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Abstract

As the Moore’s Law era approaches its end and the constraints of conventional computing
paradigms become starkly evident, the pursuit of alternative, efficient computational models
has emerged as a critical necessity. The human brain, with its remarkable capability and
energy efficiency, stands as a compelling model from which we can draw inspiration to
engineer intelligence into machines. This thesis explores the potential of Neuromorphic
Nanowire Networks (NWNs), aiming to exploit their processing power and learning capa-
bilities similar to biological neural systems. With their brain-like structures and electrical
junctions resembling synapses, NWNs stand as a promising physical substrate for creating
hardware systems that capture the brain’s adaptability and efficiency.

This thesis investigates both simulated and physical NWNs, with a concentrated focus on
understanding and leveraging their learning potential. Through in-depth investigations into
the information dynamics of NWNs during learning tasks, and exploration of their learning
capability under a reservoir computing framework, this research unveils new insights into
unleashing the potentials of NWNs. By employing NWNs under a reservoir computing
framework, it was found that their optimal learning performance correlates with specific
information-theoretic measures. Additionally, drawing inspiration from the machine learning
community, transfer learning, convolutional kernels, meta learning, and recursive least square
were implemented to exploit the inherent learning and memory capacities of NWNs.

The findings presented in this thesis underscore the significant potential of NWNs in
neuromorphic computing, paving the way for future research and applications in crafting
energy-efficient, learning-capable computational systems.
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Chapter 1

Introduction

“The true delight is in the finding out

rather than in the knowing."

Isaac Asimov



2 Introduction

The human brain, a complex orchestration of roughly 86 billion neurons, stands as
one of nature’s most astounding creations. Its information processing capabilities surpass
those of the most advanced digital supercomputers, allowing us to process vast amounts of
information in mere fractions of a second and with minimal energy requirements. From the
intricate art of recognising faces to the abstract understanding of emotions and concepts, the
brain’s power is unparalleled. Its adaptability and learning capacity, demonstrated through
processes like synaptic plasticity, enable us to continually evolve, adapt, and innovate. This
cognitive flexibility and efficiency have driven humans to the forefront of evolutionary
success, prompting scientists and researchers to seek inspiration from the brain’s architecture
in the hope of replicating its abilities artificially.

Over many decades, a myriad of approaches have been proposed to replicate the intelli-
gence of the human brain, ranging from sophisticated neural network software architectures
to the more philosophical concept of the “brain in a vat” (a hypothetical scenario in which
a brain is sustained in a vat and connected to external stimuli) challenging our perceptions
of reality and consciousness. While efforts have been made to emulate the brain’s intricate
network of neurons and synapses purely in software, hardware or wetware remains an as-
pirational goal, significant strides have been made in neuromorphic engineering. This field
attempts to design systems, not necessarily to mimic the brain in exact detail, but to capture
its efficiency, adaptability, and learning mechanisms. Through these efforts, the dream of
harnessing the brain’s intelligence in artificial systems inches closer to reality.

Nanowire Networks (NWNs), the subject of this thesis, stand out as a particularly
promising avenue in this quest. Their inherent complex brain-like topology mimics the
intricate connectomes found within biological neural systems. This structural complexity
is further enriched by synapse-like cross-point electrical junctions, which enables dynamic
information processing akin to natural neural networks. Beyond mere structural similarities,
NWNs offer the potential to emulate the adaptability and learning capabilities of the brain.
Throughout this thesis, we delve into both simulated results and experimental measurements
of neuromorphic NWNs, with a keen focus on understanding their learning potential. The
overarching ambition of my research is to construct a system that can learn not just with the
prowess of the human brain, but also with its efficiency. This thesis documents my preliminary
venture into this domain, and the findings presented here are encouraging indicators of the
path ahead.

Chapter 2 presents a comprehensive review of related studies in the literature, providing
a foundational understanding of the field. It not only contextualises our research but also
highlights the established knowledge and methodologies that our study seeks to expand upon.
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To fully understand the learning capabilities of NWNs, it is essential to first unravel their
information processing mechanisms. Chapter 3 delves into the information dynamics of
NWNs during learning tasks. We primarily focus on how nanowires communicate with each
other and how memristive junctions store and process information. Additionally, our study
measures the network’s information dynamics at different activation levels.

Chapters 4 and 5 further investigate the learning capability of NWNs under a reservoir
computing framework. In Chapter 4, we investigate the transfer of knowledge between
learning tasks, with the objective of leveraging past knowledge for subsequent learning tasks.
Chapter 5 employs a kernel to feed information to the network convolutionally, enhancing
the network’s ability to learn spatial information.

A primary challenge in reservoir computing with NWNs is determining the ideal initial
conditions and operational regime for specific tasks. Addressing this challenge often requires
a substantial amount of trial and error. Chapter 6 introduces a structured method to tackle
this issue, identifying the best initial conditions for a family of related tasks through meta-
learning.

In Chapter 7, we implement a recursive least square algorithm on the readouts from a
physical NWN device, enabling online MNIST handwritten digit classification. The inherent
memory of the system is further utilised to learn the patterns in sequences formed from the
MNIST digits. This represents the first instance of the MNIST classification benchmark task
being performed with a physical NWN device.

Chapter 8 summarises the key findings of this thesis and offers insights into potential
avenues for future research.

The findings of this thesis pave the way for novel applications and deeper insights within
the realm of neuromorphic computing and engineering. Through rigorous exploration and
innovative methodologies, we have demonstrated the vast potential of NWNs in various
learning tasks. As the world edges closer to realising efficient brain-inspired computational
systems, the research documented here offers a beacon, illuminating the path forward and
underscoring the profound possibilities that lie ahead in this exciting domain.





Chapter 2

Literature Review

“吾尝终日而思矣，不如须臾之所学

也。”

“I have pondered all day, but it’s not as

good as what I learn in a moment.”

劝学 An Exhortation to Learning

-荀子 Xun Zi

2.1 Chasing Intelligence in Machines

In recent years, Artificial Intelligence (AI) has taken center stage in technological innovation.
Driven by advances in machine learning, data availability, and computing resources, AI’s
impact is being felt across a broad range of areas. For instance, AlphaGo astonished the
world in 2015-16 by defeating world champions in the complex game of Go [1] while in the
last 12 months, chatGPT has elevated natural language processing to a whole new level [2].

The idea of realising intelligence in machines was first explored by Alan Turing in
his work titled "Intelligent Machinery" [3] in 1948. Subsequent efforts shifted towards
looking at the brain’s neural network for inspiration and the phrase artificial intelligence was
then formally established at the Dartmouth Workshop later in the 1950s [4]. As shown in
Fig. 2.1, the first significant model of an artificial neuron came in the form of the Perceptron,
developed by Frank Rosenblatt in 1957 [5]. The Perceptron model was a single-layer neural
network that could perform simple classification tasks, and it drew interest in the then new
idea that machines could be trained to learn from data. Subsequent studies produced the
multi-layer perceptron (MLP) model to study more complex and nonlinear relationships in
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Fig. 2.1 Key milestones in the development of artificial intelligence and neural networks.
Adapted from beamlab.

data [6, 7]. Nevertheless, skepticism over the capabilities of these early models increased
as they did not meet the inflated expectations for solving “real-world” problems (like the
XOR problem), resulting in the first AI winter in the 1970s [8–10]. The development of
the well-known backward propagation algorithm in the 1980s offered a way to train MLPs
efficiently and help revive the field [11]. Yet, despite these advances, the field faced the

second AI winter in the late 1980s and early 1990s, due to overpromised capabilities and
insufficient computing and data resources [7, 9]. Supervised and unsupervised machine
learning algorithms like Support Vector Machines (SVMs) [12] and Random Forests [13]
proved effective across a range of tasks and applications and brought attention back to the
field. The AI landscape began to change dramatically in the 2000s, notably with the advent
of GPUs for highly paralleled generendeavoural computation, which provided exponential
increases in processing power and enabled the training of much larger and more complex
models based on Artificial Neural Networks (ANNs), leading to the era of deep learning
using multi-layer feed-forward ANNs (effectively the same as the MLPs introduced years
earlier) [14–16]. Combined with the massive amount of data made available by the rise of
the internet, and the associated centralised data centers, these developments have catalysed
the current surge in AI.

As the AI landscape continues to evolve, it simultaneously encounters new frontiers that
challenge conventional computing methods, notably through an unsustainable surge in power
requirements and inherent limitations in existing hardware architectures. In response, the
field has started to draw inspiration from biological neural systems, leading to the rise of

http://beamlab.org/deeplearning/2017/02/23/deep_learning_101_part1.html
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neuromorphic intelligence, which aims to mimic the efficiency and adaptability of human
brains.

2.2 Neuromorphic Intelligence

Fig. 2.2 The increase in computational demands of AI has outpaced the development of
hardware. (a) Computing power of major AI models over the past four decades presented
in petaFLOP days. Recent advances in large language models double in demand every 2
months. (b) Development of digital and analogue compute hardware since 2016. Adapted
from Mehonic and Kenyon [17].

ANNs used in AI are increasingly powerful, but they are also accompanied with signifi-
cant hidden costs. Fig. 2.2 (a) demonstrates the exponential increase of computing power
demands to train AI models. Moreover, recent breakthroughs in language models have
resulted in a doubling demand for computing power every 2 months, which has significantly
outpaced the hardware trend predicted by Moore’s law, as shown in Fig. 2.2 (b) [17]. With
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the end of the Moore’s law era, it appears this challenge cannot be addressed by conventional
computing paradigms.

In contrast to ANNs, the human brain, comprised of around 1011 neurons and 1015

synapses [18], operates with exceptional efficiency, with a power consumption of approx-
imately 20 W. In comparison, a digital simulation of an ANN with similar size consumes
7.9 MW [19]. Much of the disparity in power consumption between the human brain and
digital ANN computations can be attributed to the inherent inefficiencies of the von Neu-
mann architecture, in which memory and processing units are located separately, thus using
significant energy to bus data back and forth. Brain-inspired, or neuromorphic, approaches
to computing look to the brain for efficiency gains. Immediate energy efficiency gains can
be realised by simply integrating processing and memory, but the human brain is also an
exemplar of “intelligence”, and thus offers the potential for enhancing learning efficiency
and efficacy.

Fig. 2.3 The landscape of neuromorphic or brain-inspired systems, based on the definition by
Mehonic and Kenyon [17].

The concept of neuromorphic engineering was first proposed by Carver Mead in the late
1980s and aims to engineer a new type of electronic hardware which mimicks the architecture
and efficiency of biological brains for computational purposes [20–22]. After several decades
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of development, the field of neuromorphics has matured to a point where it can be broadly
categorised into at least three key areas (cf. Fig. 2.3) [17, 23]:

1. “Neuromorphic engineering”, which focuses on emulating the functions of biological
neurons and synapses using analogue electronics [24];

2. “Neuromorphic computing”, which seeks to conceive new data processing techniques
like co-locating memory and computation [25], integrating spiking mechanisms from
biological neurons into artificial neural networks [26, 27]; and

3. “Neuromorphic devices and materials”, which employs novel electronic and photonic
devices leveraging functional materials with innate physical properties that mimic
biological neurons and/or synapses [28–30].

These areas are not mutually exclusive or exhaustive, and some overlap with broader research
efforts in unconventional computing paradigms, for example, computing with physical
systems [31]. This thesis focusses on neuromorphic devices and materials and highlights
important intersections with the other two areas.

2.2.1 Spike-based Systems

Spiking neural networks (SNNs) represent a unique class of ANNs that incorporates spiking
neurons as their fundamental computational units [32, 33]. As demonstrated in Fig. 2.4,
in contrast to traditional ANNs, which use continuous activation functions and operate
with floating-point states, SNNs use a discrete, spike-based information processing scheme
inspired by action potentials observed in biological neural systems [34]. This spike event-
driven architecture captures the temporal relationships embedded in data and offers a feasible
way to bridge the energy efficiency gap between neural networks and biological brains,
making it a promising candidate for next generation neuromorphic machine intelligence [32].

Spike-based neuromorphic chips are designed to exploit the functionality and efficiency
of SNNs [23, 35–39]. These specialised chips integrate compute and memory in a non-von
Neumann fashion and employ circuits that emulate spiking neurons to achieve low-latency
and low-power consumption. Notable examples include IBM’s TrueNorth [40], Intel’s Loihi
[41] and several other systems developed under the Human Brain Project such as SpiNNaker
[42], BrainScaleS [43] and DYNAPs [44].
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Fig. 2.4 Single neuron models. From left to right, the models are computationally more
efficient but biologically less plausible. (a) Fine-structured neuron model with thousands of
compartments on the dendrites. (b) Neuron model with dendrites and soma. (c) Point neuron
model with soma dynamics only (perceptron model). The top panels in (b) and (c) show
spiking neuron models, in which temporal dynamics are taken into consideration and the
neurons communicate via spikes. The models shown in the bottom panels are static artificial
neurons. Adapted from Li et al. [39].

Nevertheless, training SNNs presents unique challenges compared to traditional ANNs.
Traditional training algorithms like backpropagation are often unsuitable for SNNs due to
the temporal dynamcis of SNNs as well as the discontinuous and non-differentiable nature of
spike events. Neftci et al. employed surrogate functions to approximate the derivative of spike
events, thus enabled the training of SNNs via backpropagation through time (BPTT) [45].
However, unrolling the computing graph in BPTT across numerous time steps escalates the
computational complexity quadratically [26]. While SNNs hold promise for energy-efficient
neuromorphic hardware and emulating more biologically plausible computation, realising
their full potential demands novel techniques and methodologies to overcome these training
challenges [46].

2.2.2 Memristors

First predicted by Leon Chua in 1971 as the missing fourth fundamental circuit element [47],
the concept of memristors (short for “memory resistors”) remained theoretical until a practical
device was finally created by Strukov et al. at the HP Labs in 2008 [48]. Memristors are two-
terminal (three-terminal realisations can be found in [49]) devices unique for their variable
resistance, which is modulated by the time integral of applied electrical stimuli, thereby
enabling both memory and nonlinearity [50]. While still under development, memristors



2.2 Neuromorphic Intelligence 11

Fig. 2.5 Schematic illustration of single memristor dynamics. (a) In biological brains,
synapses play an important role in storing and transmitting information. (b) The operation
cycle of a filamentary memristor, showing the characteristic hysteresis curve in I −V phase
space, caused by the evolution of a conductive nano-filament. Adapted from Empa.

are rapidly emerging as strong candidates for next-generation non-CMOS and post-von
Neumann computational systems [30, 50–54].

The phenomenon of resistance switching in memristors can be characterised by two
primary states: the High Resistance State (HRS) and the Low Resistance State (LRS). In
common metal-insulator-metal (MIM) memristors, the transition between these states is
controlled by a thin layer that is electrically insulating, but ionically conducting. As Fig. 2.5
(b) indicates, when an external current or voltage is applied to a MIM memristor, metallic ions
migrate within the thin insulating film and redox reactions neutralise the ions to form metallic
nano-scale filament in a process referred to as electrochemical metallisation (ECM) [54].
Once established, thermodynamic fluctuations can rupture conductive nano-filaments, driving
transitions between HRS and LRS. A similar process occurs in metal-oxide memristors due
to migration of oxygen vacancies [52]. These nanoscale processes play a pivotal role in
determining the efficiency and behaviour of memristive systems. The shift from HRS to
the LRS is often referred to as the SET process while the process from the LRS back to
the HRS is known as the RESET process [50, 52]. Fig. 2.6 demonstrates the two types
of switching behaviour, namely unipolar and bipolar. In unipolar switching, the SET and
RESET processes occur at different voltage levels but in the same polarity. In contrast,
bipolar switching requires opposite polarities for the SET and RESET processes [55].

Memristive devices can be further categorised based on their memory characteristics
into volatile and non-volatile types. The conductance of volatile memristors decays when
external stimulation is removed, which allows them to simulate specific synaptic and neural
dynamics. This attribute has been leveraged in various applications, ranging from spiking
neural networks to combinatorial optimisations. Conversely, non-volatile devices retain their

https://www.empa.ch/web/s405/recent_projects/
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Fig. 2.6 Different resistive switching mechanisms. (a) Unipolar resistive switching, where
voltages of the same polarity switch the memristor ON or OFF. (b) Bipolar resistive switching,
where voltages of opposite polarities switch the memristor ON or OFF. Adapted from
Mohammad et al. [56].

resistance state even when power is disconnected, which makes them ideal for long-term data
storage and essential for performing matrix multiplication in memristor arrays [54]. This
thesis focuses on volatile, bipolar MIM memristors that form between intersecting silver
nanowires coated in an insulating nano-layer, so resistive switching is due to ECM.

2.2.3 Memristor-based Systems

Memristors have opened up new possibilities across a wide range of neuromorphic computa-
tional applications thanks to their distinctive characteristics like nonlinearity and memory.
Notably, as shown in Fig. 2.7, the crossbar architecture is often employed in memristor appli-
cations as it closely mimics the structure of feedforward neural networks. In a crossbar array,
memristors are placed at the junctions between horizontal and vertical conductive bars, effec-
tively serving as synaptic weights in neural networks [57, 58]. When voltage is applied to the
horizontal bars, rapid matrix multiplication operations occur, and the currents measured at the
vertical bars represent the output, in accordance with Ohm’s law [23, 28, 36–39, 53, 54, 59].

With their unique capability to co-locate memory and computing, memristors emerge
as natural candidates for in-memory computing [25]. For instance, the HRS and LRS
of memristors can effectively serve as digital “0”s and “1”s respectively, enabling them
to perform logic operations directly through voltage inputs [62, 63]. Haj-Ali et al. have
implemented this idea to realise image processing in-memory [64]. Moreover, Papandreou
et al. showed that certain memristive devices can be programmed to specific conductance
levels, enhancing the capabilities of in-memory computing systems [65]. More examples can
be found in the review by Ielmini et al. [25].
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Fig. 2.7 Memristor crossbar array. (a) Schematic illustration of a memristor crossbar array.
The top and bottom metal bars are placed perpendicularly, with the cross points in between
filled with memristive materials. Voltages are applied to the horizontal bars and the current
of the vertical bars are read out. Adapted from Huang et al. [60]. (b) Memristor crossbar
circuit. (c) Graph representation of the cross bar architecture. (b) and (c) are adapted from
Merrikh-Bayat et al. [61].

Additionally, their capability for rapid matrix multiplication makes memristors well-
suited as accelerators in deep learning applications [66–68]. When integrated with SNNs,
memristors not only align well with the encoding mechanisms of SNNs but also offer archi-
tectural advantages that collectively enhance computational efficiency [69–71]. Furthermore,
memristors are also finding applications in reservoir computing, discussed in more detail
below in Section 2.4. Various applications have been demonstrated using reservoir computing
with memristors, including time-series prediction [72], image classification [72, 73], and
spatio-temporal signal processing [74, 75].

This exploration into memristors’ potential in neuromorphic applications paves the way
for an exciting development: the use of self-assembled nanomaterials with inherent mem-
ristive properties. These novel materials promise to revolutionise neuromorphic computing
by offering enhanced scalability, fabrication efficiency, and more intricate network struc-
tures, addressing some of the constraints encountered with traditional memristor-based
architectures.

2.3 Self-assembled Neuromorphic Systems

As discussed in the previous section, memristors represent a class of nanomaterials with
intrinsic neuromorphic properties, namely memristive switching, due to nanoscale electro-
chemical processes. Whereas memristor devices are typically fabricated using conventional
bulk materials with top-down methods, another class of neuromorphic nanomaterials is one
in which numerous memristive elements can be synthesised using bottom-up techniques.
This section focuses on novel, low-dimensional memristive nanomaterial systems synthesised
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via self-assembly. Such systems not only exhibit the neuromorphic features of traditional
memristors, but also provide additional advantages, such as improved scalability, easier
fabrication, and denser interconnects owing to the formation of a disordered network structure
[28–30, 76].

2.3.1 Carbon Nanotubes

Carbon nanotubes (CNTs) are unique one-dimensional materials with exceptional electrical,
thermal, and mechanical properties [77–80]. A carbon nanotube is a cylinder of rolled-up,
one-atom-thick carbon atoms, exhibiting metallic or semiconducting properties. Synapses
constructed from CNT networks exhibit memristive dynamics and are able to mimic the
behaviour of biological synapses, thereby allowing the creation of synaptic circuits for use in
neuromorphic computing systems [81, 82].

Zhao et al. assembled optically gated CNT synapses into a crossbar array, which allows
very efficient parallel learning of multiple functions within large arrays and enables high
reliability, high density as well as fast learning speed [83]. Random networks of CNTs exhibit
electrical nonlinearity and random fluctuations that mimic both the complex connectivity
and neural dynamics in biological brains [80, 84–86]. As shown in Fig. 2.8, Tanaka et
al. complexed a network of CNTs with polyoxometalate (POM) which could work as a
good candidate for neuronal membrane device. The CNTs in this system work as a synapse
connecting the POM cells, which generate spikes and noise spontaneously. As a result, the
network exhibits rich spiking dynamics and learning capabilities, making it well-suited for
reservoir computing applications [85].

Fig. 2.8 Network of CNTs complexed with POM. (a) AFM image of the single wall carbon
nanotube (SWNT)/ POM complex. Scale bar: 200 nm. (Inset: Molecular structure of PMo12).
(b) Schematic illustration of the network and device setup. (c) Cellular automata model
on a 2D grid consisting of POM cells (blue spheres) connected with SWNT wires (black).
Adapted from Tanaka et al. [85].
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2.3.2 Nanoparticles

Metal nanoparticles and associated thin films are also drawing increasing attention as a
promising substrate for neuromorphic computing. Vahl et al. used gas phase synthesis to
deposit alloy nanoparticles like AgAu and AgPt between nanoscopic SiO2 thin films [87].
Diffusive memristive switching was observed when probing individual or small clusters of
these nanoparticles arranged in a SiO2/NP/SiO2 or SiOxNy/NP/SiOxNy configuration using
conductive atomic force microscopy (c-AFM) [88]. This phenomenon is associated with the
local formation and dissolution of Ag filaments [89]. Similar resistive switching behaviour
and complex spiking dynamics were also observed in cluster assembled Au films, which
made them suitable for neuromoprhic computing [90–92].

