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Abstract—The recent growing interest in neuromorphic 
architectures based on emergent dynamics of self-organizing 
memristive networks has posed some challenges regarding the 
spatiotemporal characterization of these multiterminal systems. 
This work presents a versatile measurement platform specifically 
designed for the characterization of memristive nanowire 
networks and for testing the implementation of unconventional 
computing paradigms in these systems. By integrating an FPGA 
controlled, parallel multiterminal array of source-measure units 
with a custom fixture based on spring-loaded electrodes, the 
system allows for real-time, reconfigurable voltage and current 
measurements across 16 terminals without hardware 
reconnections. The platform supports seamless transition between 
conventional two-terminal characterization, multiterminal 
characterization and testing computational properties in the 
framework of physical reservoir computing. Local conductance 
measurements, voltage mapping, and real-time dynamic 
monitoring offer unique insights into the spatiotemporal behavior 
of the networks. Furthermore, we show that the system enables to 
correlate electrical properties of the multiterminal network in 
terms of conductance matrices and voltage maps with 
computational performances, allowing also adaptive control over 
the network’s operating state. The here reported setup provides a 
versatile platform for computing at the matter level (i.e., in 
materia) with multiterminal systems based on self-organizing 
memristive networks. 

Keywords — Self-organizing Memristive Networks, 
Multiterminal Characterization, Physical Reservoir Computing, 
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I. INTRODUCTION 
The rapid advancements in machine learning and artificial 

intelligence have recently brought attention to unconventional 
computing architectures to improve energy efficiency. 
Neuromorphic systems have gained popularity as promising 
candidates to address these limitations, given their inherent 
similarity to biological neural networks [1]. Among them, 
self-organizing memristive networks made of nanoelements 
showed brain-like dynamics such as short/long term synaptic 
plasticity, criticality and emergent behavior [2], [3], [4], [5], 
[6]. These neuromorphic features have been exploited for 
unconventional computing paradigms such as Reservoir 
Computing (RC)  [2], [7], [8], [9], [10]. In particular, the RC 
paradigm exploits the spatiotemporal dynamics of these 
systems to cast an input to a higher dimension feature space 
(the reservoir), relying on an external readout layer to perform 

the training. The reservoir is often modeled as a recurring 
neural network, but when physical systems act as reservoir, 
the paradigm is called physical reservoir computing (PRC) 
[11]. Using self-organizing, nonlinear dynamic systems as 
physical reservoir has been shown to be a promising hardware 
solution for a variety of tasks [7], [10], [12], [13], [14], [15].  
However, understanding the relationship between dynamics 
of these systems and their computational capabilities still 
represents a challenge. Traditional two terminal 
measurements fall short in analyzing the complex 
spatiotemporal dynamics of self-organizing systems, where 
the emergent and spatially distributed nature of their behavior 
requires the development of multiterminal characterization 
techniques.  Although multiterminal systems can capture 
spatiotemporal data, they often do so at the cost of 
measurement setup versatility. The most common 
characterization setup for these networks is composed of one 
or more waveform generators paired with a series of Analog-
to-Digital Converters (ADC) that allow measuring physical 
observables over multiple points of the Device Under Test 
(DUT) area [14], [16]. In these conventional measurement 
systems, a switching matrix is employed to route bias signals 
to different DUT terminals, while in more rudimentary 
approaches, manual reconfiguration of the electrical 
connections may represent the only viable alternative. 
Moreover, sputtered electrodes are required to achieve 
electrical contact between the DUT and the measurement 
system. 

In this work, we present a versatile platform that enables 
comprehensive investigation of the interplay between 
electrical and computational properties of self-organizing 
systems. This setup can provide up to 16 parallel Source-
Measure Unit (SMU) channels, addressing the limitations of 
conventional methods. This setup can cover a variety of 
characterization routines as well as exploiting the DUT 
spatiotemporal dynamics in a PRC framework. 

