
In this context, it is worth noticing that the selection of the LOD
plays a crucial role. Indeed, the selection of a too low threshold
hinders the possibility of observing fingerprints of SOC. Instead,
if the threshold is chosen at too high values, the result is a sub-
sampling of the events. The detrimental effect of a different LOD
choice on the statistical analysis of the signal is analyzed in detail
in Supplementary Figure S3 (Supporting Information).

2.2.2. Example of a Non-Globally Critical Network

As a comparison, the analysis of an NWN conductance not show-
ing global criticality is reported in Figure 3. Here, a network char-
acterized by an average conductance < G > = 73.38 G0 is an-
alyzed. This state shows a conductance derivative almost fully
Gaussian (Figure 3a), with few over-threshold events that do not
follow a power-law distribution (Figure S1, Supporting Informa-
tion). The limited number of spikes causes the 95% ACF confi-
dence interval for IEI (Figure 3b) and activity (Figure 3c) to in-
crease significantly. Consequently, almost all autocorrelation val-
ues lie below the significance line, statistically resulting in non-
different from zero. This behavior is also confirmed by the neg-
ligible ACF variations obtained by shuffling both IEI and activity
time series. For these reasons, no spatio-temporal self-similarity
can be deduced. Furthermore, the increase in <IEI> causes a re-
duction in the avalanche population, which makes unreliable the
power-law fitting shown in Figure 3d,e. Figure 3f reveals that also
avalanche shapes are not in linewith the expected standard down-
ward concavity. For all these reasons, the resulting compatibility
of the critical exponents shown in Figure 3 g cannot be consid-
ered as statistically relevant for assessing criticality.
The observed emergence of global criticality depending on the

effective conductance is caused by the variation of functional
connectivity underlying different conductive states. In a network
with low conductance values, only a few conductive paths are
formed, posing it close to the percolation edge.[27,51,52] Here,
highly correlated scale-free activity avalanches are expected to
emerge, leading to SOC dynamics.[53] Increasing nanowire areal
density (structural connectivity) and/or inducing the electrical po-
tentiation of the conductance state (functional connectivity)[28]

force the establishment of several high conductive pathways, re-
sulting in a higher effective conductance of the system, and push-
ing the NWN above the percolation onset.[28] In this state, the
occurrence of switching events and their correlation can be in-
hibited owing to the strong network connectivity. Indeed, strong
electrical potentiation enlarges the size of single junction fila-
ments, conferring high stability and reducing the probability of
triggering local resistive switching events at junction levels.[54]

Moreover, even if a rare event occurs, the induced voltage redistri-
bution splits between the high number of surrounding elements
belonging to the conductive path. Consequently, each individual
junction experiences a dumpedmodulation on the voltage drop at
its ends, limiting the switching probability.[27] As a consequence,

only a few events are observed, each of which is unable to gener-
ate an avalanche.

2.3. Network Programming and Local Criticality

In the previous section, we discussed the principles of criti-
cality assessment applied to a network investigated in a two-
terminal configuration. In addition to this global criticality, re-
sulting from the whole network dynamics measured from two
electrodes, a multiterminal configuration permits the extraction
of additional information related to the local spatial distribution
of critical dynamics. These measurements are performed in a 16-
electrode fashion (Experimental section, Figure 1b), where volt-
age is still applied along the sample diagonal, with bias on elec-
trode 1 and ground on electrode 16, as in the previously dis-
cussed two-terminal analysis. Therefore, the current flowing be-
tween them can be recorded, permitting the evaluation of the net-
work’s global criticality. The information gain of the multitermi-
nal setup is carried by the remaining 14 electrodes that are used
for probing the floating voltage distribution over the whole net-
work area without inducing local modifications since no stimula-
tion is applied through them. By applying the criticality analysis
to the voltage drop between each couple of floating electrodes,
the emergence of local critical dynamics between network areas
can be then evaluated. Here in this work, we refer to local critical-
ity when such a multiterminal floating electrode configuration is
employed, in addition to the standard global criticality assessment
via two-terminal electrodes. Considering that fluctuations of the
differential voltage of a specific electrode pair follow the variation
of the network impedance observed from those contact ends, this
analysis permits to unraveling of the effect of the overall network
dynamics on the interaction between probed areas. In the follow-
ing, we demonstrate the capability of electrically programming
the dynamical state of the NWN to different critical regimes by
tuning its two-terminal conductance. The programming proto-
col consists of forcing a voltage ramp for triggering the desired
conductance state, successively sustained by a constant voltage
of 1 V for analyzing the dynamics. The selection of the conduc-
tance levels is carried out by programming the device in different
representative conductance states through voltage ramps. At low
voltage, conductance shows stepwise growth, followed by a con-
tinuous quasi-linear increase at higher voltage (details on the pro-
grammability of conductance states in Supplementary Figure S4,
Supporting Information). We selected the states 〈G1 > = 0.4 G0,
< G2 > = 0.81 G0 and < G3 > = 1.81 G0 as representative of the
first potentiation plateau, the last observed plateau, and the quasi-
linear growth, respectively. As shown in Supplementary Figure
S3 (Supporting Information), it is worth noticing that after trig-
gering each state with a high voltage forming ramp, these states
can be recalled by applying a low voltage ramp, making it possi-
ble to reproducibly program the network to the desired effective
conductance state.
Figure 4a shows the applied voltage (black line) together with