Thin films of percolating nanoparticles exhibit resistive switching behaviour and quantised
conductance at room temperature, facilitated by atomic-scale filaments forming in tunnel gaps
between the particles [93, 94]. Beyond simple switching, these nanoparticle can self-assemble
into complex networks (percolating nanoparticle networks, PNNs, cf. Fig. 2.9) that inherently
exhibit neuromorphic behaviours, including stochastic conductance switching [95] and the
ability to convert from short-term memory to long-term potentiation [94]. These networks
operate at a percolating phase transition, where they demonstrate brain-like spatiotemporal
correlations and criticality, giving rise to phenomena like avalanches of switching events,
which is commonly observed in biological brains [96–98].

Fig. 2.9 Schematic illustration of percolating networks of nanoparticles. (a) Different colours
represent groups of particles that are in contact with each other. The zoom-in window
shows the growth of an atomic conductive nano-filament. (b) Conducting pathways (black)
formed as a result of filament growth. The zoom-in window shows the atomic conductive
nano-filament as well. Adapted from Mallinson et al. [96].

2.3.3 Nanowire networks

Nanowire networks (NWNs, cf. Fig. 7.9) represent a unique class of memristive systems with
which to realise neuromorphic intelligence [99, 100]. The first studies to investigate NWNs
for brain-inspired computing and learning tasks can be identified with the development
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of “atomic switch networks” by Stieg et al. at UCLA [101, 102]. These self-assembled
networks of Ag2S nanowires were inspired by earlier work on Ag2S atomic switch devices
that exhibit memristive switching due to ECM-induced Ag filament evolution [103, 104].
Hasegawa et al. showed that single atomic switches can achieve learning via their short-term
and long-term memory [105] and a related study later showed that these single devices
demonstrate synapse-like short-term plasticity and long-term potentiation [106]. These
studies explored the learning capacity of individual memristive junctions, which laid the
foundation for unravelling the learning potential of NWNs.

Fig. 2.10 Nanowire networks. (a), (b) SEM images of a AgSe nanowire network at different
scales. Scale bars: (a) 10µ m, (b) 5µ m. Credit: Sam Lilak, UCLA. (c) SEM image of a cross-
point junction between two Ag-PVP nanowires. Scale bar: 100 nm. Adapted from Milano
et al. [107]. (d), (e) Schematic illustration of Ag-PVP cross-point junctions. The switching
dynamics is modulated by the formation/ rupture of the metallic Ag filament. Adapted from
Milano et al. [99]. (f), (g) SEM images of the emergence of a “winner-takes-all” conducting
pathway between source and drain electrodes in a Ag-PVP NWN. Scale bar: 2µ m. Adapted
from Manning et al. [108].
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Subsequent studies demonstrated that the self-assembled structure of NWNs exhibit
small-world and brain-like connectivities [109–111]. When a DC voltage bias is applied
across these networks via electrodes, the conductance on individual junctions grows unevenly
[112] and a “winner-takes-all” current pathway can be observed [108], resulting in complex
responses in device-level dynamics [113], and enabling programability [114]. Studies
also indicated that NWNs exhibit emergent dynamics [101, 115] and avalanche criticality
[116, 117] during dynamical phase transitions which are thought to be crucial for information
processing in the brain [118]. With these complex dynamics and adaptability, NWNs stand
out among self-assembled systems for their demonstrated superior performance as physical
reservoirs, with their diverse dynamics enabling more efficient and brain-like computations.
Further attributes of neuromorphic nanowire networks are detailed in the a recent review
paper by Kuncic and Nakayama [100].

2.4 Reservoir Computing

As discussed above, self-assembled nanomaterial systems exhibit complex connectivity and
nonlinear dynamics mimicking biological brains. These features make them well-suited for
reservoir computing, which projects input data into a higher-dimensional space, enabling
training to be reduced to a relatively simple linear readout layer.

2.4.1 Reservoir computing algorithms

Reservoir computing (RC) is a machine learning paradigm that utilises a special type of
recurrent neural network (RNN) called a reservoir to perform computations [119–121]. It
was introduced independently by Maass et al. [122] (as liquid state machine, LSM) and
Jaeger [123] (as echo state network, ESN) in the early 2000s. As shown in 2.11, a typical
reservoir computing architecture consists of three main layers: the input layer, the reservoir
layer, and the output layer. In this configuration, the input weights Win and internal weights
Wres of the reservoir are pre-generated randomly and fixed and only the readout weights
Wout are trained using linear algorithms. Moreover, the reservoir integrates a pre-configured
RNN with a random and sparse connectivity, where the behaviour of each neuron is described
by a non-linear activation function [122, 123]. The system was designed to address the
computational burden as well as the vanishing/exploding gradient problem of traditional
RNN training methods by limiting the training to the output layer [121, 124, 125].
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Fig. 2.11 Schematic illustration of reservoir computing, consisting of three layers: input,
reservoir and output. While Win and Wres are pre-generated, Wout is trained in a supervised
manner.

While ANNs are generally optimised for static data, RC is designed to handle dynamic
spatio-temporal inputs [125]. Algorithmically, the dynamics of an RC system can be de-
scribed as:

x(t +1) = f (Winu(t +1)+Wresx(t)), (2.1)

where x(t) represents the states of the neurons inside the reservoir at time t, and u(t + 1)
is the input at the next time step, and f is a nonlinear activation function (commonly tanh).
The readout layer of the reservoir performs a linear combination of the output neuron states
xout(t):

ŷ(t) = Woutxout(t), (2.2)

The implementation of RC with temporal inputs involves three main steps: initialisation,
training, and evaluation. During the initialisation phase, the input and internal weights of the
reservoir, as well as the network’s connectivity, are randomly generated. A fraction of the
training signal is fed into the reservoir, allowing the internal phase space to adapt to the input
dynamics and wash out the influence from random initial conditions [125]. In the training
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phase, the readout weights are trained using a learning algorithm such as linear regression or
ridge regression to minimise the loss for all training samples in a supervised manner:

L = ∥y−Woutxout∥2, (2.3)

where y is the target signal and ∥ · ∥2 represents the L2 norm. In the evaluation phase, the
reservoir states corresponding to new input data are linearly combined using the trained
readout layer as described by Eq. 2.2, and the reservoir’s performance is thereby estimated
[119, 124, 125].

As a result of the random connectivities and the nonlinear dynamics of individual neurons,
the reservoir demonstrates complex and rich temporal behaviors in its collective dynamics,
enabling it to project the input data into a high-dimensional feature space [122–124, 126].
In the case of ESNs, Hermans and Schrauwen showed that in the limit of infintely large
networks, the reservoir operates in a manner effectively equivalent to a recursive kernel
such as that used in recursive SVMs [127]. Jaeger et al. showed that reservoirs also exhibit
short-term memory due to the reccurent connectivity, allowing them to retain and process
information from past inputs [124, 128, 129]. As new inputs are fed into the reservoir,
its internal dynamics evolve, capturing and encoding temporal patterns and the reservoir’s
state at any given time contains a collective memory of the past inputs it has encountered
[122, 123]. This memory enables reservoirs to exhibit temporal dependencies and effectively
handle tasks that require the analysis and prediction of sequential data [128, 130, 131]. The
nonlinearity and memory within reservoirs forms the foundation for their ability to learn
and generalise from temporal information, making them powerful tools in various machine
learning applications [125, 132–135].

2.4.2 Non-algorithmic reservoirs

Algorithmic reservoirs have shown promising results in various applications such as time
series analysis and prediction [136–138], audio processing and speech recognition speech
recognition [139], control tasks [140, 141], and pattern recognition [142]. As shown in
Fig.2.12, the idea of employing hardware for RC arose naturally and has attracted significant
interest, along with various feasible applications [143]. In RC, the primary role of the reser-
voir is to nonlinearly map the input into a high-demensional space while retaining memory
[121] and physical systems offer numerous advantages such as faster, more energy-efficient
computation, in-materia data processing, optimised resource usage and easy integration
into different applications [125, 143]. Additionally, physical reservoirs are constrained by
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conservation laws (e.g. Kirchoff’s circuit laws), thus circumventing the main drawback of
algorithmic RC, hyperparameter optimisation, and their activation functions, rather than
being represented as abstract mathematical functions, are governed by the physics of their in-
dividual elements (e.g. memristors). As a result, the quest for suitable physical RC hardware
has concentrated on two areas: dynamical systems capable of generating nonlinear responses
to the input and neural network hardware that exhibits RNN structure [143].

Fig. 2.12 Comparison of algorithmic RC and physical RC. (a) Conventional algorithmic
RC using recurrent neural networks as reservoirs. (b) Physical RC using physical systems/
devices as reservoirs. Adapted from [143].

Neuromorphic Reservoirs

Neuromorphic circuit play an important role for physical RC. Very large scale integration
(VLSI) are capable of realizing brain or bio-inspired circuits and application-specific inte-
grated circuits (ASICs) have been designed to realise RC [144, 145]. The inherent long-term
memory of memristors in particular makes them well-suited for RC and integrating them
into a network enables computing for complex tasks. Du et al. and Moon et al. implemented
dynamical memristor arrays for RC to perform tasks like digit classification and time-series
predictions [72, 146]. Spintronic systems have also been used for RC as they exhibit non-
volatile memory (see definition in Section 2.2.2) and rich dynamics. Torrejon et al. utilised
spintronics under the RC framework and successfully demonstrated spoken digit recognition
[147]. More details can be found in the recent review paper by Tanaka et al [143].

In the context of neuromorphic nanomaterial systems, NWNs show interesting neuro-
morphic properties which enable them to process information in a manner suitable for RC.
Related studies have shown that they are able to achieve current pathway tuning [148],
associative learning [149], as well as cognitive functions [150]. Nevertheless, given their
nonlinearity, high dimensionality and fading memory, NWNs’ most promising application
for neuromorphic computing is to use them as reservoirs in RC [100, 151]. Sillin et al.
[152] and Demis et al. [102] implemented multi-electrode arrays (MEA) on self-assembled
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Fig. 2.13 AgI NWN multi-electrode device employed as a reservoir for spoken digit classifi-
cation. Adapted from Lilak et al. [153].

Ag2S NWNs to send in and read out information, enabling reservoir computing using these
networks. Their results showed that NWNS are able to generate higher-order harmonics and
they demonstrated a waveform regression task using both a numerical model and a physical
network. As demonstrated in Fig. 2.13, using the same MEA device with AgI NWNs, Lilak
et al. were able to deliver auditory signals into the network and successfully performed the
spoken digit classification task [153]. Milano et al. performed the MNIST handwritten digit
classification task using a NWN simulation to generate conductance readouts which were
then used in a RRAM array to train the output weights [154]. In addition to these tasks, Fu et
al. utilised simulated NWNs for Mackey-Glass chaotic time series prediction [151].

Other nanomaterial networks discussed in Section 2.3 have also been employed as
reservoirs in RC. For instance, Akai-Kasaya et al. used a random network of single-walled
carbon nanotubes complexed with polyoxometalate as a reservoir to perform tasks like
waveform reconstruction, time-series predictioon and memory capacity [155]. Banerjee
et al. demonstrated an object classification task with robotic tactile sensory inputs using
a single-walled carbon nanotube–porphyrin polyoxometalate (Por-POM) random network
[86]. In the regime of nanoparticles and thin films, Mirigliano et al. built a binary classifier
using nanostructured Ag films [156] and Mallinson et al. studied the effects of topology and
heterogeneity on the performance of reservoirs made of percolating networks of nanoparicles
[157].
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2.4.3 Performance Optimisation

Fig. 2.14 RC performance optimisation examples. (a) RC with a deep architecture. Adapted
from Gallicchio et al. [158]. (b) Time multiplexing of a single node reservoir. Adapted from
Appeltant et al. [159]. (c) Task performance of a simulated NWN as a reservoir tuned to
states around the edge of chaos. Adapted from Hochstetter et al. [116].

As described earier in Section 2.4, reservoirs are particularly well-suited for a wide range
of computational tasks. However, exploiting their full potential requires a dedicated effort to
fine-tune the system and improve the performance [121, 125]. Various studies have explored
the possibilities for enhancing the RC framework, including for memristive reservoirs [80].
Here we mainly focus on the model and configuration of the system, the training process and
the internal dynamics (c.f. Fig. 2.14) for both algorithmic and physical RC.

Configuration The most intuitive approach is to utilise various connectivities for the
reservoir [121, 125]. In particular, small-world [160], scale-free [161], and biological neural
connectivities have captured the most attention, and various endeavours have been undertaken
in this regard [121, 125, 162, 163]. Meanwhile, modifying the neuron model or dynamic
model is another common approach. For instance, in the original LSM work, Maass et
al. introduced a continuous time model and incorporated spiking neurons, making the
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system more realistic biologically [122]. Including an leaky component in Eq. 2.1 is another
common method and it enables the system to operate at different time scales [164]. Adding a
feedback term in Eq. 2.1 is potentially able to shift the internal dynamics of the reservoir to
enhance the linear combination for readout, but it also brings stability issues and increases
the computation complexity [165]. Combining multiple reservoirs could enrich the dynamic
states and thus improve task performance. Gallicchio et al. demonstrated that putting
reservoirs into a deep structure amplifies the diversity of nonlinear dynamics and increases
the short-term memory capacity [158, 166]. Other studies suggest that using reservoirs in
parallel can be advantageous for particular tasks [167, 168].

Training For both algorithmic and physical systems, the reservoir’s responses are gathered
as readouts and linear training algorithms are employed to train the readout weights [125].
In the majority of cases, least square regression and ridge regression are used to minimise
the MSE loss between the training result and the target as shown in Eq. 2.3 [124, 125]. In
particular, Tapson and Van Schaik suggested that a recursive least square (RLS) technique
could be used to train high-dimensional systems in an online manner with fast convergence
and robust results [169, 170]. Another common approach is to use time-multiplexing on
readout neurons to create virtual nodes, so that extensive temporal information can be
captured [159]. This approach is particularly effective in the case of insufficient readout
neurons in hardware reservoirs (e.g. memristor cross-bar arrays). Furthermore, overfitting is
a frequently encountered problem when training a reservoir, and cross validation is a useful
strategy for determining suitable ridge parameters to mitigate the issue [125].

Dynamics As described in Section 2.4, a trade-off between a reservoir’s memory capacity
and nonlinearity exists in reservoir systems and a goldilocks zone in between could be ideal
for computing [133, 135]. These properties of reservoirs are primarily governed by their
internal dynamics [125]. Various studies have referred to this regime as aphase transition (or
“edge of chaos”) and have consistently reported that the best performances of reservoirs can be
observed here for both algorithmic reservoirs [171–174] or hardware systems [96, 116, 117].
Multiple approaches are employed to optimise the reservoirs and find the best configuration
that exploit the computing resources of the device. For example, a common step in the
optimisation process involves normalizing the input and target signals to a range that is
suitable for the reservoir to operate [125]. While most optimisation techniques tend to
use a trial-and-error approach, it has been demonstrated that, even if reservoirs are not
fully differentiable, the meta-learning (or learning-to-learn) framework can help identify
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the optimal hyperparameters which allow the network to operate within an optimal regime
[175–177].

2.5 Information Dynamics

Information theory was first introduced by Shannon in 1948 to provide fundamental principles
and tools for understanding how information can be efficiently encoded, transmitted, and
decoded [178, 179]. It has been widely applied to analyse complex self-organised systems
[180], in which the emergent global behavior of the system arises non-trivially from the
local interactions among individual units [181, 182]. The study of information dynamics is
conducted in the spatial-temporal domain by investigating the transfer of information between
individual units, its storage mechanisms within these units, as well as how information from
different sources combine in these systems [183–185]. This thesis focusses on several
prevalent measures such as mutual information [179], transfer entropy [186] and active
information storage [184] to analyse the local computation of neuromorphic NWNs. The
following section provides a brief introduction to these measures. A more detailed exposition
may be found in the JIDT paper by Lizier et al. [187].

2.5.1 Information-theoretic measures

Fig. 2.15 Schematic illustration of information theory metrics. (a) Mutual information
between two variables. Adapted from Uda et al. [188]. (b) Transfer entropy and active
information storage. Adapted from Lizier et al. [187].

Mutual Information Mutual information (MI) quantifies the amount of information that
one variable X conveys about another variable Y [179, 187]. As shown in Fig. 2.15 (a),
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it measures the relationship between variables and provides insights into their statistical
association. Mathematically it is defined as:

I(X ;Y ) = H(X)+H(Y )−H(X ,Y ), (2.4)

= ∑
x∈X

∑
y∈Y

p(x,y) log2
p(x,y)

p(x)p(y)
, (2.5)

where H(·) is the Shannon entropy and p(·) represents probability. It is also noteworthy
that MI is symmetric and non-negative, for which I(X ;Y ) = 0 if and only if X and Y are
statistically independent. It provides a way to understand the degree to which knowledge of
one variable reduces uncertainty about the other.

Transfer Entropy Transfer entropy (TE) measures the amount of directed (asymmetric)
transfer of information from one source time-series process Y to another target process X
[186, 189]. As illustrated in Fig. 2.15 (b), it is defined as the conditional mutual information
between these processes:

TY→X(k, l) = I(Y(l)
n ;Xn+1|X

(k)
n ),

=

〈
log2

p(xn+1|x
(k)
n ,y(l)n )

p(xn+1|x
(k)
n )

〉
, (2.6)

in which n is the time index for the variables, Y(l)
n is the variable representing the past l

values of the source up to and including time n, Xn+1 the next value of the target at time
n+1, and X(k)

n the past k values of the target. The lower case identifiers (xn+1,x
(k)
n ,y(l)n ) are

specific realisations of the variables. TE calculates the amount of information that the past
of one process provides about the future of another, beyond what can be explained by their
shared history.

Active Information Storage Active information storage (AIS) measures the amount of
information in the past of a time-series process X that is used to predict its own future
[184, 187]. Fig. 2.15 indicates that AIS of X can be defined as the mutual information
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between its own past states X(k)
n and the future state Xn+1:

AX(k) = I(X(k)
n ;Xn+1), (2.7)

=

〈
log2

p(x(k)n ,xn+1)

p(x(k)n )p(xn+1)

〉
. (2.8)

It quantifies the ability of a system to encode and maintain information in a way that is
relevant to the future of its activity.

2.5.2 Applications

Information theory offers powerful tools for analyzing systems in various disciplines such
as canonical complex systems, computational neuroscience, cognitive science and artificial
neural networks [178, 179, 187, 190]. This type of analysis has proven instrumental in inves-
tigating the intrinsic information processing, especially during the phase transition regime,
of numerous canonical complex systems including the Ising model [191, 192], echo state
networks (reservoirs) [173], spiking neural networks [193, 194], random Boolean networks
[195, 196] and neural mass models [197]. Furthermore, in computational neuroscience,
the application of information dynamics has enhanced the understanding of neural coding
[198, 199], connectivity [200–203] and information flow within as well as between different
brain regions [190, 204, 205]. Last but not least, information theory provides a powerful
framework for delving into the intricacies of both cognitive systems [206, 207] and artificial
neural networks [208, 209], offering insights into their fundamental mechanisms. Further
applications can be explored in the broader academic literature [189, 210].

2.6 Motivation and Rationale for this thesis

The research presented in this thesis is motivated by the convergent limitations faced by
conventional CMOS hardware and AI software: the current trend is unsustainable in terms of
both energy efficiency and scalability. While much effort has been directed toward quantum
computing, this approach will also be considerably resource-intensive and so does not address
these critical challenges. A neuromorphic approach offers arguably the most feasible pathway
to realise efficient, sustainable computing and machine intelligence. The rationale behind
focussing this research on memristive nanowire networks is that these systems present several
intrinsically neuromorphic properties that remained unexplored until relatively recently. This
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includes their neural network-like circuit topology and rich spatiotemporal dynamics, which
lend themselves directly to a physical reservoir computing approach, as explored here.

Previous studies on NWNs mainly focused on the neuromorphic properties of NWNs,
including their brain-like connectivity and dynamics, as well as cognitive abilities. Addition-
ally, there have been some preliminary explorations into RC applications for simple tasks
like wave form regression, offering initial insights on their potential applications. However,
there remains significant scope to delve deeper into these applications. This thesis aims to
bridge this knowledge gap by presenting a thorough study of the learning capabilities of
neuromorphic nanowire networks within a reservoir computing framework, pushing forward
our understanding of their dynamical properties and potential for practical, real-world appli-
cations. In doing so, the ultimate goal is to advance the concept of “neuromorphic machine
intelligence”, underpinned by the physics of nanomaterials and dynamical systems.
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Abstract

Neuromorphic systems comprised of self-assembled nanowires exhibit a range of neural-
like dynamics arising from the interplay of their synapse-like electrical junctions and their
complex network topology. Additionally, various information processing tasks have been
demonstrated with neuromorphic nanowire networks. Here, we investigate the dynamics
of how these unique systems process information through information-theoretic metrics. In
particular, Transfer Entropy (TE) and Active Information Storage (AIS) are employed to
investigate dynamical information flow and short-term memory in nanowire networks. In
addition to finding that the topologically central parts of networks contribute the most to
the information flow, our results also reveal TE and AIS are maximised when the networks
transitions from a quiescent to an active state. The performance of neuromorphic networks
in memory and learning tasks is demonstrated to be dependent on their internal dynamical
states as well as topological structure. Optimal performance is found when these networks
are pre-initialised to the transition state where TE and AIS are maximal. Furthermore, an
optimal range of information processing resources (i.e. connectivity density) is identified for
performance. Overall, our results demonstrate information dynamics is a valuable tool to
study and benchmark neuromorphic systems.
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3.1 Introduction

The brain is recognised as a powerful and efficient information processing system [1, 2].
Its network structure has inspired a plethora of artificial neural network algorithms now
widely used in machine learning [3, 4]. Notwithstanding the success of these neuro-inspired
learning approaches, the physical nature of real neurons and synapses has also inspired
hardware-based approaches to replicating the unique information processing capabilities
of biological nervous systems [5]. A key milestone in this endeavour was the dramatic
reduction in power consumption achieved by integrating memory and processing in so-called
neuromorphic chips [6]. This has been exploited to improve the efficiency of neural network
training, a computationally intensive task. Other neuromorphic computing approaches have
successfully demonstrated neuron spike-based learning implemented in CMOS hardware
[7–9] and synapse-based learning achieved using novel post-CMOS device components with
resistive memory (memristive) switching properties [10–15].