II. MEASUREMENT SETUP 
The measurement setup proposed in this work (Figure 1) 

is built around a fully parallel SMU array controlled by an 
FPGA-based system that features 64 independent channels 
capable of simultaneous voltage sourcing and current 
measurement (ArC TWO by ArC Instruments) [17]. This 
degree of parallelism minimizes the delay introduced by 



traditional multichannel sequential measurements, allowing 
for real-time configuration switching during data acquisition. 
This measurement unit is complemented by a custom design 
fixture (Figure 1a) featuring a 4x4 grid of spring-loaded gold-
plated pogo pins which ensures a reliable electrical contact 
between the measurement setup and the DUT (Figure 1b and 
c), eliminating the need for electrode bonding and, in some 
cases (as in this work), even removing the need for 
conventional lithographically defined contact pads, as shown 
in [18], [19], [20].  

The proposed setup is an integrated platform that can 
implement a wide range of functionalities. It supports flexible 
routing since each channel can be independently biased, 
grounded or set to float, allowing a comprehensive 
understanding of conductance and voltage distribution across 
the network [9], [21]. This flexibility is what enables the 
system to seamlessly transition from characterization 
measurements to computing tasks, without reconfiguring 
hardware contacts.  

The above-described measurement setup is programmed 
with a custom-developed Python code that can perform pre-
defined characterization routines or adapt in real-time based 
on the acquired data. The measurements reported in this work 
are collected on multiterminal Ag-PVP nanowire (NW) 
networks, a self-organizing system that has been shown to 
endow memristive dynamics [6]. 

 

III. RESULTS AND DISCUSSION 
Here follows an overview of a measurement routine that 

features both characterization and implementation of 
computing tasks. 

A. Pristine State Evaluation 
The first measurement is devoted to identifying the pristine 
conductive state of a multiterminal self-organizing network. 
Bias and ground are set at opposing sample corners and the 
conductance G1,16 (see Figure 2a) is determined by applying a 
reading voltage (maximum 0.01 V in magnitude). The current 
is read at the same contacts to determine whether the sample 
(seen from these electrodes) is already conducting without any 
forced electrical activation. Since we want to control the 
operational state of the network during computing operation, 

depending on the pristine state, we may decide to apply a 
voltage ramp or a constant voltage to furtherly increase the 
conductance, or simply reject the sample because of a too high 
conductive state. In case of a low conductive sample, a python 
algorithm can be exploited to automatically switch to an 
activation protocol (typically a voltage ramp on the same bias 
electrode used for measuring the pristine state) that can 
automatically stop at the desired conductance level thanks to 
real-time data analysis. 

B.  Conductance Matrix 
Once the sample is brought to the desired operational state, the 
system enables to characterize the conductance locally, 
between all contact pairs in a sequential manner. First G1,2 is 
measured by applying a reading voltage to electrode 1, 
imposing 0 V to electrode 2, and reading the current (Figure 
2a). G1,2 is therefore obtained as  

𝐺!,# =
𝐼!,#
𝑉!,#

 

This process is repeated sequentially for all the possible pairs 
that require the bias to be imposed to electrode 1 (G1,3, G1,4, 
and so on). Then the voltage bias is moved to electrode 2 and 
since G1,2 has already been evaluated, the combinations start 

 
 
Figure 1.  Multiterminal grid measurement setup. a) 4x4 grid fixture 
made of 16 pogo-pins in contact with the DUT. b) DUT, NW network, 
1x1 cm quartz sample drop-casted with an Ag-PVP NW suspension. c) 
enhancement of a), the gold-plated pins are pushed on the sample to 
achieve electrical contact. The pressure exerted by the gold pins is 
sufficient to break the PVP coating of the NW and directly contact the 
Ag core. 

 
 

Figure 2. Conductance matrix measurement protocol. a) Each electrode 
pair conductance is measured by applying a voltage and reading the 
current. This process is repeated until all the electrode combinations have 
been tested, to obtain b) the conductance matrix.  



with G2,3 and end with G2,16. All electrode combinations are 
covered in this way up to the last measurement, which is G15,16. 
The conductance matrix M is filled in its upper triangular part 
with the conductance measurements so that the conductance 
Gi,j is placed in Mi,j (Figure 2b). For visualization purposes the 
matrix is then mirrored on its diagonal. 