the two-terminal conductance response (blue line) of the network
for the state G1. Green background identifies the programming
phase, while the red background is the sustaining one. Figure 4b
depicts the time-averaged spatial voltage distribution over the net-
work during the constant bias phase. It results in a conductive

Adv. Funct. Mater. 2025, 35, 2423903 2423903 (5 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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Figure 3. Dynamical analysis of NWN behavior at < G > = 73.38 G0 under 100 mV constant voltage. a) Conductance time derivative pattern (black)
and events LOD (red). b) IEI autocorrelation function (blue dots) underlying the 95% confidence level (black dashed line) and showing superposition
with its shuffled counterpart (red dots). c) Activity ACF (blue dots) with respective shuffled version (red dots) and confidence level (black dashed line)
demonstrating no statistical relevance as for the IEI ACF. d,e) Probability density functions of avalanche size (blue) and duration (red) which show
limited population and scarce adherence to their resulting power-law fittings (black). f) Avalanches shape collapse (red) and resulting universal scaling
function (black) show upwards concavity and poor collapsing due to limited population. g) Critical exponents values and respective uncertainties which
show compatibility statistically not relevant.

path connected to a bias electrode (top-left) and mainly formed
in the bottom-left sample region (testified by the nearly equipo-
tential adjacent areas). Figure 4c reports the resulting criticality
matrix, where the ij-th element represents the assessment of self-
organized criticality on the differential signal between floating
voltage electrodes i and j following the same criteria used for the

two-terminal conductance study of Figure 2, together with the
bar plot highlighting the total number of critical connections that
each electrode area establishes. Despite the difference in the na-
ture of the studied signal, any variation in the voltage difference
is proportional to the variation in the network resistance seen
by the ends of the specific electrode couple. This means that the

Adv. Funct. Mater. 2025, 35, 2423903 2423903 (6 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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Figure 4. NWN multi-state programming. a,d,g) Two-terminal applied voltage (black line) and conductance response (blue line) during state selection
for G1, G2, and G3 states, respectively. The green background identifies the programming phase, while the red background is the sustaining one. b,e),
h) Corresponding NWN voltage distributions, evaluated as the average of the voltage read during the sustaining phase for each electrode. The reference
electrode ismarked with a white triangle and the bias one with a black circle. A conductive path connected to the bias electrode is formed in the bottom-left
sample region, while the top-right area progressively activates with conductance growth. c,f,i) Criticality matrices (left panel) and total number of critical
relations established by each electrode (right panel). State G2 demonstrates the maximum number of critical couples, the whole involving electrodes
located at the transition between high and low voltage areas.

statistical properties studied for the criticality assessment (distri-
bution trends and autocorrelations) are preserved when chang-
ing the measurement from current to voltage. For the sake of
completeness, criticality matrixes for bias and ground are shown
in Supplementary Figure S5 (Supporting Information). State G1
exposes critical connections involving electrodes 6 and 10 with
accumulation on electrode 6. Note that these specific areas are
mainly found in the sample central region, across the diagonal
forcing bias, and at the transition between high and low conduc-
tive regions. The occurrence of a stepwise transition from G1 to
G2 (Figure 4d) is associated to the partial creation and reinforce-
ment of electrical connections between bias electrode and the
network top-right area (Figure 4e), coherently with the parallel