Neuromorphic information processing capabilities have also been demonstrated in low-
dimensional nanomaterials constructed by bottom-up methods, e.g. quantum dots [16],
carbon nanotubes [17], nanoparticles [18] - see Sangwan and Hersham (2020) [19] for a com-
prehensive review. These represent a unique class of neuromorphic systems, as bio-inspired
self-assembly can produce highly disordered structures with emergent collective computa-
tional abilities [20, 21]. This draws strong similarities to complex systems approaches used
to study the brain’s network dynamics [22]. The present study focuses on neuromorphic
Nanowire Networks (NWNs), comprised of metallic nanowires that self-assemble to form
a complex network topology, with memristive cross-point junctions [23]. Previous studies
have shown that NWNs exhibit complex, neuromorphic structural properties such as small-
worldness, modularity and recurrent feedback loops [24]. In response to electrical stimulation,
NWNs exhibit emergent collective neural-like dynamics [25–31], including a “winner-takes-
all” (WTA) electrical transport path [18, 27–30, 32, 33]. This feature emerges above a
threshold voltage when connected edge junctions collectively switch to a low resistance state,
thereby activating the network into a highly conducting state. Theoretical studies suggest
that a WTA gate module in recurrent neural networks may be optimal for computation [34].
Furthermore, activation of disordered memristive networks may be concomitant with a phase
transition [35], which is often associated with optimal information processing capabilities
at the edge-of-chaos [36, 37]. Simulation studies [38–41] and experimental measurements
[25, 26] using a multi-electrode array device have demonstrated neuro-inspired learning
using a reservoir computing approach. In that approach, only the (memoryless) readout layer
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is trained, while the network dynamically self-adjusts its synapse-like memristive junctions
in response to changing input signals.

This study aims to gain deeper insights into the neuromorphic information processing
capabilities of NWNs by quantifying the dynamics of information transfer and storage. The
information dynamics measures of transfer entropy (TE) and active information storage (AIS)
have been used to quantify the intrinsic nonlinear dynamical properties of complex systems,
especially systems performing distributed computing [42–48]. Whilst mutual information
has previously been applied to neural network algorithms [49, 50], this metric does not
capture the dynamical properties of directed information flow and storage. In contrast, TE
quantifies how much information the past activity of a source component provides about
the state update of a target component (beyond that provided by the target’s own past) and
captures directed information flow between the components [42, 48]. AIS quantifies how
much information the past activity of a component provides about its next value, capturing
the memory that is active in the computation to update that component’s state [45]. TE is
particularly useful in measuring how information carried by signals is propagated across a
network, and can help identify the most important components involved in the dynamics of a
network [44, 51], and performance of the network can thus be optimised accordingly [52].

Crucially, TE and AIS have been used to study the dynamics of intrinsic information
processing in many other systems undergoing order-chaos phase transitions through critical-
like points, including canonical complex systems such as Random Boolean Networks [53, 54]
and the Ising model [55–57], echo state networks [58], spiking neural networks [59], in
vitro neural networks [60], and neural mass models [61]. Typically, TE and AIS indicate
maximisation of information storage and transfer in the intrinsic information processing at or
near the edge-of-chaos, and also often point to a balance between these operations in this
regime. Such a maximisation of information processing capabilities in intrinsic dynamics
provides an explanation for optimal computational capabilities found at the edge-of-chaos in
some systems such as recurrent neural networks [36, 58] (and conjectured in others). In a
related study to ours, Cramer et al. [62] measured TE and AIS in a different neuromorphic
system, finding that information transfer and storage in the intrinsic dynamics of the system
increased as the system approached criticality from an asynchronous/bursting state. Whether
and how those findings extend to neuromorphic NWNs – where nodes undergo inactive-active
transitions not only individually but strongly in tandem with their ongoing time-series activity
rather than in response to some external tuning – and how this relates to implementations of
reservoir computing therein, is an open question.
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This work is organised as follows. First, we present the spatio-temporal correlation
between properties of the NWN components and their information dynamics. Then we show
the time-series evolution of relevant network properties, including average TE and AIS. We
then present results showing how a network’s performance in learning and memory can be
interpreted in terms of the information dynamics measures. We also present results showing
the influence of network connectivity density on information processing performance.

3.2 Results

Here, we use simulations based on a physically-motivated model [30, 39, 40, 63] to identify
the junctions responsible for signal transmission and investigate the corresponding dynamical
network characteristics in terms of the information theoretic measures TE and AIS. The model
captures the structural features of nanowire network self assembly. Nanowire-nanowire inter-
sections are modelled as memristive electrical junctions, based on an experimental system
[30]. An externally applied voltage is redistributed across the networked junctions (in accor-
dance with Kirchoff’s circuit laws), causing some to switch from a low-conductance state
to a high-conductance state (see Methods for details). Time-series analysis and benchmark
learning and memory tasks are used to demonstrate how TE and AIS can provide new insight
into the dynamical information processing capacity of NWNs.

3.2.1 Junction centrality and information flow

Junction state and network current flow. In network analysis, centrality is a key metric
that can help identify the relative importance of nodes in relation to the underlying network
structure and connectivity [64, 65]. Despite the existence of numerous classes of central-
ity algorithms, betweenness centrality can be considered as one of the most well-known
measures as it quantifies how often a node (or edge) performs as a “bridge” on the shortest
paths between arbitrary nodes in the network [66, 67]. This study employs a variation of
betweenness centrality based on current-flow [68], relevant for nodes and edges within
electrical systems (see Methods for details). At a specific time t during network activation,
current-flow edge betweenness centrality cEB is calculated using Eq. 3.7.

Fig. 3.1(a) shows a snapshot of the network graph at t = 1.3s. The orange nodes indicate
the first current transport path, formed earlier at t = 1.218s and coinciding with network
activation. This WTA path is equivalent here to the shortest path length between the source
and drain nodes. The locations of high-conductance junctions beside the WTA pathway
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demonstrate the importance of centrality – junctions at more central locations typically switch
on earlier and thus regulate the subsequent dynamics of information spread by current. This
suggests that the interplay between network connectivity and junction dynamics results in
adaptive information flow.

Fig. 3.1 Simulation of a neuromorphic NWN with 100-nanowire nodes and 261-junction
edges. (a) Snapshot of network graph at t = 1.3s, showing the first current path (between
orange nodes, established earlier at t = 1.218s) and edge (junction) conductance (colourbar).
(b) Magnitude of voltage difference |∆V | and conductance G across network junctions as a
function of their current edge betweenness centrality cEB at t = 1.3s.

Fig. 3.1(b) plots the magnitude of voltage difference |∆V | across all network junctions as
a function of cEB at t = 1.3s, with colour indicating each junction’s conductance state. Three
regimes can be clearly identified: (i) an extensive linear regime spanning approximately
4 orders of magnitude in both |∆V | and cEB characterised by low conductance (<∼10−6 S)
states; (ii) a shorter transition regime with intermediate conductance values (10−4 −10−5 S),
corresponding to junctions in the tunneling transport regime; and (iii) a short linear regime
characterised by high conductance (>∼10−5 S) states, corresponding to junctions that have
switched on and carry Ohmic current. Junctions in the high conductance regime therefore
form the WTA path, pushing the collective conductance of the network to a higher level.
Furthermore, junctions in the transition regime will form subsequent current paths. Within
the low conductance regime, junctions with higher cEB enter the tunneling regime earlier and
thus switch on earlier. For instance, at t = 0s, all junctions reside in the low conductance
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regime. The centrality cEB at t = 0s reflects the order of junctions to be turned on through
the activation process. These results show that junctions in the highest conductance state are
generally also those with the highest centrality.

Transfer entropy – information flow. The adaptive dynamics of NWNs makes them
ideally suited to temporal information processing tasks[27, 30]. In general, the performance
of a given network structure depends on the specific task [38–41, 69, 70]. However, informa-
tion theory provides an effective approach to assessing and characterising intrinsic network
performance in a task-independent manner [71, 72]. Information theoretic measures enable
the quantification of the information transfer between nodes and associated information
storage [43–45, 47, 73]. Transfer entropy (TE), in particular, is a key information theoretic
measure of predictive information provided by a source node to a destination node [43, 44].
Estimation of TE enables identification of information propagation and thereby active areas
of a given network structure. In this study, TE is based on edge connectivity – for each
edge (junction) in the network, TE is estimated in both directions and the sum measures
net activity on the edge. For the following results, 50 network simulations were performed
with different source-drain locations (keeping the graphical distance between these nodes
constant).

Fig. 3.2 shows junction TE as a function of cEB at t = 0.5s, t = t∗= 1.22s, and t = 2.5s,
where t∗ represents the network activation time. Each TE–cEB data point on the scatter plot
represents one junction in 50 network simulations. Since TE estimation at a specific time
point includes bias due to the estimator (see Methods), a window of 100 time steps (0.1s)
is employed to mitigate uncertainty. Fig. 3.2(a) shows TE vs cEB at t = 0.5s. At this time,
networks are in a pre-activation stage. Most junctions remain in a low conducatance state.
TE for most junctions is negligible. Only junctions with the highest cEB values exhibit small
TE fluctuations.

Fig. 3.2(b) shows TE vs cEB at t = t∗. At this time, the most central junctions (cEB
>∼10−2)

switch on (red), while less central junctions (blue) exhibit higher TE and thus stronger
information dynamics. A notable number of junctions are in the transition regime, between
off and on (10−4 <∼cEB

<∼10−2). The moving window average suggests that junctions entering
this regime (cEB ∼ 10−4) have the highest TE values and are thus poised to transmit substantial
information.

Fig. 3.2(c) shows TE vs cEB at t = 2.5s, at which point networks have activated. Here,
fewer junctions are in the transition regime compared to t = t∗, as most are already switched
on. Again, more central junctions exhibit stronger information dynamics, and junctions
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Fig. 3.2 Junction TE as a function of edge betweeness centrality cEB calculated for 50
simulations of a 100-node network with varying source-drain locations (fixed distance) at
three different time points: (a) t = 0.5s; (b) t = t∗, where t∗ = 1.22s is network activation
time; and (c) t = 2.5s. Each data point represents one junction at the specified time. The
colourbar represents the corresponding junction conductance. The yellow curve is a moving
window average (size 0.1 s) of the scatter points calculated by sorting the scatter points based
on their cEB values and averaging cEB, TE values within each window.

entering the transition regime have the highest TE. However, TE at this network state is
generally lower compared to at t = t∗. Information dynamics thus tends to be weaker after
activation, as fewer junctions are in the process of switching.

These results demonstrate that the structure and connectivity of the network plays an
important role in the information dynamics of neuromorphic NWNs. Junctions at more
central positions tend to exhibit stronger TE. Similar results can be observed for AIS as well
(see supplementary Fig. 1). Collectively, information transfer and storage achieves a higher
level when the network begins to activate. Locally, at the junction level, network activation
coincides with junctions switching to a high conductance state.

3.2.2 Network dynamics of information transfer and storage

Network time series Fig. 3.3 shows the time-series of key network properties in response
to a Mackey-Glass input signal (with τ = 50): (a) conductance G; (b) its derivative δG/δ t;
(c) TE, calculated for both Gaussian and Kraskov estimators, and averaged over all junctions;
(d) AIS (Kraskov); and (e) conductance-weighted modularity Q, which is a metric that
captures and characterises the community structure of networks (see Methods) [74–76]. The
time series is split into three regimes: pre-activation, activation and post-activation, shaded
red, green and beige, respectively.

In the pre-activation regime, all junctions are off, with very low G. Junction conductance
states start to evolve based on their voltage. G increases initially in junctions with higher
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Fig. 3.3 Network time series. (a) Network conductance G. (b) Time derivative of G. (c)
Transfer entropy TE, calculated with the Gaussian and Kraskov estimators and averaged
over all junctions. (d) Active information storage AIS. (e) Network modularity Q. Red,
green and beige shaded regions indicate pre-activation, activation and post-activation periods,
respectively, for a Mackey-Glass input signal. The dashed vertical green line indicates the
activation time, t∗ = 1.22s, coinciding with formation of the first current path.
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voltages. TE increases when the signal is first applied to the network, but in general remains
relatively low in this regime. AIS remains relatively low in this regime since there is little
memory of past states. Here only AIS calculated based on the Kraskov estimator is presented,
since little linear information storage was captured here by the Gaussian estimator. Q remains
constant since all junctions remain in a low-G state. The activation regime is characterised
by a steep increase in G, sharp spikes in δG/δ t, a peak in TE and AIS, and a drop in Q.
During activation, several neigbouring central junctions switch on and G jumps, resulting
in time derivative spikes. The first spike in δG/δ t coincides with the formation of the
first WTA current path at t = t∗ = 1.22s (green dashed line). This also coincides with
a sharp dip in Q, which indicates that the network suddenly becomes highly integrated.
TE also exhibits dramatic changes near t∗, particularly for the Gaussian estimator. The
Kraskov-estimated TE shows the largest increase just before t∗, which may suggest potential
predictive capacity. Indeed, the TE results from this non-linear estimator were an order of
magnitude larger than those of the Gaussian estimator near the activation time, suggesting
strong non-linear interactions in that regime. In the post-activation regime, many junctions
are in high-conductance states and consequently, G is in a high stable state. TE returns to
a low, approximately constant level, indicating little information flow. In contrast, the AIS
increases to a higher level at activation and remains there post-activation; in conjunction with
the lower information flow this indicates more rich, self-predictable dynamics of the nodes in
comparison to pre-activation. Q remains stable in this regime and at a lower level than during
pre-activation, indicating the network has evolved to a more integrated state post-activation.

Snapshots of the network at different stages of activation are shown in Fig. 6.4 (a). Here,
nodes and edges are coloured by their respective TE (Kraskov) averaged via a moving time
window (0.1s). Several time points are chosen from the three regimes referred to in Fig. 3.3.
At t = 0.5s, the whole network is in the pre-activation regime, during which information
dynamics are barely discernable. At t = 1.1s, when the network is approaching activation,
the majority of nodes/edges are involved in the information dynamics. The most active nodes
and edges are observable around the center of the network (i.e. high cEB), between source
and drain. At t = t∗ = 1.22s, the WTA path emerges from the area that was previously most
active (at t = 1.1s), while areas adjacent to the WTA path also exhibit strong dynamics.
These areas form additional current pathways at later times, as evident at t = 2.0s. At this
point, the network’s activation winds down and its dynamics start to fade. At t = 2.5s, the
network is in the post-activation regime, where – despite the conductance being maximal
– the information dynamics decrease to a lower (but still observable) level. These network
snapshots also highlight the predictive capacity of TE activity. Network nodes/edges with
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the strongest TE dynamics (e.g. at t = 1.1s) are subsequently involved in the first current
path formation and ongoing network activity.

Fig. 3.4 Network information flow dynamics. Top panel – Snapshots of the network taken
at time points before activation (t = 0.5s), at the onset of activation (t = 1.1s), when the
first current path forms (t = 1.22s), and after network activation (t = 2.0,2.5s). Nodes are
coloured with time-averaged TE flow (inTE + outTE) within the last 0.2 second window
using the Kraskov estimator. Junctions are coloured by the sum of corresponding TE in
both directions. Bottom panel – heatmap of junction TE as a function of time, with junction
number ordered by switch on time.

Fig. 6.4 (b) shows a heat map of each junction’s TE during activation. Here the x-
axis represents junction indices ordered by the time they switch on (i.e. lower means
earlier). The black curve denotes their corresponding switch on time. Hot zones (dark red)
in the heat map demonstrate strong transfer events occur just before junctions switch on,
particularly for those that switch on earlier and are involved in network activation. Based on
the results from Fig. 3.2 (b), the more central a junction is, the earlier it switches on and the
stronger information dynamics it exhibits. Weaker TE events that are still evident at later
times correspond to junctions whose conductance continues to evolve, but does not reach a
sufficiently high state for the junction to switch on. Some TE events evident on the right half
of the panel are not coupled with junction switching behaviours. These dynamics are induced
by the collective conductance change of the network due to the WTA path formation.
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3.2.3 Memory capacity and learning

The previous results shown in Fig. 6.4 reveal how information is dynamically transmitted
through a neuromorphic NWN. Here, we investigate information storage and transfer dynam-
ics involved in two different reservoir computing benchmark tasks: memory capacity (MC)
[77] and non-linear transformation (NLT) [38].

Network pre-initialisation As shown in Fig. 3.3 and Fig. 6.4, the continuously evolving
internal states of a NWN give rise to network dynamics with distinctive features around
activation. Thus, we pre-initialised networks with different initial states (i.e. pre-activation,
activation and post-activation states) to investigate the influence of initial network state on
information storage and transfer, as measured by AIS and TE, respectively. Networks were
pre-initialised using the same Mackey-Glass signal as for Fig. 3.3. Network states, defined
as the instantaneous junction conductance state distribution, were recorded every 50 time
steps (0.05s) and used as the initial states for the MC and NLT tasks. The time at which the
network state was sampled is defined as its pre-initialisation time. A pre-initialisation time of
zero corresponds to all junctions set to the same low-conductance initial state, as used in the
results presented thus far.

Fig. 3.5 (a) shows MC as a function of network pre-initialisation time. The corresponding
AIS, averaged over its time-series, is shown in Fig. 3.5 (b). Both MC and AIS peak when
the network is pre-initialised to the state at its activation time (green dashed line). Similarly,
Fig. 3.5 (c) shows NLT performance is optimal for pre-initialisation states approaching and
at network activation. The corresponding TE, averaged over its time-series, as shown in
Fig. 3.5 (d), also peaks when the network is pre-initialised to states approaching activation.
These results reveal that network states at or approaching activation are optimal for these
information processing tasks.

Information storage and transfer in the networks exhibits similar optimal behaviour when
the initial state approaches the critical-like network activation point. However, each task
benefits from different network dynamical features. The MC task exploits the short-term
memory of memristive elements in the network, as well as its recurrent structure. Information
storage captures self-predictability at each node, incorporating strength of recurrence on
nodes (i.e. relevant past information), and thus reflects the memory capacity of the network.
The NLT learning task, on the other hand, involves the transfer and modification of a
continuous signal and thus, the node-to-node predictive information contributing to the
computation is best captured by TE. Furthermore, the energy-based metric “deviation from
linearity” [78] (see supplementary Fig. 2), which provides a measure of a network’s capability
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Fig. 3.5 Information processing tasks and corresponding information dynamics measures for
networks pre-initialised with different initial states (shaded regions represent standard error):
(a) memory capacity (MC) task performance; (b) average active information storage (AIS)
for MC; (c) non-linear transformation (NLT) accuracy; (d) average transfer entropy (TE)
of NLT. Plots in (a) & (b) are averaged over multiple iterations of MC due to the inherent
randomness of the task. Standard error is too small to be noticed. Plots in (c) & (d) are
averaged over different amplitudes of the NLT task ranging between 0.6−1V .

of nonlinearly transforming the input into different frequency components, is maximised
when the network’s initial state approaches activation, which is optimal for both tasks.

Information processing capacity As shown in the previous section, pre-initialisation
enables optimal memory and learning performance. Here we investigate this further by
considering networks of varying information processing capacity, as represented by average
degree ⟨k⟩ (i.e. average number of connections per node). We generated 16 100-node
NWNs with varying number of junctions (ranging from 261 to 4684), to determine whether
increasing connectivity and therefore, information processing resources, increases network
performance. We used the same MC task as in fig. 3.5 to assess relative performance for
different ⟨k⟩.

Fig. 3.6(a) shows MC with respect to pre-initialisation time for networks with relatively
low ⟨k⟩ (5–15). Similar to the results in fig. 3.5, MC is optimised when the networks are
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Fig. 3.6 Memory capacity (MC) for networks with varying information processing resources.
(a) Average MC as a function of pre-initialisation time for 100-node networks with sparse
connectivity (5.22 ≤ ⟨k⟩ ≤ 14.78). (b) Maximum MC achieved for 100-node networks as
a function of ⟨k⟩. (c) Average MC vs. pre-initialisation time for networks with different
number of nodes (50−300) and similar ⟨k⟩.

pre-initialised to their respective critical-like activation state. Additionally, networks with
higher ⟨k⟩ tend to show better performance in the MC task when in this state.

Fig. 3.6(b) shows the best MC performance of each of the 16 networks (pre-initialised to
its optimal state) as a function of ⟨k⟩. Networks with ⟨k⟩< 20, show increasing performance
as density increases, due to more possible current pathways being formed during network
activation. For networks with 20 < ⟨k⟩ < 70, performance plateaus, while for ⟨k⟩ > 70,
performance decreases significantly. These results indicate that there exist an optimal
connectivity density for NWNs to perform information processing tasks. A small drop in
MC can be observed for a specific network realisation with ⟨k⟩ ∼ 20, suggesting that other
topological properties could affect the network’s memory as well. The optimal computational
density regime coincides with the maximum deviation from linearity (see supplementary Fig.
2) – networks with better performance exhibit stronger deviation from linearity.

Fig. 3.6(c) plots MC for networks of different sizes (number of nanowire nodes) but simi-
lar ⟨k⟩(≈ 20), as a function of pre-initialisation time. A trend similar to Fig. 3.6(a) is evident
– the best performance can be achieved with appropriate pre-initialisation. Furthermore, the
plot demonstrates that larger networks tend to exhibit better performance as they are able to
incorporate more information processing resources.

These results demonstrate that the optimisation of NWN memory and learning perfor-
mance around critical-like points holds for different network realisations. For networks with
the same number of nanowire nodes, there exists an optimal regime of ⟨k⟩ for the NWNs to
exhibit the best performance. On the other hand, larger networks (more nanowires) generally
makes the performance even better.
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3.3 Discussion

This study is the first to investigate the spatio-temporal dynamics of information transfer and
storage in neuromorphic nanowire networks. We found that topological network dynamics,
as measured by edge betweeness centrality cEB, influences information transfer, with more
central junctions exhibiting stronger TE. We also found TE is maximised when individual
junctions approach their respective transient dynamics regime (corresponding to a tunneling
electron transport regime). These results corroborate those of Joyce et al.’s study, which
showed that high centrality components in brain networks tend to be more influential in
network dynamics [79]. However, the centrality metric used in that study was based on static
structural properties and the effect on information dynamics was not investigated. TE in
contrast has been widely used in neuroscience to study the dynamic activity in a network
in terms of measuring information flow between nodes. This has included, for example,
inferring functional/effective connectivity from analysing EEG/MEG data [44] and spiking
cortical networks [51], as well as finding that TE is correlated to connectivity strength [80].