This routine is a two-terminal procedure that in a traditional 
setup would require a switching matrix to reconfigure bias and 
ground on the desired contact pairs. Thanks to the independent 
configuration capabilities of the here reported setup, a 
switching matrix is not needed, and the whole measurement 
routine is therefore completed faster. The time required for 
completing such routine for a 16 terminal setup is reduced 
from ~135s (similar procedure, switching matrix-based setup 
described in [18]) to ~2s (this work).  

C. Voltage Maps 
It is to be underlined that all the previously described 

characterizations are based on traditional two-terminal 

measurements, but thanks to the parallel nature of the setup, 
voltage can be monitored simultaneously on all 16 contacts 
while performing both pristine state evaluation and activation 
protocols just by setting the remaining 14 channels to float 
(Figure 3a). The simultaneous voltage sampling across the 
network in response to an applied input voltage allows the 
reconstruction of a voltage map (Figure 3b), i.e. a snapshot of 
the spatial voltage distribution on the DUT area.  

D. Conductance Matrices vs Voltage Maps 
The information obtained through voltage maps is 

fundamentally different with respect to the one obtained with 
a conductance matrix. The voltage distribution is a direct 
consequence of the internal rearrangements of the reservoir in 
response to an electrical stimulus. However, differently from 
conductance matrices, the representation obtained by voltage 
maps is dependent on the bias choice both in terms of 
magnitude and spatial location (i.e. the voltage map with bias 
on electrode 1 will be different with respect to the voltage map 
with bias on electrode 2). In a conductance matrix instead, the 
reading source is constantly moving and the information 
gained is about the local conductance seen by the two 
terminals involved. It turn out that if for some reason the 
chosen bias electrode is isolated from the rest of the network 
(there isn’t a NW path connecting the bias electrode with the 
rest of the network), a voltage map does not provide any 
information, while a conductance matrix can still show how 
the rest of the network is connected. Nevertheless, being able 
to simultaneously measure voltage on all channels opens for 
computing applications where accessing the system 
simultaneously through different electrodes is crucial for 
exploiting the DUT as a reservoir in a PRC framework. In this 
context, voltage readings represent the best choice to 
simultaneously access the internal state of the system in 
different spatial location. 

E. Implementation of computing tasks 
In order to exploit these devices for computing purposes, one 
or more input signals have to be fed to one or more input 
electrodes, a reference voltage (usually 0 V) has to be fixed to 
one or more electrodes, and the rest of the electrodes must act 
as floating voltage probes to extract reservoir outputs (i.e. 
voltage maps and their evolution over time)that are used for 
computing purposes. The measurement setup described in this 
work can provide arbitrary waveforms to each terminal 
independently, allowing for multiple simultaneous inputs that 
can rearrange on the network over time if needed, while 
probing floating voltage on an arbitrary number of other 
electrodes. In this work we report as an example the 
implementation of the Memory Capacity (MC) task, which is 
a common benchmark in reservoir computing frameworks 
[22], [23], [24]. In this task, one electrode is set to ground, and 
14 voltage outputs are read from the network simultaneously. 
Having SMUs instead of conventional waveform generators 
and ADC allows to directly measure the current of the ground 
and bias terminals (without relying on indirect measurements 
on external load resistors), which gives information about the 
system conductance state during the task. Having this kind of 
information is crucial to determine if the network can 
withstand further stimuli without excessive potentiation or if 
the routine needs to be paused to allow network relaxation. 
The measurement system gives real-time data to the controller 
PC; therefore, the programmed routine can perform these 
checks autonomously. A random input 𝜈(𝑡)with uniform 
distribution in a voltage range is applied to the network. 

 
 

Figure 3. Schematics of a reservoir computing application. a) Voltage 
bias is applied to electrode 1, electrode 16 is set to ground and the voltage 
is measured in a floating way on all the other 14 electrodes. b) Voltage 
map of a MC measurement at t = 300 s, representing the spatialization 
of the instantaneous voltage distribution as a response to the input. Each 
floating electrode is treated as a node for a reservoir computing 
application.  