formation of conductive pathways discussed at the end of Sec-
tion 2.1. The number of SOC interactions (Figure 4f) increases
significantly, with a particular effect on electrode 7, whose volt-
age grows to a level compatible with electrode 6. Furthermore,
each of the other electrodes establishes a critical connection with
electrodes 6 or 7, spanning the whole network area. In the quasi-
linear potentiation regime (state G3, Figure 4g), the network
exhibits an almost symmetric voltage distribution (Figure 4h)
caused by the full formation of secondary paths connecting bias
and ground electrodes and/or by the enlargement of the exist-
ing ones. Focusing on electrode 11, where null voltage is read in
state G1, it undergoes partial activation in G2 and turns off again
in G3. This fluctuation evidences the tentative formation of a

Adv. Funct. Mater. 2025, 35, 2423903 2423903 (7 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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connectivity configuration with high conduction in this region
followed by a successive rearrangement to the most stable one
reached inG3. The criticality matrix (Figure 4i) loses the patterns
observed in the previous G2 state, undergoing a significant re-
duction of the critical connections number, with slight accumu-
lation on electrode 12 which is found at the transition between
the highly conductive top region and the poorly conducting bot-
tom one.
To unveil the relation between global and local criticality, the

global criticality assessment was also performed on the two-
terminal conductance of each programmed state and reported
in Supplementary Figures S6, S7, and S8 (Supporting Informa-
tion). Although the analysis ofG1 andG3 reveals that these states
do not satisfy any critical requirements, state G2 fails only in the
shape collapse and crackling noise checks, presenting appropri-
ate power laws and autocorrelations. Most importantly, the activ-
ity is autocorrelated with correlation time 𝜏corr = (15.70 ± 0.68) s
and branching parameterm = 0.9926± 0.0003. Considering the
generality of the latter analysis, supported by its spatial subsam-
pling invariance, and the partial agreement to the other statistical
requirements, the network can be considered at least close to crit-
icality in stateG2 also from a global point of view. It is worthmen-
tioning that we have reported the thorough and detailed study on
local criticality between electrode pairs by considering a single
sample for clarity of presentation. However, similar considera-
tions hold when considering different samples. An example of
a study on a different network with similar fabrication parame-
ters is reported in Supplementary Figure S9 (Supporting Infor-
mation) and extensively commented in Supplementary Note S2
(Supporting Information).
A close comparison among all criticality matrices discloses

three main deductions: i) local critical dynamics can arise even
if the network does not show global criticality as a whole; ii) the
state showing two-terminal dynamics closest to global criticality
is characterized by the largest number of local critical interac-
tions; iii) the number of critical electrode couples is maximized
when the network is poised to the highest conductance plateau
observed during voltage sweep (i.e., the highest conductance
plateau observed before the linear increase of G as a function of
voltage, as the case of G2). Notice that, although the plateau-like
behavior followed by a smoother conductance growth is a com-
mon feature observed in all the networks structurally close to the
percolation onset (examples in Supplementary Figure S10, Sup-
porting Information), different networks have been observed to
maximize local critical couples at different conductance plateaus.
This is expected to be related to the intrinsic network-to-network
topological variations arising during the self-assembly process.
In any case, results show that local dynamical behavior and criti-
cal dynamics are not only influenced by the initial NWN topology,
but also by the electrically induced potentiation which modulates
the network connectivity and the resulting avalanche dynamics.

2.4. Network Criticality and Computing Capabilities

2.4.1. Nonlinear Transformation Task

NWNs have been shown in the literature to satisfy the main re-
quirements for the implementation of the in material reservoir