Our time-series analysis (fig. 3.3) revealed that during network activation, TE and AIS
are maximised when the first (WTA) current path is about to form. Together with our
previous results showing that neuromorphic nanowire networks exhibit ordered and chaotic
dynamical regimes, as well as a regime near activation resembling a “critical-like” state
at the edge-of-chaos under self-regulated dynamics [41], these results corroborate several
other analyses of information dynamics in systems undergoing order-chaos phase transitions
through critical-like points such as random Boolean networks [53, 54], the Ising model [55–
57], echo state networks [58] and other systems [59–61]. Some of these studies suggested
maximisation of both information storage and transfer at the edge of chaos (e.g. in echo
state networks [58]), whilst others found AIS peaks under ordered dynamics and TE peaks
under chaotic dynamics with a balance between these operations at the edge of chaos (e.g.
in random Boolean networks [53, 54]). Our results align with the former group, with
both TE and AIS peaking at the critical-like activation point. These differences may be
attributed to the different types of networks and activation methods used in the different
studies. Nevertheless, in both groups the edge of chaos represents a regime where both
operations of information storage and transfer are strong, and the similarity of information
dynamics behaviour is intriguing, especially considering the suggestion that information
processing may be optimised around the edge-of-chaos [34]. Additionally in our study, a
local measure of TE on junctions exhibited a pre-emptive signature with respect to their
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individual switching behaviour, echoing early information transfer observed prior to the
critical point in the Ising model [55–57] and in Kuramoto oscillator synchronisation [81].

Neuroscience studies on network modularity typically investigate the relationship between
a static modular structure (unweighted) and functionality [82, 83]. Bassett et al., however,
found that brain networks exhibit dynamic reconfiguration during learning and the modular
community structure of the network changes with time [84]. In our study, we calculate
modularity based on the evolving junction conductance. The corresponding time-series,
fig. 3.3 (e), indicates that modularity first increases when conductance increases across
several junctions. The network then becomes most integrated (modularity minimised) at the
critical-like point. This can be attributed to inter-module connections formed by stronger
junctions and some nodes involved in the WTA path divested to form fewer larger modules
(see supplementary Fig. 3). In a related study, Husken et al. investigated the evolution of
modularity in feed-forward neural networks in a task-dependent manner [85]. They found
modularity increases as the learning process continues before dropping to a steady-state.
A similar peak in modularity evolution with respect to training was also shown by Shine
et al. in deep neural networks performing the MNIST digit recognition task [86]. They
found that learning accuracy saturates at maximum modularity. Our results likely reflect
the small-world and recurrent structure of NWNs, which are fundamentally different from
feed-forward artificial neural networks.

Our study also revealed that learning performance (NLT) and memory capacity (MC) of
NWNs can be optimised by pre-initialising the network to its critical-like activation state,
where AIS and TE are both optimised (fig. 3.5). A similar approach was also employed by
Klos et al. to perform dynamical learning of different tasks. They found that appropriate
pre-initialisation enables the network to better adapt to a target [87]. Our results are also
consistent with those of Boedecker et al.’s investigation of optimal network performance
around the edge-of-chaos in RBNs [58] and Bertschinger et al.’s results using recurrent neural
networks [36]. Furthermore, Cramer et al.’s study on criticality in spiking neural networks
implemented on a memristor hardware system showed that tasks of different computational
complexity benefit by varying amounts from the network’s dynamical regimes [62]. In our
study, the MC task, which measures short-term memory, correlates with AIS dynamics, while
the NLT task correlates with TE dynamics. Another metric called ’deviation from linearity’
has been proposed to measure non-linearity within reservoir systems [78]. Butcher et al.
found that larger deviation from linearity correlates with better performance for a reservoir
with random static projections (R2SP) [88]. Similarly, we found that the best memory
and learning performance of pre-initialised NWNs correlates with the maximum deviation
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from linearity based on the network’s intrinsic dynamics. We also found that the learning
performance of pre-initialised NWNs correlates with "flexibility" (see supplementary Fig. 4),
measured by the frequency of changes in network modular structure, as proposed by Bassett
et al. [84].

The performance of conventional silicon based chips is mainly determined by the number
of transistors, which has doubled every two years in accordance with Moore’s law. In the
context of post-Moore’s law information processing with neuromorphic reservoir networks,
studies have shown that the performance can be strongly affected by the network size, struc-
ture and connectivity [89]. Our results (Fig. 3.6) show that, unlike traditional CMOS chips,
the performance of NWNs does not increase monotonically with respect to its connectivity,
i.e. computational density. Instead, there exists an optimal range of ⟨k⟩. In addition, larger
networks tend to exhibit significantly better performance when pre-initialised. These results
agree with Legenstein et al.’s results on the computational performance of neural circuit
models, which suggest that an optimal ⟨k⟩ may be beneficial for computing, especially at the
edge-of-chaos [37, 90]. Our finding of an optimal range of ⟨k⟩ for information processing
also corroborates similar findings by Snyder et al. in their studies on RBNs and random
automata networks [91, 92]. Furthermore, we found that networks within the optimal range
of ⟨k⟩ exhibit larger deviations from linearity (see supplementary Fig. 2).

All the simulations presented here, including network pre-initialisation, were performed
using one input node. However, more complex tasks would generally require input signals
to be delivered to multiple input nodes [40, 93], which in general would change the pre-
initialised network states. In a real experimental hardware device, it would be difficult
to control pre-initialisation to an optimal state. However, other studies suggest that some
pre-initialisation, even if not to optimal states, could still be beneficial to learning tasks,
enabling strategies such as transfer learning [41].

In conclusion, we investigated the spatio-temporal dynamics of information transfer and
storage in neuromorphic nanowire networks subject to a complex time-varying electrical
signal. Our results demonstrate that information dynamics metrics provide a valuable tool
for analysing the information processing capability of neuromorphic systems. We found
information dynamics to be maximised around the critical-like activation point in nanowire
networks, which agrees with previous studies on other similar computing systems based on
recurrent neuromorphic networks. Futhermore, based on the information dynamics, we found
that pre-initialisation enables these networks to achieve optimal performance in memory
and learning tasks. We also found that there exists an optimal range of network density for
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computation. These results warrant further studies of information dynamics involved in more
computationally complex tasks that are non-static, such as action recognition.

3.4 Methods

3.4.1 Electrical network model

Fig. 3.7 (a) shows a visualisation of a simulated nanowire network containing 100 nanowires
and 261 junctions. Self-assembly is modelled by distributing nanowires on a 3×3 µm2 2D
plane, with their centers uniformly sampled from [0,3] and orientation uniformly sampled
from [0,π]. The lengths of the nanowires are sampled from a gamma distribution (mean =
100nm, standard deviation 10nm), based on experimental measurements [30]. Fig. 3.7 (b)
shows the graphical representation of the NWN in fig. 3.7 (a). Nanowires are represented as
nodes, while junctions are represented as edges between corresponding nodes.

Fig. 3.7 (a) Simulated NWN with 100 nanowires and 261 junctions. (b) Graphical repre-
sentation of the NWN in (a). Green denotes input nanowire contact electrode-node and red
represents drain node.

Unless otherwise specified, all simulation results are obtained using a NWN with 100
nanowires and 261 junctions. All variables, except the adjacency matrix A, are time-
dependent. Two nodes on the left and right end of the network (as shown in fig. 3.7)
are used as source and drain electrodes. A Mackey-Glass time-series signal with delay
parameter τ = 50 is used as the input voltage signal, delivered to the source electrode. Kirch-
hoff’s voltage and current conservation laws are solved at each time step using the nodal
analysis approach applied to the graphical representation of the network [94]. The junction
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conductance distribution evolves as voltage bias is continuously applied to the network.
The Laplacian matrix of the junction conductance is used to describe the network’s state.
Hence, at each time step, the junction voltage distribution V across the network is obtained
by solving [95]

L †V = I , (3.1)

where I is current and L † is the expanded graph Laplacian of the network, expressed in
block matrix representation as

L † =

[
L C

C 0

]
, (3.2)

where L is the graph Laplacian and where the elements of C are either 1 if the nanowire
node is connected to an external electrode or 0 otherwise. The Laplacian is

L = D−W , (3.3)

where W is the weighted adjacency matrix of the network, with the weights representing
junction conductance distribution:

Wi j = Ai jG(i, j) , (3.4)

where G(i, j) is conductance on the edge connecting nodes i and j and D is the weighted
degree matrix generated from W :

D = diag(di) , di =
N

∑
k=1

Wik . (3.5)

3.4.2 Junction Model

Nanowire-nanowire cross-points are modelled as ideal, electrically insulating, ionically con-
ducting junctions, with voltage-threshold memristive switching[30, 38, 39, 96], modulated
by electron tunnelling transport [97]. The model does not take into account noise fluctuations,
which can contribute additional nonlinearities that can generate even richer dynamics [97].
Junction conductance, G = G(λ ), depends on a state variable λ (t) that parametrises the
conducting filament responsible for memristive switching. All junctions are initially in a high
resistance “off” state. For each junction in the network, resistance switches to “on” state when
λ ≥ λcrit, where λcrit is a set threshold. The ratio of these resistance states is Roff/Ron = 103,
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with Ron = G−1
0 , and G0 = (13kΩ)−1 is the conductance quanta. The evolution of λ (t) is

described by a polarity-dependent voltage-threshold model [39, 63, 96, 97]:

dλ

dt
=


(|V (t)|−Vset)sign[V (t)], |V (t)|>Vset

0, Vreset < |V (t)|<Vset

b(|V (t)|−Vreset)sign[λ (t)], |V (t)|<Vreset

(3.6)

where Vset is the on-threshold and Vreset is the off-threshold, and b is a positive constant
defining the relative rates of decay of the filament. The following default parameter values
are used for all the simulation results presented in this study: Vset = 10−2V, Vreset = 10−3V
and b = 10. Experimental validation of this model is presented elsewhere [30, 63, 97].

3.4.3 Centrality

Centrality identifies the most important components in a network, with various definitions
used in the literature [74]. In this study, a variation of betweenness centrality is used, based
on current flow in circuits proposed by Brandes and Fleischer [68]. The current betweenness
centrality of an edge in the network is defined as

cEB(e) =
∑

i̸= j∈N
τi j(e)

(N −1)(N −2)
, (3.7)

where τi j(e) is the current flow through edge e between nodes i and i and N is the number of
nodes in the network.

3.4.4 Modularity

Modularity is a metric that characterises the community structure of networks [74–76]. In this
study, communities are determined by the Louvain method [98]. The resolution parameter of
the detection method is chosen according to a mutual information based method proposed by
Ronhovde et al [99]. To capture the influence of network dynamics, we define a modularity
weighted by junction conductance:

Qw =
1
g ∑

i, j

[
G(i, j)−

did j

g

]
δmim j , g = ∑

i, j∈N
G(i, j) (3.8)

where mi is the community that node i belongs to, and δ is the Kronecker delta function.
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3.4.5 Information Dynamics

Transfer entropy measures how much information the past of time-series process Y con-
tributes to predicting the next value of time-series process X, in the context of the past of
X. Specifically, transfer entropy is conditional mutual information between these variables,
written as [42, 48]:

TY→X(k, l) = I(Y(l)
n ;Xn+1|X

(k)
n ),

=

〈
log

p(xn+1|x
(k)
n ,y(l)n )

p(xn+1|x
(k)
n )

〉
, (3.9)

where n is a time index for the variables, Y(l)
n is the variable representing the past l values of

the source up to and including time n, Xn+1 the next value of the target at time n+1, and X(k)
n

the past k values of the target. The lower case identifiers (xn+1,x
(k)
n ,y(l)n ), indicate a specific

realisation of the variables.
Active information storage AX measures how much information the past of process X

contributes to predicting the next value of that process [45, 47]. This is a mutual information
between X(k)

n and Xn+1:

AX(k) = I(X(k)
n ;Xn+1). (3.10)

In the context of this study, information transfer can be calculated between any two nodes,
as the voltage distribution across all the network nodes, and hence junction conductance,
changes dynamically in response to the input signal. Transfer entropy (TE) from node i to
node j is calculated based on their respective voltage time-series Vi and V j:

TEi, j = TVi→V j . (3.11)

TE activity on the edge connecting nodes i and j is represented heuristically as a sum of the
TEs on both directions of the edge:

TEe = TEi, j +TE j,i (3.12)

In NWNs, memory is incorporated by the conductance evolution of memristive junctions,
whose instantaneous state depends on past history of states. Therefore, active information
storage (AIS) is calculated based on the conductance time-series G on junctions, which can
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be written as:

AISe = AG. (3.13)

TE and AIS are calculated using the JIDT open-source software [46]. Two estimators
are employed to capture different aspects of information dynamics. The linear-Gaussian
estimator models the variables as having Gaussian distributions with linear interactions; it is
fast, and very efficient when the model assumption is correct, but only captures the linear
component of an interaction. In contrast, the Kraskov or KSG estimator [100–102] uses a
nearest-neighbour technique to estimate the relationships in a model-free manner; this can
detect arbitrary non-linear relationships, though typically requires more data to do so.

3.4.6 Memory and learning tasks

To investigate the information processing performance of NWNs, two reservoir computing
benchmark tasks were implemented on the network: memory capacity and non-linear trans-
formation. For both tasks, the input voltage signal was delivered to one source node and
voltage was read out from multiple nodes, replicating experimental implementation [38].

Pre-initialisation

Networks are pre-initialised to different initial states to investigate the effect on task perfor-
mance. The different initial states are defined as the unique junction conductance distributions
captured every 0.05 s, in response to the input Mackey-Glass time-series signal. Then using
each stored state as a unique initial state, memory capacity and non-linear transformation
tasks are performed and corresponding AIS and TE calculated. Junction conductance levels
are reset to zero homogeneously across the network prior to pre-initialisation. However, in
physical NWNs it may take on the order of 24 hours for junction conductance levels to reset
[30].

Memory Capacity

Memory capacity (MC) is a measure of a reservoir’s ability to recall information from its
fading memory property [77]. A time series input voltage signal is generated from a uniform
random distribution in the interval [−2,2]. A linear combination of the network’s state (node
voltage) at t is applied to reconstruct the previous input at t −k. Using k = 1...kmax to include
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different delayed intervals, MC is defined as

MC =
kmax

∑
k=1

MCk , with MCk =
cov2(ut−k,Vt)

σ2(ut−k)σ2(Vt)
. (3.14)

where MCk represents the network’s memory of the input from k steps before, kmax = N, in
which N is the number of nodes in the network, u is the input time-series signal and V is the
voltage time-series readout from the network.

Non-linear transformation

Non-linear waveform transformation tests a reservoir’s learning ability [38]. An input
sinusoidal wave is nonlinearly transformed by the network into either a square or sawtooth
waveform. Similar to the MC test, linear combinations of the network’s states are used to fit
the target signal:

Y = ω ·V, (3.15)

where ω is the fitted weight trained by linear regression and V is the voltage readout from
the network. The accuracy is calculated as 1−RNMSE, where

RNMSE =

√
∑(Y−T)2

∑T2 . (3.16)

is the root-normalised mean square error, and where Y is the trained result while T represents
the target time-series signal.
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Harnessing adaptive dynamics in
neuro-memristive nanowire networks for
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Abstract

Nanowire networks (NWNs) represent a unique hardware platform for neuromorphic infor-
mation processing. In addition to exhibiting synapse-like resistive switching memory at their
cross-point junctions, their self-assembly confers a neural network-like topology to their
electrical circuitry, something that is impossible to achieve through conventional top-down
fabrication approaches. In addition to their low power requirements, cost effectiveness and
efficient interconnects, neuromorphic NWNs are also fault-tolerant and self-healing. These
highly attractive properties can be largely attributed to their complex network connectivity,
which enables a rich repertoire of adaptive nonlinear dynamics, including edge-of-chaos
criticality. Here, we show how the adaptive dynamics intrinsic to neuromorphic NWNs can be
harnessed to achieve transfer learning. We demonstrate this through simulations of a reservoir
computing implementation in which NWNs perform the well-known benchmarking task of
Mackey-Glass (MG) signal forecasting. First we show how NWNs can predict MG signals
with arbitrary degrees of unpredictability (i.e. chaos). We then show that NWNs pre-exposed
to a MG signal perform better in forecasting than NWNs without prior experience of an
MG signal. This type of transfer learning is enabled by the network’s collective memory of
previous states. Overall, their adaptive signal processing capabilities make neuromorphic
NWNs promising candidates for emerging real-time applications in IoT devices in particular,
at the far edge.
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4.1 Introduction

The field of neuromorphic engineering is widely recognised as the realisation of Carver
Mead’s original vision for a new type of electronic hardware engineered to mimic information
processing in biological nervous systems [1, 2]. Today, the lowest common denominator of
virtually all neuromorphic hardware systems is the co-location of memory and processing
units (i.e. non-von Neumann architecture). This minimal neuromorphic feature alone has
dramatically improved power efficiency in training various artificial neural network (ANN)
models [3].

A higher level neuromorphic attribute is the ability to learn and while ANN models
demonstrate learning in software, learning in hardware is desirable for next-generation stand-
alone cognitive devices, especially at the IoT edge [4]. In hardware, spike-based learning
has been successfully implemented in conventional silicon CMOS technology (e.g. [5–8]).
Beyond silicon, nanoelectronic materials with intrinsic neuromorphic properties, including
memory and the ability to emulate synaptic connections [3, 9], have attracted enormous
attention for on-chip learning [10]. In particular, resistive switching memory (memristive)
devices [11–14] are leading candidates for efficient neuromorphic computing architectures,
with demonstrated neuromorphic learning functionalities such as short-term and long-term
potentiation (STP/LTP) and spike-timing dependent plasticity (STDP) [15–18].

At the device level, neuromorphic functionalities can be broadly attributed to modification
of electronic transport mechanisms by nanoscale geometric confinement, usually across a
metal-insulator-metal (MIM) junction [19]. Importantly, synapse-like memristive switching
is observed not just in memristors fabricated from conventional bulk materials (e.g. metal
oxides), but also in neuromorphic systems self-assembled from nanomaterials using bottom-
up techniques [10]. Here, we focus on self-assembled metallic nanowires because not only
do they form memristive switching MIM junctions, but they also form a complex neural-like
network topology, with all-in-one connectivity properties such as small-worldness, modularity
and recurrent feedback loops [20–27]. The unique neuromorphic topology of self-assembled
nanowire networks (NWNs) is responsible for collective functionalities emerging from the
interplay between network connectivity and synaptic nonlinear dynamics [25, 28–32].

Learning in NWN hardware does not require implementation of an ANN model, as has
been demonstrated with associative memory tasks [33, 34] and with temporal information
processing tasks using a reservoir computing approach, where the network self-regulates
in response to continuous-time input signals and only the readout is trained [29, 35, 36].
Varying spatio-temporal input signals (i.e. delivered via different contact electrodes and
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with time-varying amplitudes) results in the formation of new electrical pathways, analogous
to synaptogenetic learning [37, 38]. Here, we show that NWNs with prior experience of
a complex, nonlinear time-series signal can perform better in forecasting the signal than a
NWN without prior exposure, thus demonstrating capacity for transfer learning, an important
attribute for general intelligence (see [39] for a recent comprehensive review).

4.2 Methods

4.2.1 Modelling network connectivity and memristive junctions

We performed simulations using a physically motivated model based on polymer-coated Ag
nanowires that self–assemble into a complex network [25, 31]. Self–assembly was modelled
by distributing individual nanowires on a 2D plane, with uniformly random positions and
orientations, and with lengths uniformly sampled from a gamma distribution (mean 100 µm,
stdev 10 µm). The variance in nanowire length is based on experimental observations
[20, 21, 25, 33] and increases the probability of forming cross-point junctions between
overlapping nanowires. This mimics biological neural networks, in which individual neurons
can each make several thousand synaptic connections to neighbouring neurons. In our model
of self-assembled nanowire networks (NWNs), a range of nanowire connectivities are possible
for a fixed number of nanowires. Importantly, the resulting network structure is more complex
than a purely random topology or fully connected network (Fig. 4.1), with sparseness and
recurrence characteristics that are responsible for efficient signal transduction and emergent
cognitive function in biological neural networks [27, 40, 41]. It is also noteworthy that the
complex network topology of self-assembled networks differs from the bipartite structure
used in ANN models.

Nanowire-nanowire cross-points were modelled as voltage-controlled memristive junc-
tions described by a state-dependent Ohm’s law, I = G(λ )V , where the conductance G(λ )

is a function of the state variable λ (t) that depends on the past history of voltage input.
Physically, λ (t) parameterises the evolution of a conductive filament that forms across the
MIM junction above a threshold bias. For polymer-coated Ag nanowires, the polymer is
electrically insulating, but ionically conducting, so Ag+ cations can migrate across the biased
junction [42]. The conducting atomic filament that forms in this way switches the junction
from a high-resistance “off” state, to a low-resistance “on” state, when λ ≥ λcrit, where λcrit

is a threshold. As the polymer thickness (≈ 2− 3nm) is comparable to the Fermi length
of Ag (≈ 0.5nm), resistive switching is modelled as a change in the junction conductance
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Fig. 4.1 Graph representations of 300-node networks: left – self–assembled nanowire network
(2434 edge junctions, average degree 16, small-world propensity 0.67); right – random
network (2400 junctions, average degree 16, small-world propensity 0.29). Nodes in red,
edges in black.

state G(λ ) by an amount equal to the conductance quanta G0 = (13kΩ)−1, consistent with
measurements of individual nanowire junctions [43]. The corresponding resistance states
are Ron = G−1

0 and Roff = ζ Ron, with ζ = 104 used in the simulation results presented here.
Additionally, the Simmons formula is used to model the low voltage tunneling regime in G(λ )

when the conductive filament is close to the opposite nanowire [44]. Network conductance is
calculated using a modified nodal analysis [45] to solve Kirchoff’s circuit law equations at
each time point.

4.2.2 Mackey–Glass time series prediction

Reservoir computing was implemented on a network with N = 100 nanowire nodes and 577
memristive junctions. The Mackey–Glass (MG) signal was delivered to one source node as
input voltage bias relative to a drain node. MG signals with varying time delays τ ≥ 17 were
predicted, with τ = 17 corresponding to the onset of chaotic dynamics.