𝜈(𝑡)~𝑈([𝑉$%&, 𝑉$'(]) 
 
The output nodes voltages are measured at each timestep, 
providing a picture of the reservoir state and of its evolution 
over time. These voltages are fed to a regression layer which 
is trained to reconstruct a delayed version of the input 
waveform. The goal is to reconstruct a series of delayed inputs 
for a range of k delays. The MC is evaluated for each k as 

MC) =
cov#3ν(𝑡 − 𝑘), 𝑦)(𝑡)8
σ#3ν(𝑡)8σ#3𝑦)(𝑡)8

 

 
where yk is the target waveform for delay k. The total value of 
MC is then computed as  

MC =:MC)

*

)+!

 

 
The network is first characterized by means of a conductance 
matrix (Figure 4a, d), followed by the evaluation of the MC. 
Figure 4 reports two different operational states to which the 
reservoir has been programmed. For clarity we are going to 
call these two states “reservoir state 1” (Figure 4a, b, c) and 
“reservoir state 2” (Figure 4d, e, f). When the DUT is in the 
reservoir state 1, the instantaneous voltage maps (obtained by 
applying a bias of 2.9 V in between electrodes 1 and 16) look 
like the one reported in Figure 4b, with a voltage distribution 
that covers the majority of the electrodes. This translates in a 
global involvement of the reservoir in computing operations, 
and in a successful reconstruction of the target for a  
delay k = 1 (Figure 4c, MCk  =  0.991). The operational state 
2 is instead identified by a break in the NW connections 
between the bias electrode and the rest of the network. This 
can be seen in the conductance matrix as reported in Figure 
4d, as the row relative to electrode 1 shows that all its 
connections with other electrodes have extremely low 

conductance. Furthermore, the voltage map reported in 
Figure 4e confirms this, as the bias imposed to electrode 1 is 
not able to reach any other part of the DUT (due to the 
extremely low conductance between the bias electrode and 
the rest of the network). Indeed, in this particular case, the 
voltage map does not provide any useful information 
regarding the internal reservoir state. This results in a drop of 
MC and the inability to reconstruct any waveform (Figure 4f, 
MCk = 0.001). Thanks to the conductance matrix analysis, 
though, we are still able to monitor the internal reservoir state. 
As demonstrated by the matrix reported in Figure 4d, the 
matrix pattern has changed with respect to the operational 
State 1 (Figure 4a), opening the possibility for studying other 
bias configurations to exploit a network that would otherwise 
be considered not suitable for computing applications. 
 

IV. CONCLUSIONS 
In summary, the proposed measurement setup offers a 

versatile platform for probing the complex dynamics of 
neuromorphic networks for unconventional computing. By 
combining a fully parallel and reconfigurable SMU system 
with a custom multiterminal fixture, the proposed platform is 
capable of real-time spatiotemporal monitoring of complex 
network dynamics. The approach used allows for a 
comprehensive monitoring of the conductive state of the 
system both on a global and a local level enabling the 
possibility of managing the operating conditions of the 
network by tuning the network states through local 
stimulations. Furthermore, this system can be used for the 
implementation of various PRC routines and for experimental 
implementation of computing tasks which have been tested in 
simulations [5], [25], [26], [27]. By demonstrating a 
correlation between the internal state of the system in terms of 
conductance matrices/voltage maps and computing 
performance, this work highlights the importance of 
monitoring the reservoir state during computational routines. 

 
 
Figure 4. MC as a function of the measurement number. A series of MC evaluations has been conducted over time, while the conductance state of the DUT 
was evaluated by conductance matrix analysis in between MC measurements. The reported results refer to two different reservoir states: state 1 (a, b, c), 
and state 2 (d, e, f).  a) Conductance matrix of the sample in reservoir state 1. b) Voltage map during MC routine, timestep 1500 (t = 300 s), reservoir state 
1. c) MC target and predicted waveform for delay k = 1, reservoir state 1. d) Conductance matrix of the sample in reservoir state 2. e) Voltage map during 
MC routine, timestep 1500 (t = 300 s), reservoir state 2. c) MC target and predicted waveform for delay k = 1, reservoir state 2. 



The high-throughput, parallel measurement capability, 
combined with the flexible electrode configuration and easy 
contacting procedure enabled by the custom pogo pin fixture, 
provides a solution for harnessing spatiotemporal dynamics in 
self-organizing nanoscale networks. 
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