computing paradigm, where the network acts as a physical reser-
voir able to extract relevant features of the input signal, as shown
by implementing various complex tasks such as pattern classifi-
cation, MNIST handwritten digits recognition, speech recogni-
tion, Mackey–Glass forecasting, n-back task and nonlinear trans-
formation task (NLT).[26,36,37] This last task, NLT, was here cho-
sen to investigate the relationship between local critical dynamics
and computing capabilities in NWNs, since it is widely used as a
benchmark for studying the information processing in a physical
network. For this purpose, the network was programmed to state
G2, the closest to global criticality and the one with the largest
number of local critical interactions, as shown in the previous
section. The NLT task was performed in the standard reservoir
computing scheme[56] as shown in Figure 5a: a sinusoidal volt-
age waveform is forced to the network between bias and ground
electrodes, while reservoir outputs are read simultaneously from
the floating voltage electrodes and fed to a linear regression read-
out layer for target waveforms prediction. In these terms, infor-
mation processing occurs by exploiting the network dynamical
response to a time-varying input signal superimposed to the sus-
tained voltage exploited to maintain the desired state (operating
state). In this framework, it is important to remark that SOC can
be defined only in the steady state and, thus, cannot be evaluated
during the task execution. However, we analyzed in the follow-
ing the influence of performing information processing in crit-
ical or non-critical operating states. In these terms, performing
information processing in a critical operating state results in ex-
ploiting network dynamics near criticality.
For the NLT task, four target waveforms were chosen: square

wave, sawtooth, cosine wave, and doubled-frequency sine wave.
The 1 Hz input sinewave is applied immediately after the end
of the constant stimulation shown in Figure 4d, without remov-
ing the voltage and superimposing the sine as a perturbation of
the sustaining bias, operating so in the dynamical conditions de-
scribed in Section 2.2.
Figure 5b reports the applied voltage waveform together with

the output floating voltages (centered in the input mean value by
proper translation). Each output is a transformation of the input
sine with different degrees of nonlinearity, depending on the dy-
namics observed in that specific network region, as confirmed
also by the Lissajous curves reported in Supplementary Figure
S11 (Supporting Information). In particular, in Figure 5b it can
be observed that: i) areas electrically close to the bias (electrodes
5, 9, 14, 15 in green colors) produce linear transformations of the
signal, slightly downscaling the sinewave amplitude; ii) weakly
active electrodes (electrodes 2–4, 8, 11–13 in brown/gray colors)
strongly nonlinearly distort the input, producing low amplitudes
sawtooth-like shapes (<3 mV, thus hardly visible in Figure 5b
without zooming); and iii) areas located at the transition between
the previous regions (electrodes 6, 7, 10 in red colors), introduce
temporal delays in the input signal (0.14 s, 0.19 s, and 0.09 s, re-
spectively), still preserving sinewave shape and periodicity. The
same information (with the same color groups of Figure 5b to
facilitate the reading) can be extracted from Lissajous curves in
Figure S8 (Supporting Information), where linear, noisy, and cir-
cular plots are respectively associated with the three groups pre-
viously identified. Remarkably, the last group of electrodes (6, 7,
10) is the same one that establishes most of the local critical in-
teractions in the NWN (Figure 4f), thus suggesting in this case

Adv. Funct. Mater. 2025, 35, 2423903 2423903 (8 of 13) © 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH

 16163028, 2025, 30, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.202423903 by Politecnico D
i T

orino Sist. B
ibl D

el Polit D
i T

orino, W
iley O

nline L
ibrary on [27/08/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.advancedsciencenews.com
http://www.afm-journal.de


www.advancedsciencenews.com www.afm-journal.de

Figure 5. NLT task results. a) Conceptual representation of the Reservoir Computing scheme for the implementation of the NLT task. Input voltage
waveform is forced between bias (red dot) and reference (black dot) electrodes while floating output voltages (blue dots) are recorded for probing the
reservoir state. NWN outputs are then fed to the linear regression readout layer for target prediction. b) Voltage temporal evolution for input (blue)
and nonlinearly transformed output signals. c–f) Target waveforms and RC task results, showing good prediction for the whole set of targets. g,h) Task
results with linear regression only. Predicted waveforms (blue) do not reproduce any of the target waveforms (black) features. f) Task performance
comparison between reservoir mediated (red) and basic linear regression (blue) implementations, evidencing a significant accuracy gain for temporal
transformations (cosine and 2–f).
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a correlation between local critical dynamics and signal delay in
the network. It must be noted that, despite the steady state con-
ductance signal is subjected to frequent high-magnitude spikes
(Supplementary Figure S7, Supporting Information), the sinu-
soidal input makes the network conductance periodically jump
between stable states (Supplementary Figure S12, Supporting In-
formation). In this regime, spikes have been observed not to have
a detrimental effect on task performance.
After training the readout layer with linear regression (details