The network state as a function of time t is represented by instantaneous voltage on all
the N nodes. The MG signal at a future time ut+δ t was predicted using a subset of n = 10
node states weighted by a vector w:

ut+δ t = w ·η t , (4.1)

where η t is an 11-element vector that includes a 1 V linear shift element and where w was
determined by least squares regression using all past states of the n nodes and the input
(teacher) signal in the time interval t ∈ [0,T ], i.e.

[uδ t ,uδ t+1, ...,uT ] = w · [η0,η1, ...ηT−δ t ]. (4.2)
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A history length of T > τ was used to train the n output weights and the prediction step was
set to δ t = τ . Accuracy of the prediction task was calculated as

Accuracy = 1−RNMSE (4.3)

where RNMSE is the root-normalised mean square error. Statistical uncertainties were
determined by randomly selecting the n= 10 readout nodes for 100 simulations and averaging
the accuracy.

4.2.3 Transfer learning

In conventional reservoir computing, the initial state of the network is homogeneous and
for the MG prediction task described above, we set η0 = 0. We modified the task by first
exposing the network to a source MG signal with delay parameter τ1 before training and
predicting a second target MG signal with delay parameter τ2. Delivering the source MG (τ1)
signal for 1.5 s effectively primed the network to an initial state η ′

0 ̸= 0 that has memory of
previous states associated with the source MG signal. This is analogous to transfer learning
methods applied to ANN models, where synaptic weights are trained on a source domain
and the knowledge gained is transferred to a different, but related, target domain [39]. Our
case is somewhat different as the network dynamically self-adjusts its own synaptic junction
states during the priming period (since in reservoir computing, only the output weights are
trained, not the network weights). We compared the accuracy in predicting the MG target
signal to that obtained for a network without prior exposure to the source MG signal during a
pre-training period.



4.3 Results 87

4.3 Results

4.3.1 Adaptive dynamics

Fig. 4.2 Top panel – Individual memristive junction conductances Gjn (in units of conductance
quanta G0) as a function of time t (in units of total simulation time T ) for a triangular voltage
signal (black) input to a 261-junction NWN. Bottom panel – snapshots of the network at
four sequential time points (t/T = 0.1,0.4,0.5,0.7) with colourbar indicating Gjn. Dark blue
junctions denote memristive switches in the off state.
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Figure 4.2 shows the NWN response to a triangular input signal. In the top panel, each
coloured curve represents the evolution in time of conductance Gjn across an individual
memristive junction. The network connectivity determines the spatial distribution of voltage
at each moment in time. This connectivity influences the voltage-controled memristive
dynamics of each junction, resulting in collective switching as Gjn continuously adapts. The
bottom panel shows this self-regulation of the synaptic junctions in snapshot visualisations
of the network at successive time points during evolution. Brightly coloured circles evident
in the frames at t = 0.4T and t = 0.5T represent memristive switches in their on state, with
current paths indicated (white). The intrinsic adaptive dynamics of NWNs can in principle
be harnessed for information processing. For the parameters used in Fig. 4.2 ( f = 0.75Hz.
A = 0.8V), the network exhibits “edge-of-chaos” dynamics (e.g. I −V trajectories begin to
diverge), which may be optimal for information processing [46].

4.3.2 Mackey–Glass time–series prediction

Fig. 4.3 plots the time series for training and predicting a MG signal with τ = 20. Network
output weights w are trained using the first 2400 time steps (i.e. T = 2.4s) after which the
signal is predicted 20 steps ahead using eq. (4.1) (i.e. with δ t = 0.02s in this case). The
target signal is overplotted for comparison. The resulting prediction accuracy is 75%. Fig. 4.4
plots the prediction accuracy as a function of τ ≥ 17. Accuracy decreases with τ because
errors amplify exponentially as the MG signal becomes more chaotic.
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Fig. 4.3 Time series of MG source signal during training (gray), followed by target (dashed
blue) and predicted (red) signals for τ = 20. The inset shows a zoom-in of part of the
prediction period.

Fig. 4.4 Average MG forecasting accuracy as a function of delay parameter τ . Shading
indicates standard error.

4.3.3 Transfer learning

Figure 4.5 plots MG prediction accuracy when the network is primed by a MG signal prior
to training. Accuracy is plotted for three different pre-training MG signals (τ1 = 20,40,150)
as a function of τ2 used for MG signal training. For comparison, prediction accuracy without
the pre-training (cf. Fig. 4.4) is also overplotted. Accuracy improves when the network is
first primed with a MG signal. This demonstrates the principle of transfer learning, where
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knowledge is extracted from a source domain and then leveraged for learning in a related
target domain.

Fig. 4.5 Average MG signal prediction accuracy as a function of signal delay parameter τ2
of the predicted signal and different τ1 signals used to prime the network before training.
Average accuracy without pre-training is shown for comparison (cf. Fig. 4.4). Shading
indicates standard error.

Learning performance is expected to improve especially when there is insufficient in-
formation in the target domain compared to the source domain. In this example, prediction
accuracy improves more when the network is primed by a source MG signal that is more
chaotic (i.e. more degrees of freedom) than the target MG signal (i.e. τ1 > τ2). This is
shown by the blue curve (for τ1 = 150) in Fig. 4.5 and by the accuracy difference heatmap in
Fig. 4.6.

Fig. 4.6 Heatmap showing change in average accuracy in predicting a MG signal with τ2
when the network is primed using a MG signal with τ1 relative to prediction without priming.

Importantly, the target MG signal is predicted without relying on any teacher signal
for recall. This suggests learning is achieved by harnessing the network’s collective mem-
ory of past dynamical states. Priming the network before training improves learning by
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strengthening the memristive connections in an adaptive way, enabling longer-term memory
consolidation.

Prediction accuracy also depends on the instantaneous network state selected for priming.
Regardless of the value of τ2 of the MG signal being predicted, we find accuracy is optimised
for a small range of primed network states. This optimal range of states occurs around
network activation, coinciding with the formation of a winner-takes-all (WTA) current path
(cf. Fig. 4.2, bottom panel). Such WTA gate modules in network circuits are purported to
have universal computational power for both digital and analog information processing [47].

4.4 Conclusions

We have demonstrated that the complex interplay between the neural network-like circuitry
of nanowire networks and their memristive junctions results in adaptive dynamics, where
the network self-regulates to find the optimal signal transduction routes. We showed how
the adaptive dynamics can be harnessed for signal processing using a reservoir computing
implementation. Prediction of the highly nonlinear Mackey–Glass signal was demonstrated
well into the strongly chaotic regime. This has not previously been demonstrated with other
memristive reservoir computing approaches. Moreover, we found performance accuracy of
this task is improved by transfer learning, where the network is primed by a Mackey–Glass
signal before training. Our results show that transfer learning improves performance the
most when pre-training with a source signal that is more complex than the target signal to be
predicted.
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MNIST classification using
Neuromorphic Nanowire Networks
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Abstract

Neuromorphic Nanowire Networks (NWNs) are a novel class of information processing
hardware devices, combining the advantage of memristive cross-point junctions and neural-
like complex network topology. In addition to their low operating power, NWNs are also
easy to fabricate with bottom-up self-assembly. Here, we implement the MNIST handwritten
digit classification task on simulated NWNs to demonstrate their ability to perform complex
learning tasks. Using a CNN-inspired kernel method and a reservoir computing framework,
our simulation results attain an accuracy of nearly 98%. Moreover, this is achieved using
only a fraction of the total MNIST training data and without requiring hardware accelerators.
We also investigate the information theoretic metrics of mutual information (MI), transfer
entropy (TE) and active information storage (AIS) to analyse the MNIST learning dynamics
of NWNs. We find that MI with respect to classes is maximised after network feature
extraction and that TE is largest when MNIST digit boundaries are processed, while AIS is
strongest when areas with lower pixel values are presented. Overall, these results suggest the
information processing capabilities of neuromorphic NWNs make them promising candidates
for complex learning applications.
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5.1 Introduction

This study concerns a specific class of memristive neuromorphic systems constructed using
bottom-up self-assembly: nanowire networks (NWNs) [1]. Neuromorphic NWNs are dis-
ordered systems comprised of passivated metallic nanowires that self-assemble to form a
complex network topology with memristive cross-point junctions [2, 3]. Previous studies
have demonstrated that NWNs exhibit complex, neural network-like structural properties
including small-worldness, modularity and recurrent feedback loops [4]. In response to
external stimuli, NWNs exhibit emergent collective dynamics [2, 3, 5–9], which have been
shown to be essential for information processing in these neuromorphic devices [3, 7, 10, 11].

Simulation studies of NWNs have demonstrated learning ability under a reservoir com-
puting framework, in which only the readout layer is trained and the network self-adjusts
its synapse-like memristive junctions. Moreover, the computing resources within NWNs
can be utilised most efficiently when the input is time-dependent [2, 5, 12–14]. The MNIST
handwritten digit classification task has become the “hello world” in the field of machine
learning [15]. Here, we convert the original MNIST dataset to temporal streams via a shifting
kernel and test the performance of NWNs on this task as a benchmark. Furthermore, we use
information-theoretic measures to investigate the dynamics within NWNs while learning
MNIST digits, to gain deeper insight into the information processing capability of these
neuromorphic systems.

5.2 Methods

We use a physically motivated model (detailed elsewhere [12, 16, 17]) to simulate the MNIST
classification task implemented on NWNs under a reservoir computing framework. The
MNIST dataset is pre-processed and delivered to NWNs temporally to utilise the signal
processing capacity of the recurrent memristive network [14]. The training set used in this
study is comprised of a randomly selected subset of the original MNIST training dataset. The
entire MNIST testing dataset is employed and shuffled to test the classification accuracy. A
kernel method inspired by convolutional neural networks [15, 18] is applied to convert the
original MNIST image pixel values to temporal input signals delivered to the network.

5.2.1 Kernel scanning

MNIST images are pre-processed with a shifting kernel of size κ ×κ and duration ∆t = 1s
to extract features. The traverse of the kernel starts from the top left corner of the image,
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moving horizontally with a stride of 1 pixel at each ∆t until its right boundary reaches the
last column of the image. The kernel then moves back to the left most column and shifts one
row down from the original position. Fig. 5.1 illustrates this method for a kernel with κ = 5.
Each MNIST image (comprised of 28×28 pixels) is scanned by the kernel (29−κ)2 times
in total, and the features re-arranged into a 2D shape as shown in fig. 5.1 (c). At each ∆t,
the kernel pixel values (fig. 5.1 (b)) are converted into normalised voltages and delivered to
dedicated input electrodes in the network (fig. 5.1 (d)).

Fig. 5.1 Schematic illustration of the kernel scanning method. Each MNIST image (a) is
scanned by a kernel (size 5× 5 shown here) (b) that shifts by 1 pixel, thus creating a 2D
feature representation (c). Kernel pixel intensities are converted to voltage signals which are
(d) input to the network temporally via dedicated electrodes (25 in this case) over a duration
of 1 s per kernel pixel.

The role of the network is to project features into a higher dimensional space such that
they become linearly separable. Currents on the κ2 input electrodes are read simultaneously
as the input voltages are delivered. Through the learning period of each MNIST image, every
electrode has (29−κ)2 readouts, with ∆t duration of each readout. The final readout is
recorded for each scan of period ∆t for each electrode, and re-arranged into κ2 2D matrices
of shape I(29−κ)×(29−κ), as shown in fig. 5.2 (a). The most salient features are then extracted
by taking the maximum of I in each row and column, as shown in fig. 5.2 (b):

Fi = max(I,axis = i), i = 1,2 (5.1)
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Fig. 5.2 Schematic illustration of feature extraction. (a) During the learning period of each
MNIST image, current on κ2 input electrodes is recorded and re-arranged into 2D matrices
I(29−κ)×(29−κ). (b) For each electrode, features are sampled as max values along each column
(F1) and each row (F2).

where F1 and F2 are both of length 29−κ for each electrode. As a result, 2× (29−κ) salient
features are obtained from each electrode, giving a total of 2κ2(29−κ) features per each
MNIST image. Linear discriminant analysis (LDA) is then employed to classify the digits
based on these features.

5.2.2 Information Dynamics

In addition to demonstrating the system’s learning capability via MNIST classification, its
performance can be related to an intrinsic information processing capability. We focus on the
information theoretic measures of mutual information (MI), transfer entropy (TE) and active
information storage (AIS), which provide insights into the intrinsic information transfer and
storage of complex networks [19–22], and a way to analyse the dynamics of a network (e.g.
recurrent neural network [23]) during learning.

MI estimates the relative information between system variables [24, 25]. In this work,
features at different stages are binarised and thresholded to maximise MI. MI is estimated
at different stages of the algorithm (i.e. MNIST pixel values, kernel scanned data, features
extracted from the network) to determine the influence of each step (details can be found
in previous work [25]). TE quantifies the amount of information provided by the past
activity of a source component in predicting the target component’s state, and captures
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directed information flow between these components [19, 22]. In the context of networks,
information transfer is calculated between connected nodes [21, 26]. Transfer entropy
from node i to node j is calculated as the mutual information from the past of voltage
time series i, Vi(n), to that of j, V j(n+ 1), conditioned on the past k values of j, Vk

j(n):
TEi, j = I

(
Vi(n);V j(n+1)|V j(n)

)
. For the edge e connecting nodes i and j, TE is calculated

in both directions: TEe = TEi, j +TE j,i. AIS quantifies the amount of information provided
by a component’s past activity about its own state update, capturing the active memory for
computing its next value [20]. In NWNs, memory is incorporated by the conductance on
junctions (edges). Active information storage is thereby calculated based on the conductance
time-series Ge(n) of junctions e [21, 26], as the mutual information from the past k values
of the conductance Ge

k(n) to the next value Ge(n+1): AISe = I
(

Ge
k(n);Ge(n+1)

)
. In

this study, TE and AIS are estimated (using the JIDT software [21]) for each ∆t period with
correspondence to the kernel scans described in fig. 5.1 and averaged across the network.

5.3 Results

5.3.1 MNIST classification

Figure. 5.3 (a) shows MNIST classification accuracy with respect to the number of samples
in the training group, using a kernel with κ = 5. Classification accuracy increases as more
training samples are used, until saturating at ≈ 96.2%. Fig. 5.3 (b) shows the accuracy as a
function of κ . Here, both training and testing groups are composed of 10,000 MNIST images.
This figure only includes results for 3 ≤ κ ≤ 13 due to the limitation of network size. When
κ = 1, the kernel delivers data to the network one pixel at a time from the original image,
without generating richer features from combinations of neighboring pixels, and there are
insufficient features (2κ2(29−κ) = 56) to perform classification with high accuracy. On the
other hand, when κ = 28, the kernel delivers the whole image into the system at once. While
this process results in many features, the entire image is delivered over ∆t, resulting in loss
of detail due to the short duration. This makes it impossible to identify the digit. Fig. 5.3
(b) demonstrates that the accuracy saturates to ≈ 97.8% as κ increases, with κ = 9 being
the optimal size of the kernel. At this size, enough features are extracted without losing too
many details over the learning period.

The MNIST classification task has been a common benchmark for all types of neural
networks and learning algorithms. CNNs have demonstrated an unparalleled accuracy of
over 99% while other ANNs are able to achieve an accuracy ranging between 95.3% to
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98.4% [15]. These methods require multiple fully connected layers and numerous learning
epochs and are thus computationally intensive. Here, a comparable accuracy is achieved
by employing a recurrent network with sparse connectivity under the reservoir computing
framework. More importantly, these simulation results suggest that NWNs can achieve high
classification accuracy using only ≈ 10% of the MNIST training dataset. Furthermore, as all
the learning can be accomplished in a single epoch using only CPUs, NWNs are also less
computationally intensive than ANNs.

Fig. 5.3 (a) Classification accuracy as a function of number of MNIST images used for
training for a kernel size κ = 5. (b) Classification accuracy as a function of kernel size.

5.3.2 Information dynamics

Table 5.1 lists the MI (natural logarithm) between each MNIST digit class (in 10,000 samples)
and the data at different stages. MI increases with each stage of the algorithm and exhibits
a marked increase when the most salient features are extracted from the network readouts
by Eq. 5.1, indicating significant learning progress. Applying the same feature selection
to the kernel scans (without network processing) results in substantially lower MI of 0.122
nats. Fig. 5.4 shows examples of the dynamical information theoretic measures within the
neuromorphic system when learning the digits “0” (Fig. 5.4 (a)-(c)) and “9” (Fig. 5.4 (d)-(f)).
Fig. 5.4 (a),(d) show the mean of input kernels across different instances of “0” and “9”.
These are obtained by selecting out each instance of each digit from the whole time series
and then averaging the pixel values within the kernel scans (cf. fig. 5.1 (b)), and then across
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instances. Intrinsic information dynamics is then estimated at each ∆t with correspondence
to kernel scans.

Table 5.1 Mutual Information (nats) with Class

Raw Scanned Selected Input Readout Features

0.0877 0.115 0.122 0.123 0.163

Fig. 5.4 (b),(e) show TE averaged across instances of “0” and “9” and re-arranged into
the same shape as fig. 5.4 (a). These results suggest that information transfer is strongest
when the kernel traverses across the horizontal edge of a digit (i.e. TE acts like an edge
detector). Input signals delivered from these areas tend to be substantially different from
their values in the previous kernel scan, and so drive more complex transient dynamics in
the system, hence inducing stronger information flow between the nodes in the network.
Similarly, fig. 5.4 (c),(f) show AIS when learning “0” and “9”. In contrast to TE, these results
indicate that the network exhibits stronger AIS when the kernel traverses areas with lower
pixel values. The network tends to remain in similar stationary states at these points, where
its memory of past states dominates the dynamics.

Fig. 5.4 Information dynamics of learning the digits “0” and “9”. (a) Average pixel values
within the kernel for digit “0”; (b) Corresponding average TE across the network; (c)
Corresponding average AIS across the network. (d)-(f) Same as (a)-(c) except for the digit
“9”. For each digit, all three figures are averaged across different learning periods.
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5.4 Conclusions

Neuromorphic nanowire networks represent a novel approach for neuro-inspired computing
and information processing. In this study, the CNN-inspired kernel method applied to
pre-process the MNIST dataset enabled NWNs to achieve an overall high performance
on this classification task when implemented in a reservoir computing framework. An
accuracy comparable to ANNs can be achieved using less training data and less computing
resources. Additionally, information theoretic analysis of NWNs during MNIST learning
demonstrated substantially increased mutual information between the extracted features
and the classes, compared to raw data and classes. Furthermore, information transfer is
maximised near the digit boundaries, while information storage is maximised in regions of
lower pixel values. These proof-of-principle simulation results demonstrate the potential of
nanowire networks for neuromorphic information processing and provide a useful scheme
for hardware implementation of the MNIST classification task as well as more complex
dynamical classification tasks such as human action recognition.



106 References

References

[1] Kuncic, Z. & Nakayama, T. Neuromorphic nanowire networks: Principles, progress
and future prospects for neuro-inspired information processing. Advances in Physics:

X 6 (1), 1894234 (2021). doi:10.1080/23746149.2021.1894234 .

[2] Stieg, A. Z. et al. Emergent Criticality in Complex Turing B-Type Atomic Switch
Networks. Advanced Materials 24 (2), 286–293 (2012). doi:10.1002/adma.201103053
.

[3] Bellew, A. T., Bell, A. P., McCarthy, E. K., Fairfield, J. A. & Boland, J. J.
Programmability of nanowire networks. Nanoscale 6 (16), 9632–9639 (2014).
doi:10.1039/C4NR02338B .

[4] Loeffler, A. et al. Topological Properties of Neuromorphic Nanowire Networks. Fron-

tiers in Neuroscience 14, 184 (2020). doi:10.3389/fnins.2020.00184 .

[5] Avizienis, A. V. et al. Neuromorphic Atomic Switch Networks. PLoS ONE 7 (8),
e42772 (2012). doi:10.1371/journal.pone.0042772 .

[6] Manning, H. G. et al. Emergence of winner-takes-all connectivity paths in random
nanowire networks. Nature Communications 9 (1), 3219 (2018). doi:10.1038/s41467-
018-05517-6 .

[7] O’Callaghan, C. et al. Collective capacitive and memristive responses in random
nanowire networks: Emergence of critical connectivity pathways. Journal of Applied

Physics 124 (15), 152118 (2018). doi:10.1063/1.5037817 .

[8] Diaz-Alvarez, A. et al. Emergent dynamics of neuromorphic nanowire networks.
Scientific Reports 9 (1), 14920 (2019). doi:10.1038/s41598-019-51330-6 .

[9] Milano, G. et al. Brain-Inspired Structural Plasticity through Reweighting and Rewiring
in Multi-Terminal Self-Organizing Memristive Nanowire Networks. Advanced Intelli-

gent Systems 2 (8), 2000096 (2020). doi:10.1002/aisy.202000096 .

[10] Li, Q. et al. Dynamic Electrical Pathway Tuning in Neuromorphic Nanowire Networks.
Advanced Functional Materials 30 (43), 2003679 (2020). doi:10.1002/adfm.202003679
.

https://doi.org/10.1080/23746149.2021.1894234
https://doi.org/10.1002/adma.201103053
https://doi.org/10.1039/C4NR02338B
https://doi.org/10.3389/fnins.2020.00184
https://doi.org/10.1371/journal.pone.0042772
https://doi.org/10.1038/s41467-018-05517-6
https://doi.org/10.1038/s41467-018-05517-6
https://doi.org/10.1063/1.5037817
https://doi.org/10.1038/s41598-019-51330-6
https://doi.org/10.1002/aisy.202000096
https://doi.org/10.1002/adfm.202003679


References 107

[11] Diaz-Alvarez, A., Higuchi, R., Li, Q., Shingaya, Y. & Nakayama, T. Associative
routing through neuromorphic nanowire networks. AIP Advances 10 (2), 025134
(2020). doi:10.1063/1.5140579 .

[12] Kuncic, Z. et al. Neuromorphic Information Processing with Nanowire Networks, 1–5
(2020).

[13] Zhu, R. et al. Harnessing adaptive dynamics in neuro-memristive nanowire networks

for transfer learning, 102–106 (2020).

[14] Fu, K. et al. Reservoir Computing with Neuromemristive Nanowire Networks, 1–8
(2020).

[15] Lecun, Y., Bottou, L., Bengio, Y. & Haffner, P. Gradient-based learning applied
to document recognition. Proceedings of the IEEE 86 (11), 2278–2324 (1998).
doi:10.1109/5.726791 .

[16] Kuncic, Z. et al. Emergent brain-like complexity from nanowire atomic switch networks:

Towards neuromorphic synthetic intelligence, 1–3 (2018).

[17] Hochstetter, J. et al. Avalanches and edge-of-chaos learning in neuromorphic nanowire
networks. Nature Communications 12 (1), 1–13 (2021). doi:10.1038/s41467-021-
24260-z .

[18] Fukushima, K. & Miyake, S. in Neocognitron: A self-organizing neural network model

for a mechanism of visual pattern recognition 267–285 (Springer, 1982).

[19] Schreiber, T. Measuring Information Transfer. Physical Review Letters 85 (2), 461–464
(2000). doi:10.1103/PhysRevLett.85.461 .

[20] Lizier, J. T., Prokopenko, M. & Zomaya, A. Y. Local measures of information stor-
age in complex distributed computation. Information Sciences 208, 39–54 (2012).
doi:10.1016/j.ins.2012.04.016 .

[21] Lizier, J. T. JIDT: An Information-Theoretic Toolkit for Studying the Dynamics of
Complex Systems. Frontiers in Robotics and AI 1 (2014). doi:10.3389/frobt.2014.00011
.

[22] Bossomaier, T., Barnett, L., Harré, M. & Lizier, J. T. An Introduction to Transfer

Entropy: Information Flow in Complex Systems (Springer International Publishing,
2016).

https://doi.org/10.1063/1.5140579
https://doi.org/10.1109/5.726791
https://doi.org/10.1038/s41467-021-24260-z
https://doi.org/10.1038/s41467-021-24260-z
https://doi.org/10.1103/PhysRevLett.85.461
https://doi.org/10.1016/j.ins.2012.04.016
https://doi.org/10.3389/frobt.2014.00011


108 References

[23] Boedecker, J., Obst, O., Lizier, J. T., Mayer, N. & Asada, M. Information processing
in echo state networks at the edge of chaos. Theory in Biosciences 131 (3), 205–213
(2012). doi:10.1007/s12064-011-0146-8 .

[24] Hjelm, R. D. et al. Learning deep representations by mutual information estimation
and maximization (2019). arXiv:1808.06670.

[25] Shine, J. M., Li, M., Koyejo, O., Fulcher, B. & Lizier, J. T. Topological Augmentation
of Latent Information Streams in Feed-Forward Neural Networks. Preprint (2020).

[26] Zhu, R. et al. Information dynamics in neuromorphic nanowire networks. Scientific

Reports 11 (1), 13047 (2021). doi:10.1038/s41598-021-92170-7 .

https://doi.org/10.1007/s12064-011-0146-8
arXiv:1808.06670
https://doi.org/10.1038/s41598-021-92170-7


Chapter 6

Memristive Reservoirs Learn to Learn

“Learning never exhausts the mind.”

Leonardo da Vinci
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Abstract

Memristive reservoirs draw inspiration from a novel class of neuromorphic hardware known
as nanowire networks. These systems display emergent brain-like dynamics, with optimal
performance demonstrated at dynamical phase transitions. In these networks, a limited
number of electrodes are available to modulate system dynamics, in contrast to the global
controllability offered by neuromorphic hardware through random access memories. We
demonstrate that the learn-to-learn framework can effectively address this challenge in
the context of optimization. Using the framework, we successfully identify the optimal
hyperparameters for the reservoir. This finding aligns with previous research, which suggests
that the optimal performance of a memristive reservoir occurs at the ‘edge of formation’ of a
conductive pathway. Furthermore, our results show that these systems can mimic membrane
potential behaviour observed in spiking neurons, and may serve as an interface between
spike-based and continuous processes.
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6.1 Introduction

Nanowire networks are a novel class of neuromorphic devices that demonstrate potential
for brain-inspired computing and information processing [1–13]. By embedding memristive
switching dynamics into naturally-arising neuromorphic connectivity structures [14, 15],
these networks display emergent brain-like dynamics [16], including dynamical phase transi-
tions and avalanche criticality [9, 17].

The synaptic sites of nanowire networks are not directly accessible, in contrast to random
access memories (RAM) [18–20], where each memory cell is addressable and programmable.
The lack of controllability is compensated for by the dynamic nature of nanowire networks,
which is a key feature that enables them to adapt to evolving input signals. Nevertheless, it
is worth investigating how these neuromorphic systems can be optimised for information
processing tasks. For example, previous studies have shown that in a physical reservoir
computing framework, nanowire networks can achieve superior learning performance when
operating near a dynamical phase transition [8, 9]. Rather than manually exploring the
optimal region of operation, an alternative and more effective way to optimise the parameters
that can be physically adjusted (namely, inputs and outputs) is the learn-to-learn (L2L)
framework, commonly known as meta-learning.

The L2L approach is a scheme for optimizing learning capacity from prior experiences
[21]. Recent advances of L2L algorithms are built upon the premise that the learning
system – typically an artificial neural network – is differentiable, so that the gradients can be
propagated through the network to adjust the hyperparameters (e.g. learning rate) [22–24]. It
has also been shown that biologically or physically inspired systems are suitable candidates
as learning agents in the L2L framework [25, 26]. In particular, Bohnstingl et al. [27] showed
that non-differentiable systems could be optimised using non-gradient-based optimization
schemes.

This study demonstrates how learning is achieved using the collective dynamics of a
system abstracted from physical nanowire networks (see details in [8, 9]) under a physical
reservoir computing (RC) framework [28, 29], namely a memristive reservoir, where training
is restricted to the readout layer to circumvent the computation burden of training traditional
deep artificial network architectures [30]. The synaptic sites (recurrent weights) in the
reservoir are not individually programmable due to the inherent physical properties of
the hardware, but this may be offset by the highly rich set of dynamics available in the
memristive substrate as a response to external stimuli. The L2L approach is applied to
the memristive reservoir and we show that this system is able to learn the dynamics of a
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family of nonlinearly filtered signals. Furthermore, we also demonstrate that the memristive
reservoir system is able to generate dynamics that resemble the membrane potentials of
spiking neural networks (SNNs) directly from continuous inputs, which implies its potential
to bridge the gap between continuous signals and spike-based computing paradigms. By
learning across various membrane potential dynamics, meta-learning can identify common
principles or shared features that govern the dynamics of both spiking neurons and nanowire
networks, which may offer deeper insights into the underlying ionic mechanisms that pervade
both biology and emerging memory technologies. In particular, a nested-loop structure is
implemented as following:

• L2L is used in the outer loop to determine the optimal hyperparameters of the memris-
tive reservoir;

• Linear regression is employed in the inner loop to optimise the stimulus/readout
protocol to achieve the task objectives.

Demonstrating how L2L is compatible with systems grounded in physics, such as mem-
ristive reservoirs, opens up the potential to optimise learning using adaptive networks where
individual internal weights are not trained, but rather allowed to self-adjust in repsonse to
dynamical inputs, in a manner similar to the brain’s neural network. This has implications
beyond memristive reservoirs and could lead to more efficient and effective optimization
schemes for learning complex physical phenomena.

6.2 Research Methods

As continuous temporal input voltage signals are delivered to a memristive reservoir via
dedicated input nodes, the network autonomously adjusts its internal state. Voltages of a
subset of the remaining nodes can be read out and used to train weights in the fully-connected
linear output layer. Two L2L task families are studied: learning nonlinear Volterra dynamics
and learning membrane dynamics from SNNs.

6.2.1 The L2L Framework

Fig. 7.1 illustrates the L2L framework, where two iterative loops work together to optimise
the system’s learning performance for a chosen family of tasks F . In this work, the task
families are split into two subsets, one used for meta-training and the other for meta-testing.
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Fig. 6.1 Schematic diagram of the L2L framework. At each iteration of the outer loop, the
hyperparameter set Θ = {Win,bin,Λ0, ...} is perturbed in multiple directions. These perturbed
hyperparameters are passed to the inner loop and learning task Ω randomly selected from
Fare performed. Θ is then optimised in the outer loop based on the returned fitness of
different tasks. The inner loop operations are indicated by orange arrows and the outer loop
operations by blue arrows.

The objective of the outer loop (orange in Fig. 7.1) is to optimise the reservoir hyperpa-
rameters Θ based on the fitness in the inner loop. In each iteration of the inner loop (blue
in Fig. 7.1), the system learns from a specific task Ωi within the meta-training phase of
F and the fitness f (Ωi;Θ) is evaluated. Non-gradient-based techniques, namely simulated
annealing (SA) and evolutionary strategies (ES), are applied to the fitness to determine the
optimal hyperparameter set Θ′ (or range), thus achieving the best collective learning outcome
for F :

Θ
′ = argmax

Θ

( f (Ω;Θ)), Ω ∈ F . (6.1)

After 100 generations of outer-loop training, the performance of the baseline (without meta-
learning) and meta-learned reservoirs are evaluated using tasks from the meta-testing set to
evaluate the influence of the L2L algorithm on the reservoir’s learning performance.

Simulated Annealing

Simulated annealing optimises the objective function by mimicking the physical annealing
process [31]. The algorithm is parameterised by a decaying ‘temperature’ T . At each
generation of the outer loop, the hyperparameters are perturbed in multiple directions by
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a step size ε drawn from a normal distribution parameterised by T . For each perturbed
hyperparameter Θ̃, the change in fitness (∆ f = f (Ω,Θ̃)− f (Ω;Θ)) is estimated. Θ̃ is
accepted if the corresponding fitness improves, otherwise the probability (P) of accepting Θ̃

is determined by an exponential distribution:

P =

1, ∆ f ≥ 0,

e∆ f/T , ∆ f < 0.
(6.2)

When T is high, some sub-optimal solutions can be accepted and the algorithm explores a
broader parameter space. As it ‘cools down’, the probability of accepting worse solutions
decreases and the solution eventually converges if a global optimum exists.

Evolution Strategies

Evolution strategies are inspired by natural selection and evolution [32, 33]. A population of
candidate solutions are generated and evolved based on weighted fitness and a pre-determined
learning rate η [34, 35]. At generation k, each candidate Θk,i in the population is perturbed
by a step size εi drawn from a normal distribution (0, I), with standard deviation σ

After evaluating the fitness f (Ωi;Θk,i +σεi) for all candidates in the same generation,
Θk,i is evolved by:

Θk+1,i = Θk,i +
η

nσ

n

∑
i=1

f (Ωi;Θk,i +σεi)εi, (6.3)

where n is the size of the population. The statistical setup enables ES to deal with high-
dimensional problems, making it useful for optimization problems with many parameters.

6.2.2 Learning Volterra dynamics

Consider a two-terminal configuration of a memristive reservoir with one source node and
one drain node (see [8] for details). Fig. 6.2 shows how the memristive reservoir is used
to learn the nonlinear Volterra dynamics (Task 1). As the green box and arrows indicate,
the input signal x(t) is delivered to the source node, while the drain node is grounded and
an external fully connected output layer linearly combines the voltage read outs v⃗(t) of 64
other nodes to regress to each target signal u(t). The objective of the L2L process here is to
fine-tune the hyperparameters to achieve optimal regression for the nonlinear time-delayed
target signal. The input weight (Win), input bias (bin), and initial reservoir state (Λ0) are
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optimised by L2L via simulated annealing. Λ0 is parameterised by a pulse of 1 V DC with
varying width T0 applied to the input node prior to the task, as described in [8].

The input signal x(t) is generated by combining two sine waves:

x(t) = A1 sin(2π
t

T1
+φ1)+A2 sin(2π

t
T2

+φ2), (6.4)

where T1 = 0.323 s and T2 = 0.5 s, and where A1,A2 ∈ [0.5,1] and φ1,φ2 ∈ [0, π

2 ] are chosen
randomly. The target signal u(t) is generated using a second-order Volterra filter:

u(t) =
∫

τ

k1
Ω(τ)x(t − τ)dτ +∫

τ1

∫
τ2

k2
Ω (τ1,τ2)x(t − τ1)x(t − τ2)dτ1dτ2, (6.5)

in which τ,τ1,τ2 ∈ [0,0.5] denote the time delay of the signals, while k1
Ω

and k2
Ω

are task-
specific random Volterra kernels (see [26] for further information on generating the kernels).
100 target signals are generated using different Volterra kernels to comprise the family F .
The green box in Fig. 6.2 shows an example of one input signal (black) and Volterra-filtered
target signals (coloured) with different random kernels.

The readout weights Wout are trained using least square to minimise the loss:

L = ||U −W⊺V ||2, (6.6)

where || · ||2 represents the L-2 norm, and U = [u(1),u(2), ...u(t)] and V = [⃗v(1), v⃗(2), ..., v⃗(t)]
are the stacked target and readout of the reservoir. The learning results are estimated by
normalised root mean squared error (NRMSE):

NRMSE =

√
1
T ∑

T
t=1 (W

⊺
out⃗v(t)−u(t))2

umax −umin
, (6.7)

where T is the length of the signal.

6.2.3 Learning membrane dynamics of SNNs

The blue arrows in Fig. 6.2 illustrate the scheme for this task family. A set of 20 randomly
generated Volterra filter signals u⃗(t) are utilised as input and converted to spike trains u⃗′(t)

using delta modulation. A fully connected SNN (S , developed using [36]) with 20 input
neurons, 1,000 hidden neurons, and 5 output neurons receives u⃗′(t) as input. For each task,
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Fig. 6.2 Schematic diagram for the learning tasks employed in this study. The green box and
arrows summarise the learning Volterra dynamics task family (Task 1), where the original
signal x(t) is the input and the Volterra-filtered signal u(t) is the target for the reservoir. The
blue arrows illustrate the flow of the learning SNN dynamics task family (Task 2), in which
a set of 20 Volterra-filtered signals u⃗(t) is converted to spikes u⃗′(t) and delivered to a fully
connected SNN. The membrane potentials m⃗(t) of the readout neurons are used as target
while the set of continuous Volterra-filtered signals are delivered directly to the reservoir as
input.

the internal weights WS of the SNN are randomly generated, and the membrane potentials
of the 5 output neurons, m⃗(t) are employed as the target signals of the learning task:

m⃗(t) = S (⃗u′(t);WS ). (6.8)

The continuous Volterra signals u⃗(t) are delivered to 20 input nodes in the memristive
reservoir (R), and 64 nodes are used as voltage readouts:

v⃗(t) = R(Win ⊙ u⃗(t)+ b⃗in;Λ0). (6.9)

Notice that Win and u⃗(t) have the same dimensions and ⊙ represents element-wise multipli-
cation.

For each task, the entire data stream is divided into three parts: the first 2000 data points
are considered as a transient phase [37]; the subsequent 6000 data points (from 2000th to
8000th) employed as the support set (inner-loop training), and the last 1000 data points (from
8000th to 9000th) comprise the query set (inner-loop testing). The readout weights Wout are
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trained for each task using ridge regression to minimise the loss function:

L = ||M−W⊺
outV ||22 +α||Wout ||22, (6.10)

where α is a regularization term ranging between 10−4 and 1, with M = [m⃗(1), m⃗(2), ..., m⃗(t)]

representing the stacked target membrane potentials. A 5-fold cross validation scheme is
employed to avoid overfitting [38]. NRMSE of the query regime is reported as result.

A family Fof 150 tasks is created by utilizing SNNs with different internal weights.
The goal of L2L in this context is to adapt the reservoir to new tasks by extrapolating
information from past learning experiences, allowing it to generate desired membrane
potentials. Simulated annealing and evolution strategies are used separately to optimise the
input weight (Win) and the input bias (⃗bin) of each signal. Λ0 is fixed to the phase transition
regime found in task 1.

6.3 Results

6.3.1 L2L Volterra dynamics

Table 6.1 NRMSE for Task 1 with and without meta-learning

Meta-train Meta-test
w/o meta-learning 0.209±0.003 0.211±0.014
Meta-learned (SA) 0.168±0.008 0.164±0.009

Fig. 6.3(a) shows the reservoir’s conductance (blue curve) in response to a 1 V DC pulse
of varying width T0. The shaded region represents the general phase transition regime,
identified from previous studies [8], and the dashed line at T0 = 2.3 s indicates the optimal
initial reservoir state Λ0 found by the SA optimization scheme, as shown in Fig. 6.3(b).
T0 (orange) converges toward ≃ 2.3s as NRMSE (green) converges to a minimum after
approximately 60 generations. Fig. 6.3(c) compares the system’s learning outcomes for a
specific task in the Volterra family before (blue) and after (red) the outer loop optimization
(cf. Fig. 7.1) and Table. 6.1 shows the corresponding NRMSE of the whole meta-testing set.
A notable improvement in regression to the target signal is evident.

These results demonstrate that the L2L framework is successful in fine-tuning the reser-
voir’s initial state Λ0. Remarkably, the optimization scheme finds the optimal Λ0 coinciding
with the dynamical phase transition region identified independently in previous studies [8] as
producing optimal task performance from memristive reservoirs.
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Fig. 6.3 L2L Volterra dynamics. (a) Memristive reservoir conductance response (blue) to a
varying 1 V DC pulse width T0, showing a characteristic phase transition regime (shaded).
The dashed red line represents the reservoir’s optimal initial state for learning Volterra
dynamics, as found by the L2L scheme. (b) Normalised RMSE of the learning tasks and
optimal T0 with respect to outer loop generation number. (c) Input signal, corresponding
target, and the resulting learning outcomes for one representative task in the family (baseline
is before optimization).

To gain deeper insight into the internal dynamics of memristive reservoirs, Fig. 6.4 shows
visualisation snapshots of network graphs of the reservoir for different T0. When the reservoir
is under-activated (T0 < 2s), most memristive components are inactive and not enough
information can be extracted to perform learning. On the other hand, when the reservoir
is over-activated (T0 > 8 s), the internal dynamics saturates. The initial reservoir state at
T0 ≈ 2.17 s results in the best task performance and qualitatively, it is evident from Fig. 6.4
that this corresponds to an intermediate state, where conductance paths first span the network.
At this ‘edge of formation’, the internal state of the reservoir produces voltage readout
features that are more diverse than at later activation times, as shown in the corresponding
node voltage distributions in Fig. 6.5.



6.3 Results 119

Fig. 6.4 Reservoir activity with different pre-initialization pulse widths. A 1 V DC signal
of varying width is delivered to the reservoir in prior to the task. Nodes on the conductance
path from source to drain are coloured based on their voltages. Edges are catagorised as high
(ON), intermediate (MID) and low (OFF) conductance levels and coloured respectively.

6.3.2 L2L SNN dynamics

Fig. 6.6(a) shows the NRMSE of the query part (task-specific inner loop testing) for Task
2 during outer loop training for the two gradient-free optimization strategies considered.
Similar to the previous task family, it can be observed that learning outcome improves with
number of training generations. Fig. 6.6(b) compares the readouts generated by a baseline
reservoir and an ES-optimised reservoir to the target curves (SNN membrane potentials)
in a single meta-testing task. As is evident from the query period, the optimised system
is considerably better in reproducing the fluctuating dynamics of the membrane potential,
which governs the spiking behaviours of the SNN readout neurons.
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Fig. 6.5 Reservoir node voltage histograms for different pre-initialization pulse widths T0.
Blue indicates all nodes, orange indicates nodes used as readouts for the learning tasks.

Table 6.2 NRMSE for Task 2 with and without meta-learning

Meta-train Meta-test
w/o meta-learning 0.212±0.041 0.235±0.036
Meta-learned (SA) 0.139±0.011 0.164±0.012
Meta-learned (ES) 0.109±0.011 0.128±0.004

To assess the learning gain from the L2L process, Table 6.2 compares the NRMSE for
Task 2 with and without meta-learning and shows substantial improvement with optimised
reservoirs, up to ≃ 50% in the case of ES optimization. Table 6.2 and Fig. 6.6(a) also indicate
that the learning outcome converges to a better result with ES compared to SA optimization.
This is because this task family (Task 2) employs more hyperparameters than the Volterra
task family (Task 1) and ES typically performs better for a larger parameter space while SA
is more suitable for stepping out of local minima.
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Fig. 6.6 L2L SNN membrane dynamics. (a) Normalised RMSE of the learning tasks as a
function of generations in the outer loop. (b) Membrane potentials of 5 readout neurons
from the SNN (black) overlaid by the learned dynamics from the baseline (blue) and the
optimised (orange) memristive reservoirs for one representative meta-testing task in the task
family. The left and right columns of panels show results for the support and query periods
of the task, respectively. Note: a different timescale is used during the query phase for better
visibility at test time.

6.4 Discussion

Previous studies have demonstrated the memory capacity of memristive reservoirs as well
as their capability to generate dynamical features [2, 8, 39, 40]. The results here suggest
that memristive reservoirs are able to combine these properties together to enable learning
of the rich, nonlinear time-delayed dynamics embedded by the Volterra filter. Furthermore,
the L2L framework consistently determined that the optimal initial state for the memristive
reservoir was at what can be described as the ‘edge of formation’. This point exists between
where the memristive components first become activated (cf. Fig. 6.4, T0=2.0 s), and before
an exponential cascade of parallel paths form (cf. Fig. 6.4, T0=2.3 s). The conductance
exponentially ramps up at the time of initial formation, and saturates as more parallel
pathways form. The intermediate internal state, i.e., the ‘edge of formation’ was meta-learnt
as the optimal starting point prior to training in the outer loop.
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This result opens up deeper insights to how memristive reservoirs can be optimally used in
computation. It is somewhat intuitive that the reservoir does not perform at the time of initial
formation, because the exponentially ramping conductance increase is highly unstable and
challenging to control. The opposite problem exists after conductive pathways are formed,
where switching has a negligible impact on the dynamics of the nanowire network. The
‘edge of formation’ can be thought of as a linear region in small-signal analysis, that fosters
a controllable learning environment optimal for learning the rich dynamics of higher-order
systems.

Additionally, this work also demonstrates that memristive reservoirs can learn the fluctuat-
ing dynamics of SNN membrane potentials. This is possible because, as shown in a previous
study [9], memristive switching in a heterogeneous, recurrent network produces fluctuating
dynamics that resemble action potentials which, when thresholded, generate spikes. In other
words, the internal dynamics of memristive reservoirs effectively encode spike-like features
into continuous input signals.