in Experimental Section), the output waveforms (red curves in
Figure 5c–f) correctly follow all the target curves (black), espe-
cially in the cosine transformation (Figure 5e), where the accu-
racy reaches 98%. The latter result benefits from the delay intro-
duced by the intrinsic network nonlinearities in the output fea-
tures, particularly on electrode 7 where the shift is almost of a
quarter of the period, resulting in directly synchronized to the
target waveform. On the other hand, Figure 5g–j shows the same
task reconstructions obtained by transforming the input directly
through linear regression, i.e., without the NWN as a physical
reservoir: it is clear that in this case, the predicted waveforms
(blue curves) do not reproduce any key feature of the specific
target waveforms (black). A direct comparison between the re-
construction accuracies in the two cases is reported in Figure 5k,
where the strong impact due to reservoir dynamics is shown, with
accuracy higher than 80% for all the targets and remarkable gain
for temporal transformations (cosine and 2-f) that, as expected,
are the most complex to perform with only linear methods.

2.4.2. Influence of Local Dynamics on Computing Accuracy

For better elucidating the effect of local dynamics on task per-
formance, a set of differential output features is produced with
the same procedure used for the creation of the criticality matrix
(paragraph 2.2, third column of Figure 4), and the NLT task is
performed feeding this new set of signals to the readout layer.
Note that task performance is not affected by this manipulation,
being the differential set composed of linear combinations of the
original one. Successively, the relevance of each feature is eval-
uated by assigning it a score proportional to signal significance
through an F-test for each target waveform (details in Experimen-
tal Section), a widely used procedure for feature selection in the
framework of machine learning.[59] The full set of scores is re-
ported in Supplementary Figure S13 (Supporting Information),
together with the matrices of feature amplitudes and local criti-
cality. Their comparison for square wave and sawtooth reveals a
general dependence of relevance on feature magnitudes, while
cosine wave and 2-f sine wave high score signals demonstrate a
correlation to local critical dynamics. The repeatability of scoring
matrices in relation to critical dynamics is shown in Supplemen-
tary Figure S9 (Supporting Information) for a different network
under multiple recalling of the same conductance state, demon-
strating the robustness of this result for both cycle-to-cycle and
sample-to-sample variability. Please refer to Supplementary Note
S1 (Supporting Information) for a detailed description of differ-
ential features production and relative scoring procedure and to
Supplementary Note S2 (Supporting Information) for the relative
repeatability study.

For deepening the performance dependence on network areas,
task accuracy is evaluated as a function of the number of differen-
tial signals fed to the readout layer by progressively adding them
in decreasing order of scoring. The resulting curves, reported in
Figure 6a, show a gradual increase followed by a smooth behav-
ior. At the end of the steep transitions, which correspond to 6, 5,
2, and 11 features for square wave, sawtooth, cosine wave, and 2-
f sine respectively (Supplementary Figures S14–S17, Supporting
Information), accuracies result equal to 83%, 86%, 97% and 87%
(Supplementary Figure S18, Supporting Information). These sig-
nal sets are sufficient for consistently reconstructing all the tar-
gets, demonstrating that a large part of the information required
for task execution is mainly carried by a limited number of net-
work outputs. The electrodes involved in their generation are a
limited fraction of the whole, with specific spatial distributions
dependent on the specific NLT task (Figure 6b–e). For square
wave prediction (Figure 6b), regions of very high and very low
voltage (bright and dark pixels in the voltage map) are required
for correct reconstruction (except for electrode 7), while sawtooth
transformation (Figure 6c) relies mainly on low voltage areas.
Cosine wave prediction (Figure 6d) requires the lowest number
of electrodes: the critical 6 and the bottom border medium con-
ductance ones. Finally, doubling sine frequency transformation
(Figure 6e) requires the whole set of nonlinearly transforming
electrodes to correctly predict the high-complexity output. Finally,
Figure 6f–i shows the histogram reporting the fractions of dom-
inant features exhibiting branching parameters of m ∼ 0, i.e.,
non-critical local interaction, andm ∼ 1, critical, for each target
waveform. Remarkably, most relevant information for the exe-
cution of temporal complex tasks (cosine, 2-f) is mainly carried
out by critically coupled areas (m ∼ 1), while simpler tasks show
to rely on non-critical electrodes features (m ∼ 0) alone (for saw-
tooth) or on both critical and non-critical (for square wave). These
results suggest that, for NWN physical reservoirs, SOC is not cor-
related to information processing capabilities of the system in
all tasks, but mainly for some specific ones. Although Hochstet-
ter et al.[32] demonstrated in simulations that the NWN criti-
cal state maximizes NLT task performance for a whole set of
target waveforms, the here reported results look in agreement
with Cramer et al.[38] experimental observations in neuromorphic
chips that show an even detrimental effect of SOC on simplest
tasks. More generally, results from multiterminal analysis reveal
that the most relevant features for each NLT task are produced by
specific network areas. Such unique characteristics may be used
for increasing computing accuracy for reducing hardware com-
plexity and power consumption by measuring a reduced subset
of outputs. Looking ahead, NWNs could be optimized to locally
adapt for specific tasks (substrate configuration[63]), similarly to
the brain where cortical areas are specialized for a specific func-
tion upon experience. In this perspective, a crucial role would
be played by long-term memory (demonstrated on NWNs[47]),
but still not exploited for computing andmultiple spatiotemporal
inputs.

3. Conclusion

In this work, we reported on the study of self-organized crit-
icality in neuromorphic nanowire networks and on its rela-
tionship with nonlinear transformation task execution in the
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Figure 6. Target-oriented spatial distributions of most relevant outputs. a) Task accuracy behavior by progressive enlargement of readout training
set for the top scoring features. b–e) Highlighting of the electrodes necessary for reaching the accuracy plateau for each target prediction and
f–i) corresponding histograms of the fraction of relevant electrode couples showing branching parameter m ≈ 0 (non-critical interactions) and m ≈

1 (critical interactions) for each target waveform.

framework of in materia reservoir computing. Multiterminal
characterizations demonstrated, in parallel to the emergence of
the two-terminal global criticality, that local critical dynamics can
be revealed among specific network areas. We demonstrated the
possibility of electrically programming the network to multiple
conductance states, each resulting in a different response in
terms of the spatial distribution of the electric field and current
flow across the network and local critical interactions between
electrodes. Network nonlinear processingwas assessed by bench-
marking the NLT task, whose results showed the capability of
the system to outperform standard linear regression, particularly
when temporal transformations are needed. Differently from the
most common hypothesis of criticality being beneficial for ev-
ery class of tasks, features scoring revealed that local critical dy-
namics are correlated to the generation of features that are rele-
vant mainly for specific target predictions, namely the same ones
where the NWN reservoir outperforms linear regression alone.
On the contrary, the relevant outputs for simpler tasks aremainly
generated by non-critical electrode couples. Finally, the possibil-
ity of correctly reconstructing each target with a reduced subset of
reservoir outputs with specific properties was demonstrated. This
behavior resembles the functional specialization of the different
cortical areas in the brain. All these concepts can be extended
tomultiterminal nanoparticle and nanogranular networks where
similar collective resistive switching phenomena are involved.
Finally, the understanding of the relationship between network
electrical programmability, critical dynamics, and task-oriented
relevant features, together with the possibility of performing each
task by probing selected network areas only, represents an impor-

tant step toward the optimization of physical reservoirs and the
reduction of RC architecture complexity.

4. Experimental Section
Device Fabrication: Nanowire networks have been produced by drop-

casting a dispersion of nanowires onto a ≈1.2 × 1.2 cm2 SiO2 insulat-
ing substrate for two-terminal experiments and a ≈1 × 1 cm2 quartz
for multiterminal ones. Ag NWs have been purchased by Sigma-Aldrich
with a length of 20–50 μm and a diameter of ≈115 nm suspended in
isopropyl alcohol. The networks for two-terminal characterization have
been fabricated with a drop of 20 μl volume and an NW concentration of
≈0.13mgmL−1 for the sample with 〈G〉 = 0.22 G0 and of≈0.18mgmL−1

for the one with 〈G〉 = 73.38 G0. Next, rectangular Au electrodes of area
≈0.3 × 1.2 mm2 have been deposited through RF sputtering deposition
and hard masking patterning. Concerning the multiterminal characteriza-
tion, the sample has been produced by casting a drop of 13.8 μl volume
and a concentration of 1.31 mg ml−1 without electrode deposition. The
network morphology complexity has been verified by means of a FEI In-
spect F Scanning Electron Microscope (SEM).