An immediate implication of this result is that memristive reservoirs have the potential to
serve as an interface between continuous data streams and spike-based computing paradigms,
which could substantially improve the workflow for SNN applications. The use of trainable
spike-based embeddings has offered an alternative approach to classical rate and temporal
encoders in many recent SNN works, but relies on gradient-based optimization to compress
data into more efficient spike-based representations [41–43]. These results demonstrate how
native internal dynamics, constrained by physics, naturally give rise to embeddings that can
ultimately reconstruct signals in the context of gradient-free meta-learning.

6.5 Conclusion

This study shows that the L2L framework can effectively adjust the hyperparameters of
memristive reservoirs, attaining a similar optimal regime as found by a manual search in
previous studies. Moreover, we demonstrated that the learning capability of the system can be
extended and optimised for a family of related tasks, rather than being limited to a single task.
This approach could pave the way for highly adaptive learning tasks based on real-world
settings, similar to how biological brains can learn quickly from limited examples. Our
finding that memristive reservoirs have the ability to reproduce SNN membrane potentials
is significant because of the potential to use them in place of spike-based embeddings or
encoders. In particular, membrane potential dynamics in complex tasks may be encoded
using memristive reservoirs as a more efficient mode of compression.
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The memristive reservoirs studied here are motivated by physical reservoirs using self-
assembled nanowire networks. The neuromorphic properties of these networks are influenced
by various factors such as nanowire density, diameter, average length and amount of dielec-
tric. Similar to how evolutionary optimization schemes can be utilised to design and train
neuromorphic systems [44], it may be possible in the future to exploit the L2L framework
to find the optimal nanowire networks for specific task families, effectively realizing a
‘learn-to-build’ approach.
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Abstract

Nanowire Networks (NWNs) belong to an emerging class of neuromorphic systems that
exploit the unique physical properties of nanostructured materials. In addition to their neural
network-like physical structure, NWNs also exhibit resistive memory switching in response
to electrical inputs, due to synapse-like changes in conductance at nanowire-nanowire
cross-point junctions. Previous studies have demonstrated how the neuromorphic dynamics
generated by NWNs can be harnessed for temporal learning tasks. This study extends these
findings further by demonstrating online learning from spatiotemporal dynamical features
using image classification and sequence memory recall tasks implemented on an NWN device.
Applied to the MNIST handwritten digit classification task, online dynamical learning with
the NWN device achieves an overall accuracy of 93.4%. Additionally, we find a correlation
between classification accuracy of individual digit classes and mutual information. The
sequence memory task reveals how memory patterns embedded in the dynamical features
enable online learning and recall of a spatiotemporal sequence pattern. Overall, these results
provide proof-of-concept of online learning from spatiotemporal dynamics using NWNs and
further elucidate how memory can enhance learning.
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7.1 Introduction

Neuromorphic devices offer the potential for a fundamentally new computing paradigm, one
based on a brain-inspired architecture that promises enormous efficiency gains over conven-
tional computing architectures [1–11]. A particularly successful neuromorphic computing
approach is the implementation of spike-based neural network algorithms in CMOS-based
neuromorphic hardware [2, 12–17]. An alternate neuromorphic computing approach is to
exploit brain-like physical properties exhibited by novel nano-scale materials and structures
[18–22], including in particular the synapse-like dynamics of resistive memory (memristive)
switching [4, 23–31].

This study focuses on a class of neuromorphic devices based on memristive nanowire
networks (NWNs) [32, 33]. NWNs are comprised of metal-based nanowires that form a
heterogeneous network structure similar to a biological neural network [34–38]. Additionally,
nanowire-nanowire cross-point junctions exhibit memristive switching attributed to the
evolution of a metallic nano-filament due to electro-chemical metallisation [39–43]. Typically,
each NWN contains thousands of nanowires and an even greater number of junctions. In
response to electrical input signals, NWNs also exhibit brain–like collective dynamics (e.g.
phase transitions, switch synchronisation, avalanche criticality), resulting from the interplay
between memristive switching and their recurrent network structure [34, 37, 44–50].

Recurrent, sparse networks can transform temporal signals into a higher dimensional
dynamical feature space [51, 52], which is advantageous for machine learning applications
involving dynamically evolving data [53]. Furthermore, the computational burden of training
network weights can be circumvented altogether by leveraging Reservoir Computing (RC),
which restricts training to a linear output layer, in which only linear weights need to be
learned using the rich dynamical features generated by the recurrent network reservoir
[54–56]. Physical systems are particularly useful as reservoirs, due to their self-regulating
dynamics and physical constraints imposed by conservation laws (e.g. Kirchoff’s laws), in
contrast to algorithmic RC, which typically uses a random network with fixed weights and
requires manual hyper-parameter optimisation [57]. Previous experimental [36, 58, 59] and
simulation [36, 58, 60–65] studies have demonstrated NWNs exhibit fading memory and can
effectively project input signals to a higher dimensional feature space, thus enabling their use
as physical reservoirs in an RC approach to machine learning.

In previous physical RC studies, learning is achieved by training the readout weights
after the entire input stream is delivered to the physical system [66], while the real-time
response from the network is not fully reflected in the learning outcome. While such batch-
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based approaches can be practically limited by memory availability when working with
large datasets, an arguably more important consideration is the need to re-train weights
when feature distributions evolve [67]. An alternate approach is online training, which has
the potential to enhance dynamical learning by allowing the readout weights to adapt to
non-stationary dynamical features incrementally [68, 69]. As is the case for conventional
machine learning, online learning approaches are necessary for scaling up neuromorphic
computing and ultimately achieving the goal of continual learning [70–72].

In this study, we use an NWN device to demonstrate online dynamical learning, i.e.
learning incrementally from continuous streams of dynamical features. We implement an
online training algorithm within an RC framework and use the MNIST handwritten digit
database to deliver a stream of spatiotemporal patterns to the NWN device. Dynamical
features in the device readouts are then used to train a linear classifier in an online manner,
sample by sample, and information theoretic measures are used to analyse the online learning
process. By constructing a numerical sequence pattern using the MNIST database, we then
develop and implement a novel sequence memory task that demonstrates the NWN’s ability
to generate spatiotemporal memory patterns in a similar manner to the brain, using attractor
dynamics. We show how these sequence memory patterns can also be learned in an online
manner and then used to recall a target digit presented earlier in the sequence. By comparing
recall performance with and without the memory patterns, we demonstrate how memory
enhances learning.

7.2 Results

The first task we performed to test online dynamical learning is the MNIST handwritten digit
classification task, which has not previously been experimentally implemented on an NWN
device (but has been implemented in NWN simulations [62, 65]). A schematic illustration
of the experimental setup for online classification of MNIST handwritten digits using an
NWN multi-electrode array (MEA) device is shown in Fig. 7.1. MNIST digit images [73] are
converted to 1-D temporal voltage pulse streams and delivered consecutively to one electrode.
The network’s real-time response is read out from other electrode channels and classification
is performed in an external (digital) fully-connected output layer. The weights are learned
from the dynamical features and updated after each digit sample using an online iterative
algorithm based on recursive least squares (RLS). See Methods for full details.
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Fig. 7.1 Schematic illustration of nanowire network device setup for MNIST digit
classification demonstrating online dynamical learning. Top: MNIST handwritten digit
samples (N samples × 784 pixel features) are normalised and converted to 1-D temporal
voltage pulse streams (each pixel occupies ∆t = 0.001s) and delivered consecutively to the
nanowire multi-electrode device. Bottom left: scanning electron micrograph image of the
16-electrode device, showing source electrode (channel 0, red), drain electrode (channel
3, green), readout electrodes (channel 1, 2, 12, 13, 15, blue) and other electrodes not used
(brown). Bottom right: readout voltages (i.e. N ×M × 784 dynamical features) are input
into an external linear classifier in which the weight matrix Wn for the M×784 features per
digit sample is updated after each sample an, with corresponding class yn as the target output
(digit ‘5’ shown as an example of classification result).

7.2.1 Dynamical feature generation

Fig. 7.2 shows examples of handwritten digit image samples converted to 1-D voltage pulse
streams delivered to the allocated source electrode (channel 0) and the corresponding voltage
streams read out from other channels (1, 2, 12, 13 and 15) for the setup shown in Fig. 7.1
(readouts for other channels and digits are shown in Supplementary Figures S8 and S9).

Each row in Fig. 7.2 shows the averaged image, input and readout data for 100 MNIST
samples randomly selected from the training set for the corresponding digit class.

For each class, the readout voltages from each channel (columns 3-7, blue) are distinctly
different from the corresponding input voltages and exhibit diverse characteristics across
the readout channels. This demonstrates that the NWN nonlinearly maps the input signals
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into a higher-dimensional space. Rich and diverse dynamical features are embedded into the
channel readouts from the spatially distributed electrodes, which are in contact with different
parts of the network (see Supplementary Figure S10 for additional non-equilibrium dynamics
under non-adiabatic conditions). We show below how the inter-class distinctiveness of these
dynamical features, as well as their intra-class diversity, can be harnessed to perform online
classification of the MNIST digits.

Fig. 7.2 Input–output mapping of MNIST digits in a nanowire network device. Images of
MNIST digits ‘0’ and ‘5’ averaged across 100 samples randomly selected from the training set
(column 1), their corresponding input voltage streams (column 2, red) and readout voltages
from multiple channels (columns 3-7, blue).

7.2.2 Online learning

Table 7.1 presents the MNIST handwritten digit classification results using the online method
(external weights trained by an RLS algorithm). Results are shown for one and five readout
channels. For comparison, also shown are the corresponding classification results using the
offline batch method (external weights trained by backpropagation with gradient descent).
Both classifiers learn from the dynamical features extracted from the NWN, with readouts
delivered to the two classifiers separately. For both classifiers, accuracies increase with the
number of readout channels, demonstrating the non-linearity embedded by the network in the
readout data. For the same number of channels, however, the online method outperforms the
batch method. In addition to achieving a higher classification accuracy, the online classifier
W requires only a single epoch of 50,000 training samples, compared to 100 training epochs
for the batch method using 500 mini-batches of 100 samples and a learning rate η = 0.1.
Accuracy of the online classifier becomes comparable to that of the batch classifier when
active error correction is not used in the RLS algorithm (see Supplementary Table 1). A key
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Readout Data Classifier Accuracy
784 x 1 online 91.6%
784 x 5 online 93.4%
784 x 1 batch 86.6%
784 x 5 batch 91.4%

Table 7.1 MNIST digit classification using an NWN device with one and five readout
channels for online and batch (offline) linear classifiers. Each classification accuracy is
calculated for 10,000 testing samples and averaged across 5 iterations. The online classifier
is trained for a single epoch of 50,000 training samples, while the batch-based classifier is
trained and optimised using gradient descent for 100 epochs with 500 mini-batches of size
100.

advantage of the online method is that continuous learning from the streaming input data
enables relatively rapid convergence, as shown next.

To better understand how learning is achieved with the NWN device, we investigated
further the dependence of classification accuracy on the number of training samples and the
device readouts. Fig. 7.3(a) shows classification accuracy as a function of number of digits
presented to the classifier during training (See Supplementary Figure S11 for classification
results using different electrode combinations for input/drain/readouts and different voltage
ranges). The classification accuracy consistently increases as more readout samples are
presented to the classifier to update W and plateaus at ≃ 92% after ≃ 10,000 samples.
Classification accuracy also increases with number of readout channels, corresponding to an
increase in the number of dynamical features (i.e. 5×784 features per digit for 5 channel
readouts, the channels are added following the order 1,2,13,15,12) that become sufficiently
distinguishable to improve classification. However, as shown in Fig. 7.3(b), this increase is
not linear, with the largest improvements observed from 1 to 2 channels. Fig. 7.3(c) shows
the confusion matrix for the classification result using 5 readout channels after learning from
50,000 digit samples. The classification results for 8 digits lie within 1.5σ (where s.d. is
σ = 3%)) from the average (93.4%). Digit ‘1’ demonstrates significantly higher accuracy
since it has a simpler structure and ‘5’ is an outlier because of the irregular variances
of handwriting and low pixel resolution (See Supplementary Figure S12 for examples of
misclassified digits).
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Fig. 7.3 Online learning of MNIST digits. (a) Testing accuracy as a function of number of
training samples read out from one and five channels. Inset shows a zoom-in of the converged
region of the curve. (b) Maximum testing accuracy achieved after 50,000 training samples
with respect to number of readout channels used by the online linear classifier. Error bars
indicate the standard error of the mean of 5 measurements with shuffled training samples. (c)
Confusion matrix for online classification using 5 readout channels.

7.2.3 Mutual information

Mutual information (MI) is an information-theoretic metric that can help uncover the inherent
information content within a system and provide a means to assess learning progress during
training. Fig. 7.4(a) shows the learning curve of the classifier, represented by the mean of
the magnitude of the change in the weight matrix, |∆W|, as a function of number of sample
readouts for 5 channels. Learning peaks at ≃ 102 − 103 samples, after which it declines
rapidly and becomes negligible by 104 samples. This is reflected in the online classification
accuracy (cf. Fig. 7.3(a)), which begins to saturate by ∼ 104 samples. The rise and fall
of the learning rate profile can be interpreted in terms of maximal dynamical information
being extracted by the network. This is indicated by Fig. 7.4(b), which presents mutual
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information (MI) between the 10 MNIST digit classes and each of the NWN device readouts
used for online classification (cf. Fig. 7.3). The MI values for each channel are calculated by
averaging the values across the 784 pixel positions. The coincidence of the saturation in MI
with the peak in |∆W|between 102 −103 samples demonstrates learning is associated with
information dynamics. Note that by ≃ 102 samples, the network has received approximately
10 samples for each digit class (on average). It is noteworthy too that MI for the input channel
is substantially smaller.

Fig. 7.4 Learning rate and mutual information. (a) Mean of the magnitude of changes in
the linear weight matrix, |∆W|, as a function of number of samples learned by the network.
(b) Corresponding Mutual Information (MI) for each of the 5 channels used for online
classification (cf. Fig. 7.3) and for input channel 0.

Fig. 7.5 shows MI estimated in a static way, combining all the samples after the whole
training dataset is presented to the network. The MI maps are arranged according to the
digit classes and averaged within each class. The maps suggest that distinctive information
content is extracted when digit samples from different classes are streamed into the network.
This is particularly evident when comparing the summed maps for each of the digits (bottom
row of Fig. 7.5). Additionally, comparison with the classification confusion matrix shown
in Fig. 7.3(c) reveals that the class with the highest total MI value (‘1’) exhibits the highest
classification accuracy (98.4%), while the lowest MI classes (‘5’ and ‘8’) exhibit the lowest
accuracies (89.6% and 89.5%), although the trend is less evident for intermediate MI values.
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Fig. 7.5 Spatial distribution of mutual information (MI) for readout channels (rows),
sorted by digit class (columns). MI maps summed over all channels are shown in the bottom
row and mean MI is shown above each map.

7.2.4 Sequence memory task

As mentioned earlier, RC is most suitable for time-dependent information processing. Here,
an RC framework with online learning is used to demonstrate the capacity of NWNs to
recall a target digit in a temporal digit sequence constructed from the MNIST database.
The sequence memory task is summarised in Fig. 7.6. A semi-repetitive sequence of 8
handwritten digits is delivered consecutively into the network in the same way as individual
digits were delivered for the MNIST classification task. In addition to readout voltages,
the network conductance is calculated from the output current. Using a sliding memory
window, the earliest (first) digit is reconstructed from the memory features embedded in the
conductance readout of subsequent digits. Fig. 7.6 shows digit ‘7’ reconstructed using the
readout features from the network corresponding to the following 3 digits, ‘5’, ‘1’ and ‘4’.
See Methods for details.
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Fig. 7.6 Schematic outline of the sequence memory task. Samples of a semi-repetitive
8-digit sequence (14751479) constructed from the MNIST dataset are temporally streamed
into the NWN device through one input channel. A memory window of length L (L = 4
shown as an example) slides through each digit of the readouts from 2 channels (7 and 13) as
well as the network conductance. In each sliding window, the first (earliest) digit is selected
for recall as its image is reconstructed from the voltage of one readout channel (channel 7)
and memory features embedded in the conductance time series of later L−1 digits in the
memory window. Linear reconstruction weights are trained by the online learning method
and reconstruction quality is quantified using the structural similarity index measure (SSIM).
The shaded grey box shows an example of the memory exclusion process, in which columns
of conductance memory features are replaced by voltage readouts from another channel
(channel 13) to demonstrate the memory contribution to image reconstruction (recall) of the
target digit.

Fig. 7.7(a) shows the network conductance time series and readout voltages for one
of the digit sequence samples. The readout voltages exhibit near-instantaneous responses
to high pixel intensity inputs, with dynamic ranges that vary distinctively among different
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channels. The conductance time series also exhibits a large dynamic range (at least 2 orders of
magnitude) and additionally, delayed dynamics. This can be attributed to recurrent loops (i.e.
delay lines) in the NWN and to memristive dynamics, determined by nano-scale electro-ionic
transport. The delay dynamics demonstrate that NWNs retain memory of previous inputs (see
Supplementary Figure S13 for an example showing the fading memory property of the NWN
reservoir). Fig. 7.7(b) shows the respective digit images and I −V curves for the sequence
sample. The NWN is driven to different internal states as different digits are delivered to the
network in sequence. While the dynamics corresponding to digits from the same class show
some similar characteristics in the I −V phase space (e.g. digit ‘1’), generally they exhibit
distinctive characteristics due to their sequence position. For example, the first instance
of ‘4’ exhibits dynamics that explore more of the phase space than the second instance of
‘4’. This may be attributed to differences in the embedded memory patterns, with the first
‘4’ being preceded by ‘91’ while the second ‘4’ is preceded by ‘51’ and both ‘9’ and ‘5’
have distinctively different phase space characteristics, which are also influenced by their
sequence position as well as their uniqueness.
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Fig. 7.7 NWN sequence memory. (a) Conductance time series (G) and readout voltages for
one full sequence cycle during the sequence memory task. For better visualisation, voltage
readout curves are smoothed by averaging over a moving window of length 0.05 s and values
for channel 7 are magnified by ×10. (b) Corresponding digit images and memory patterns in
I −V phase space.

Fig. 7.8(a) shows the image reconstruction quality for each digit in the sequence as
a function of memory window length. Structural similarity (SSIM) is calculated using a
testing group of 500 sets and the maximum values achieved after learning from 7000 training
sets are presented (see Supplementary Figure S14 for the learning curving for L = 4 and
Supplementary Figure S15 for average SSIM across all digits). The best reconstruction
results are achieved for digits ‘1’ and ‘7’, which are repeated digits with realtively simple
structures. In contrast, digit ‘4’, which is also repeated, but has a less simple structure, is
reconstructed less faithfully. This indicates that the repeat digits produce memory traces
that are not completely forgotten before each repetition (i.e. nano-filaments in memristive
junctions do not completely decay). On average, the linear reconstructor is able to recall
these digits better than the non-repeat digits. For the non-repeat digits (‘5’ and ‘9’) the
reconstruction results are more interesting: digit ‘5’ is consistently reconstructed with the
lowest SSIM, which correlates with its low classification accuracy (cf. Fig. 7.3(c)), while
‘9’ exhibits a distinctive jump from L = 4 to L = 5 (see also Fig. 7.8(b)). This reflects the
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contextual information used in the reconstruction: for L = 4, ‘9’ is reconstructed from the
sub-sequence ‘147’, which is the same sub-sequence for ‘5’, but for L = 5, ‘9’ is uniquely
reconstructed from sub-sequence‘1475’, with a corresponding increase in SSIM. This is not
observed for digit ‘5’; upon closer inspection, it appears that the reconstruction of ‘5’ suffers
interference from ‘9’ (see Supplementary Figure S16), due to the common sub-sequence
‘147’ and to the larger variance of ‘5’ in the MNIST dataset (which also contributes to its
misclassification). A similar jump in SSIM is evident for the repeat digit ‘7’ from L = 2 to
L = 3. For L = 3, the first instance of ‘7’ (green curve) is reconstructed from ‘51’, while the
second instance (pink curve) is reconstructed from ‘91’, so the jump in SSIM from L = 2
may be attributed to digit ‘7’ leaving more memory traces in digit ‘1’, which has a simpler
structure than either ‘9’ or ‘5’.

Fig. 7.8 Digit reconstruction in sequence memory task using the online-learning algo-
rithm. (a) Maximum SSIM for each digit in the sequence as a function of the memory
window length after the network learned from 7000 training sets. The testing set is comprised
of 500 sequence samples. Errorbars indicate the standard error of the mean across the
samples within each digit class. (b) An example of a target digit from the MNIST dataset and
the reconstructed digits using memory windows of different lengths. (c) Maximum SSIM
with respect to number of columns excluded in the memory feature space. The results are
averaged across all testing digits using L = 4, and the standard error of the mean is indicated
by the shading. Dashed blue lines indicate when whole digits are excluded.

While the SSIM curves for each individual digit in the sequence increase only gradually
with memory window length, their average (shown in Supplementary Figure S15) shows
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an increase up to L = 5, followed by saturation. This reflects the repetition length of the
sequence.

Fig. 7.8(c) shows the maximum SSIM, averaged over all reconstructed digits using L = 4,
when memory is increasingly excluded from the online reconstruction. SSIM decreases
as more columns of conductance features are excluded (replaced with memoryless voltage
features). This demonstrates that the memory embedded in the conductance features enhances
online learning by the reconstructor. In particular, the maximum SSIM plateaus when ∼28
and ∼56 columns (corresponding to whole digits) are excluded and decreases significantly
when the number of columns excluded is approximately 14, 42 or 70, indicating most of the
memory traces are embedded in the central image pixels.

7.3 Discussion

This study is the first to perform the MNIST handwritten digit classification benchmark task
using an NWN device. In a previous study, Milano et al. [65] simulated an NWN device
and mapped the readouts to a ReRAM cross-point array to perform in materia classification
(with a 1-layer neural network) of the MNIST digits, achieving an accuracy of 90.4%. While
our experimental implementation is different, readouts from their simulated NWN device
also exhibited diverse dynamics and distinct states in response to different digit inputs,
similar to that observed in this study. Other studies using memristor cross-bar arrays as
physical reservoirs achieved lower MNIST classification accuracies [74, 75]. In contrast,
NWN simulation studies achieved higher classification accuracies of ≃ 98% by either pre-
processing the MNIST digits with a convolutional kernel [62] or placing the networks into a
deep learning architecture [76].