Electrical Characterization: Two-terminal electrical characterization
has been carried out in ambient air in a closed system with a controlled
temperature fixed at 303 K by a thermocouple contacting the sample sub-
strate and controlled through a Lake Shore 331 temperature controller.
Electric measurements have been performed by means of a Keithley 6430
SourceMeter with a preamplifier, connected to facing electrodes distant
≈7 mm and located at the edges center. The voltage source has been set
in the 20 V range, while the current has been measured in auto range
mode with a Number of Power Line Cycles (NPLC) equal to 1 and a sam-
pling rate of ≈2.3 Hz. A constant voltage of 0.1 V magnitude has been
applied for more than 6 h and a measurement interval of 14 000 s has
been selected after 7730 s to ensure network stabilization. Multiterminal
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characterization has been carried out by contacting the sample with a
16-electrode square grid with 3 mm inter-electrode spacing, 500 μm dis-
tance from sample edges, and probe needles of 50 μm diameter. In this
setup, the electrical contact is established by springs producing vertical
forces that press the electrodes toward the NWs, as discussed in previous
works.[43,61] Voltage application, current recording, and floating voltage
measurements were performed by means of an ArC TWO board, which
embeds 64 parallel source measure units (SMUs).[62] A detailed analysis
of the setup, instrumentation, and protocols for multi-electrode measure-
ments is reported in the previous work.[45] Programing voltage ramps have
been applied with a sweep rate SR = 60 mV s−1 in a program and verify
approach, where the 1 V sustaining voltage was triggered after 5 conduc-
tance points overcoming selected thresholds, namely 0.4 G0 for state G1,
0.8 G0 for state G2 and 1.8 G0 for state G3. In the constant voltage phase,
measurements have been acquired with a sampling rate of ≈50 Hz for
100s. The first 2 s have been excluded from the analysis to avoid transitory
influences.

Criticality Analysis: The LOD value for events detection has been eval-
uated by selecting the extreme of the derivative interval showing to best fit
a Gaussian distribution. The Kolmogorov-Smirnov (KS) test was used for
determining the p-values of all the zero-centered data subsets, where the
maximum p-value identifies the population with the highest probability of
being Gaussian distributed. The power-law fitting of IEI autocorrelation
has been performed by means of the nonlinear least-square method. The
activity autocorrelation function has been evaluated through the multiple-
regression (MR) estimation deeply described by Wilting et al.[48] In detail,
the ACF value at lag k has been obtained by performing linear regression
between all the activity pairs of k lag. The branching parameterm has been
obtained by least-square fitting of the ACF curve and validated with four
statistical criteria that permit to rejection of overestimated values, as de-
scribed in the same work. The criticality assessment has been carried out
by exploiting the commonly used procedure described by Marshall et al.,
which involves doubly truncated power-law fittings bymeans ofmaximum-
likelihood estimation, shape collapsing method, and Monte Carlo based
uncertainty evaluations.[63] Finally, the uncertainty for crackling noise crit-
ical exponent has been evaluated by applying the law of propagation of
uncertainty to Equation 5.

Nonlinear Transformation Task Implementation: The nonlinear trans-
formation task has been implemented by applying a sinusoidal voltage
to the NWN with a mean value of 1 V, an amplitude of 500 mV, and a
frequency of 1 Hz for 8 periods. System response has been recorded si-
multaneously from all the 16 electrodes with a sampling rate of≈50 Hz. To
ensure network stabilization, the first 3 periods have been discarded and
the NLT has been performed on the last 5 periods. The output floating
voltage has been smoothed with a 10 points moving average and a soft-
ware linear regression readout layer was used for the training of each target
waveform. As previously done by Fu et al. for the NLT task, the accuracy
has been evaluated as 1 – RNMSE, where RNMSE is the root-normalized
mean square error (Equation 8).[56] Here, T(tn) and y(tn) represent respec-
tively the target value and the reconstructed output at time tn while N is
their total number of points.

RNMSE =

√√√√∑N
n=1 [T (tn) − y (tn)]

2

∑N
n=1 [T (tn)]

2
(8)

The NLT implementation with differential signals has been per-
formed by feeding to the readout layer only features belonging to
the strict upper triangular differential matrix to avoid useless re-
dundancy. Features individual scoring has been carried out by ex-
ploiting the MATLAB function fsrftest that assigns to each sig-
nal a score related to the p-value of the F-test, according to
Equation 9.

SCORE = −log (p−value) (9)
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