In this study, the relatively high classification accuracy achieved with online learning
(93.4%) can be largely attributed to the iterative algorithm, which is based on recursive least
squares (RLS). Previous RC studies by Jaeger et al. [77, 78] suggested that RLS converges
faster than least mean squares (similar to gradient-based batch methods), which tends to
suffer more from numerical roundoff error accumulation, whereas RLS converges in a finite
number of steps and uses the remaining training samples for fine-tuning [69]. This is evident
in our results showing incremental learning of the weight matrix and is also corroborated by
our mutual information analysis. While we performed online classification in an external
digital layer, it may be possible to implement the online learning scheme in hardware using,
for example, a cross-point array of regular resistors, which exhibit a linear (i.e. Ohmic)
response. Such a system would then represent an end-to-end analogue hardware solution for
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efficient online dynamical learning in edge applications [29, 79]. An all-analogue RC system
was recently demonstrated by Zhong et al. [30] using dynamic resistors as a reservoir and an
array of non-volatile memristors in the readout module.

Other studies have exploited the structure of memristor cross-bar arrays to execute
matrix–vector multiplication used in conventional machine learning algorithms for MNIST
classification, both in experiment [80, 81] and simulation [82, 83], although crosstalk in mem-
ristor cross-bars limits the accuracy of classification implemented in this type of hardware
[80].

Beyond physical RC, unconventional physical systems like NWNs could potentially
be trained with backpropagation to realise more energy efficient machine learning than is
currently possible with existing software and hardware accelerator approaches [84]. Further-
more, a related study by Loeffler et al. [85] (see also [86, 87]) demonstrates how the internal
states of NWNs can be controlled by external feedback to harness NWN working memory
capacity and enable cognitive tasks to be performed.

Information-theoretic measures like mutual information (MI) have been widely used
to assess the intrinsic dynamics in random Boolean networks [88, 89], Ising models [90],
and the learning process of echo state networks [91] as well as artificial neural networks
(ANNs) [92]. In a previous simulation study [62, 64], we found that transfer entropy and
active information storage in NWNs reveal that specific parts of the network exhibit richer
information dynamics during learning tasks and we proposed a scheme for optimising task
performance accordingly. However, such element–wise calculations are not feasible for
physical NWN hardware devices because the number of readouts from the system is limited
by the size of the MEA. In this study, we applied a similar approach to that used in Shine et
al. [92] to estimate the information content of ANNs at different stages during the MNIST
classification task. They found unequal credit assignment, with some image pixels, as well
as specific neurons and weights in the ANN, contributing more to learning than others. In
our case, by investigating the information content embedded in the NWN readouts, we found
that the learning process synchronises with the information provided by the dataset in the
temporal domain, while each readout channel provides distinct information about different
classes. Interestingly, we also observed some indication of channel preference for a specific
digit class, which could potentially be further exploited for channel–wise tuning for other
learning tasks.

The sequence memory task introduced in this study is novel and demonstrates both
online learning and sequence memory recall from the memory patterns embedded in NWN
dynamics. In the brain, memory patterns are linked with network attractor states [93]. The
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brain’s neural network is able to remember sequence inputs by evolving the internal states
to fixed points that define the memory pattern for the sequence [94]. In this study, we
also found basins of attraction for the individual digits in the sequence, which allowed us
to reconstruct the target digit image as a way of recalling the associated memory pattern.
Delayed dynamics similar to that observed in the conductance time–series of NWNs were
also utilised by Voelker et al. [95] to build spiking recurrent neural networks [96] and
implement memory-related tasks. In their studies, the delayed dynamics and memory are
implemented in software-based learning algorithms, while NWNs are able to retain memory
in hardware due to the memristive junctions and recurrent structure [33]. A similar study by
Payvand et al. [97] demonstrated sequence learning using spiking recurrent neural networks
implemented in ReRAM to exploit the memory property of this resistive memory hardware.
Although their sequence was more repetitive than ours and task performance is measured
differently, they demonstrated improved performance when network weights were allowed
to self-organise and adapt to changing input, similar to physical NWNs. Future potential
applications like natural language processing and image analysis may be envisaged with
NWN devices that exploit their capability of learning and memorising dynamic sequences.
Future computational applications of NWNs may be realised under new computing paradigms
grounded in observations and measurements of physical systems beyond the Turing Machine
concept [98].

In conclusion, we have demonstrated how neuromorphic nanowire network devices can
be used to perform tasks in an online manner, learning from the rich spatiotemporal dynamics
generated by the physical neural-like network. This is fundamentally different from data-
driven statistical machine learning using artificial neural network algorithms. Additionally,
our results demonstrate how online learning and recall of streamed sequence patterns are
linked to the associated memory patterns embedded in the spatiotemporal dynamics.
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7.4 Methods

7.4.1 Experimental setup

Fig. 7.9 Images of NWN device. (a) Optical image of the multi-electrode array. Input/output
are enabled by the outer electrodes. (b) Scanning electron microscopy (SEM) image of the
Ag2Se Network. 16 inner electrodes are fabricated as a 4× 4 grid and the nanowires are
drop-casted on top of them. Scale bar: 100 µm. (c) Zoom-in of the SEM image for electrodes
0-3. Scale bar: 100 µm. (d) Zoom-in for electrode 0. Scale bar: 20 µm. (e) Zoom-in for
electrode 3. Scale bar: 20 µm.

An NWN device was fabricated and characterised following the procedure developed in
our previous studies (e.g. [34–36, 49, 59]). Briefly, a multi-electrode array (MEA) device
with 16 electrodes (4x4 grid) was fabricated as the substrate of the device using photolitho-
graphically patterned Cr/Ti (5 nm) and Pt (150 nm). Selenium nanowires were first formed
by hydrothermal reduction of sodium selenite. Ag2Se nanowires were then synthesised by
redispersing Se nanowires in a solution of silver nitrate (AgNO3). The resulting nanowire
solution was drop-casted over the inner electrodes of the MEA to synthesise the nanowire
network (See Supplementary Figure S5 for SEM images of the NWN without electrodes and
Supplementary Figure S6 for a simulated NWN as well as its corresponding graph repre-
sentation). A data acquisition device (PXI-6368) was employed to deliver electric signals
to the network and simultaneously read out the voltage time–series from all electrodes. A
source measurement unit (PXI-4141) was used to collect the current time–series through the
grounded electrode. A switch matrix (TB-2642) was used to modularly route tall signals
through the network as desired. All the equipment listed above was from National Instru-
ments and controlled by a custom-made LabView package designed for these applications
[49, 59, 99]. The readout voltage data exhibited non-uniform phase shifts of 10− 100∆t

compared to the input stream, so a phase correction method was applied to prepare the
readout data for further usage (see details in the following section).
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7.4.2 Online learning

Learning tasks were performed under a reservoir computing (RC) framework [58, 59, 62, 99].
With N digit samples used for training, the respective pixel intensities were normalised to
[0.1,1]V as input voltage values and denoted by U ∈ RN×784 for future reference. U was
then converted to a 1-D temporal voltage pulse stream and delivered to an input channel
while another channel was grounded. Each voltage pulse occupied ∆t = 0.001 s in the
stream. Voltage features were read simultaneously from M other channels on the device
(see Supplementary Figure S7 for device setups). These temporal readout features were
normalised and re-arranged to a 3-D array, V ∈ RN×M×784.

The phase of the readout voltage data (V ) was adjusted per instance in the dataset based on
the corresponding input using cross-correlation [100]. For the n-th digit sample, the respective
segment in the input pulse stream was denoted as un ∈ R784×1, and the corresponding
dynamical features from M readout channels were represented by [vn,1,vn,2, ...vn,m], where
vn,m ∈ R784×1. The cross-correlation of un and vn,m is calculated as:

Cn,m(τ) = (un ∗vn,m)(τ) =
784

∑
t=1

un(t)vn,m(t − τ), (7.1)

for τ =−783,−782, ...0, ...,783. The phase difference φ is determined by:

φn,m = argmax
τ

(Cn,m(τ)). (7.2)

The 1-D phase adjustment was applied to the readout feature vn,m of the instance based on
the phase difference φn,m.

The NWN device readouts embed dynamical features that are linearly separable, so
classification can be performed in a linear output layer:

WA = Y , (7.3)

where W is the weight matrix (i.e. classifier), A is the readout feature space and Y contains the
sample classes. An online method was implemented based on Greville’s iterative algorithm
for computing the pseudoinverse of linear systems [101]. This method is also a special case
of the recursive least square (RLS) algorithm [69], using a uniform sample weighting factor
of λ = 1.

The sample feature space was denoted by A = [a1,a2, ...,an],A ∈ RK×N , in which each
column (an) represented one sample and every sample was composed of K features (K =
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784M). The corresponding classes for each sample were Y = [y1,y2, ...,yn],Y ∈ R10×N . The
order of the columns in A and Y are randomly shuffled to smooth the learning curve. During
training, a new feature vector of the n-th digit sample an and its corresponding class vector yn

were appended to the right of respective matrices An and Yn as columns, and the algorithm
solved eqn. 7.3 for W(W ∈ R10×K) incrementally. The difference between the target yn and
the projected result using the previous weight matrix Wn−1 was described by:

en = yn − softmax(Wn−1an) . (7.4)

When en was below a preset threshold e′ = 0.1, W was updated by:

Wn = Wn−1 + enbT
n , (7.5)

where
bn =

θθθ n−1an

1+aT
n θθθ n−1an

, (7.6)

with
θθθ n = θθθ n−1 −θθθ n−1anbT

n . (7.7)

For the cases when en was above the threshold, an error-correction scheme was applied to
optimise the result [68]. In addition, A, Y and θθθ were initialised at n = 0 by:

A0 = εI, Y0 = 0, and θθθ 0 =
1
ε2 I, (7.8)

with ε = |A|.

7.4.3 Mutual information

To gain deeper insight into the network’s behaviour and attribute real-time learning to
its dynamics, mutual information (MI) between the dynamical features and the corre-
sponding classes was calculated to estimate the information content, in a way similar
to a previous study on ANNs [92]. All MI results were calculated using the Java Infor-
mation Dynamics Toolkit (JIDT) [102]. MI was estimated spatially based on the pixel
positions from different readout channels, and temporally as the feature space expanded
when more samples were learned. Among the N digit samples delivered to the network,
an ensemble was created using the readout data from channel m at the i-th pixel position:
Vm,i = [v1,m,i, v2,m,i, ..., vN,m,i],Vm,i ∈ R1×N . Another class vector P ∈ R1×N was
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created and mutual information was estimated accordingly by:

M = ΩMI[Vm,i,P] , (7.9)

where ΩMI stands for the mutual information operator, where the Kraskov estimator was
employed [103].

A 3-D matrix M ∈ RN×M×784 was generated after calculating spatial-temporally through-
out V. M was averaged across the pixel axis (third) to obtain the temporal mutual information
per channel. The spatial analysis of mutual information was based on the calculation result
for the whole dataset. The class-wise interpretation of M was generated by averaging across
samples corresponding to each digit class.

7.4.4 Sequence memory task

A sequence-based memory task was developed to investigate sequence memory and recall.
Samples of an 8-digit sequence with a semi-repetitive pattern (14751479) were constructed
by randomly sampling the respective digits from the MNIST dataset. Input pixel intensities
were normalised to the range [0,0.1]V and the samples were streamed into and read out
from the NWN in the same way as the classification task, using channels 9, 8 and 7 for input,
ground and readout, respectively. In addition to dynamical features from the voltage readouts,
memory features were used from the network conductance, calculated pixel-wise by

Gi =
Ii

Ui
, (7.10)

where I is the current leaving the ground channel and U is the input voltage.
To test recall, a digit from the sequence was selected and its image was reconstructed

from voltage readouts and memory features in the conductance time series corresponding
to digits later in the sequence. A variable memory window of length L ∈ [2,8] determines
the sequence portion used to reconstruct a previous digit image, i.e. from L−1 subsequent
digits. For example, a moving window of length L = 4 reconstructs the first (target) digit
from the conductance memory features in the subsequent 3 digits (cf. Fig. 7.6). By placing
the target digits and memory features into ensembles, a dataset of 7000 training samples and
500 testing samples was composed using the sliding windows.

To reconstruct each target digit image, the same linear online learning algorithm used
for MNIST classification was applied. In this case, Y in eqn. 7.3 was composed as Y =
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[y1,y2, ...,yn], with Y ∈ R784×N , and softmax in eqn. 7.4 was no longer used. Structural
similarity index measure (SSIM) [104] was employed to quantify the reconstruction quality.

To further test that image reconstruction exploits memory features and not just dynamical
features associated with the spatial pattern of the sequence (i.e. sequence classification), a
memory exclusion test was developed as follows. The conductance features corresponding to
a specified number of columns of inputs were replaced by voltage features from channel 13
(voltages are adjusted to the same scale as conductance), so that the memory in conductance
is excluded without losing the non-linear features in the readout data (cf. Fig. 7.6). The target
digit was then reconstructed for a varying number of columns with memory exclusion.
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[95] Voelker, A., Kajić, I. & Eliasmith, C. Legendre Memory Units: Continuous-Time

Representation in Recurrent Neural Networks, Vol. 32 (Curran Associates, Inc., 2019).

[96] Voelker, A. R. & Eliasmith, C. Improving Spiking Dynamical Networks: Accurate
Delays, Higher-Order Synapses, and Time Cells. Neural Computation 30 (3), 569–609
(2018). doi:10.1162/neco_a_01046 .

[97] Payvand, M. et al. Self-organization of an inhomogeneous memristive hardware for
sequence learning. Nature Communications 13 (1), 5793 (2022). doi:10.1038/s41467-
022-33476-6 .

[98] Jaeger, H., Noheda, B. & van der Wiel, W. G. Toward a formal theory for computing
machines made out of whatever physics offers. Nature Communications 14 (1), 4911
(2023). doi:10.1038/s41467-023-40533-1 .

[99] Kotooka, T. et al. Ag2Se Nanowire Network as an Effective In-Materio Reservoir
Computing Device. Preprint (2021).

[100] Ianniello, J. Time delay estimation via cross-correlation in the presence of large
estimation errors. IEEE Transactions on Acoustics, Speech, and Signal Processing

30 (6), 998–1003 (1982). doi:10.1109/TASSP.1982.1163992 .

[101] Greville, T. N. E. Some Applications of the Pseudoinverse of a Matrix. SIAM Review

2 (1), 15–22 (1960). doi:10.1137/1002004 .

https://doi.org/10.1007/s12064-011-0146-8
https://doi.org/10.1038/s41583-022-00642-0
https://doi.org/10.1162/neco_a_01046
https://doi.org/10.1038/s41467-022-33476-6
https://doi.org/10.1038/s41467-022-33476-6
https://doi.org/10.1038/s41467-023-40533-1
https://doi.org/10.1109/TASSP.1982.1163992
https://doi.org/10.1137/1002004


160 References

[102] Lizier, J. T. JIDT: An Information-Theoretic Toolkit for Studying the Dy-
namics of Complex Systems. Frontiers in Robotics and AI 1 (2014).
doi:10.3389/frobt.2014.00011 .

[103] Kraskov, A., Stögbauer, H. & Grassberger, P. Estimating mutual information. Physical

Review E 69 (6), 066138 (2004). doi:10.1103/PhysRevE.69.066138 .

[104] Wang, Z., Bovik, A., Sheikh, H. & Simoncelli, E. Image quality assessment: from
error visibility to structural similarity. IEEE Transactions on Image Processing 13 (4),
600–612 (2004). doi:10.1109/TIP.2003.819861 .

https://doi.org/10.3389/frobt.2014.00011
https://doi.org/10.1103/PhysRevE.69.066138
https://doi.org/10.1109/TIP.2003.819861


Chapter 8

Concluding Remarks

“路漫漫其修远兮，

吾将上下而求索。”

“The road ahead is long and winding,

yet I will search high and low.”

离骚 Li Sao -屈原 Qu Yuan
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8.1 Summary of Results

The results presented in this thesis reveal novel insights into the field of neuromorphic com-
puting and engineering and a significant step forward in demonstrating learning applications
of novel nanomaterial neuromorphic systems in particular.

Throughout this journey with neuromorphic nanowire networks, several pivotal findings
have emerged that enrich our understanding of their learning capabilities, demonstrated by
using NWNs as reservoirs in a reservoir computing framework. In Chapter 3, by investigating
the information dynamics of NWNs during learning tasks. I uncovered a synchronicity
between optimal task performance and specific information-theoretic measures (active infor-
mation storage and transfer entropy). Furthermore, this optimal performance was found to
coincide with the characteristic conductance transition, when the network is on the verge of
activation. In Chapter 4, I demonstrated the machine learning concept of transfer learning
through the Mackey–Glass chaotic time series prediction task. I showed how priming the
network on highly chaotic signals improved prediction of less chaotic signals. The simula-
tion results of Chapter 5 are the first to show one possible implementation of the MNIST
handwritten digit classification task using NWNs, leveraging a convolutional input kernel to
pre-process the spatial data.

In Chapter 6, I showed how the machine learning concept of meta-learning can address
the challenge of optimising NWN reservoirs in a systematic way, avoiding ad-hoc trial and
error. Interestingly, the optimal initial conditions identified in this chapter align with those
highlighted in chapter 3 using information-theoretic measures.

While the findings from the preceding chapters were based on simulated NWNs, in
Chapter 7 I translated this accumulated knowledge and insight to a hardware-based NWN
reservoir system comprised of a Ag2Se NWN and a 16-electrode array. The MNIST digit
classification task was implemented by delivering the data as a continuous stream and using
the recursive least square method, which enabled online learning of the dynamical features
of each digit. I devised a novel sequence memory task employing the MNIST digit images
and showed how the network’s long-term memory embedded in its conductance enhances
learning the digit sequence.

The original research results in this thesis offer a comprehensive exploration into NWNs
and their learning capabilities, both in simulation and in hardware. These findings underscore
the potential of NWNs as a pivotal tool in neuromorphic computing, signifying a promis-
ing direction for future explorations in the domain of brain-inspired systems. Moreover,
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the adaptability and efficiency exhibited by NWNs in our experiments pave the way for
innovations that could bridge the gap between artificial and biological neural processes.

8.2 Future Work and Outlook

The findings presented in this thesis reflect my very first endeavour in crafting brain-inspired
learning systems. This journey has also sparked a myriad of intriguing ideas.

8.2.1 Equilibrium Propagation for NWNs

Related studies have successfully demonstrated that current pathways in NWNs can be
adeptly adjusted to particular electrodes through associative learning [1, 2]. Loeffler et al.
extended these findings by employing AEprop to direct the current pathway for cognitive
tasks [3]. For broader learning tasks, achieving control over the localised or global dynamics
within NWNs could be explored. Considering the inherent challenge that individual junctions
are not readily accessible, equilibrium propagation emerges as a promising solution [4]. This
technique offers the ability to nudge the internal dynamics of the system towards a desired
direction, even when faced with a restricted number of inputs. The potential of this approach
not only broadens the horizon for optimising NWNs but also lays the groundwork for more
nuanced control mechanisms in future research.

8.2.2 Interfacing NWNs with other spike-based systems

In recent years, a variety of spike-driven chips have been developed and applied in numerous
scenarios. Bridging NWNs with other spike-based systems holds the potential to open the
door for a wider range of research opportunities, particularly for edge applications. This
endeavour could branch out in multiple directions. For instance, the most intuitive approach
is to deliver spikes into NWNs. Given the volatile nature of NWN memristive junctions, the
encoded information within spikes can be retained only temporarily within these junctions.
Over time, critical information can be reinforced while less crucial data naturally diminishes.
Equally fascinating is the potential to employ NWNs as spike generators. In Chapter 6, we
utilised NWNs to emulate the membrane potential of spiking neurons, which enables the
generation of desired spike patterns. This avenue of exploration can be extended even further,
offering exciting prospects for transferring continuous processes into spike-based systems.
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8.2.3 Connect multiple NWNs as different brain regions

Another interesting idea is to connect various NWNs together, effectively configuring them to
function as distinct brain regions. Much like the human brain possesses dedicated regions for
processing different sensory data, such as the visual cortex for vision and the auditory cortex
for hearing, the prospect of configuring interconnected NWNs to emulate these specialised
functions holds significant promise. For instance, we could allocate one NWN for processing
visual input and another for auditory information, while additional NWNs could serve as
central information processing hubs. This approach leverages the inherent scalability of
NWNs and distributes computational workloads across distinct networks. Such an approach
holds great potential for mimicking the multifunctional capabilities of the brain.

8.3 Conclusion and Personal Remarks

In conclusion, this thesis has journeyed through the intricate landscape of NWNs and their
potential in neuromorphic learning. This exploration has not only shed light on the inner
workings of NWNs but also unveiled a roadmap for the future of brain-inspired learning
systems. As the field of neuromorphic computing continues its dynamic evolution, my
aspiration is to remain engaged in related endeavours. In my view, the next step forward
may require the development of a more systematic and foundational framework, akin to
Alan Turing’s seminal contributions to modern digital computing. Additionally, I am keen to
deepen my understanding of neuroscience, with the aim of achieving more faithful emulation
of the brain’s intricacies. Furthermore, I intend to explore the realm of devices and chips,
seeking hands-on experiences that will further empower my research efforts for hardware-
algorithm co-design.

Replicating intelligence in machines may evoke a cyberpunk aura, yet it carries a poetic
essence that propels us forward. Let’s continue this journey with unwavering momentum...
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Appendix A

Supplementary materials for original
research papers

A.1 Supplementary information for Chapter 3

Supplementary Figure S1. Junction active information storage (AIS) as a function of edge
betweeness centrality cEB calculated for 50 simulations of a 100-node network with varying
source-drain locations (fixed distance) at three different time points: (a) t = 0.5s; (b) t = t∗,
where t∗ = 1.22s is network activation time; and (c) t = 2.5s. Each data point represents
one junction at the specified time. The colourbar represents the corresponding junction
conductance. The yellow curve is a moving window average (size 0.1 s) of the scatter points
calculated by sorting the scatter points based on their cEB values and averaging cEB, AIS
values within each window.
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Supplementary Figure S2. Deviation from linearity of NWNs. (a) Deviation from linearity
as a function of pre-initialisation time for a 100 nanowire/ 261 junction NWN realisation. (b)
Deviation from linearty of NWNs as a function of mean connectivity ⟨k⟩.
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Supplementary Figure S3. Intra-module weight ratio Γ and modularity Q as a function of
time. Red curve is the time-series of the sum of weights on intra-module edges normalised

by the total weights in the network (Γ =

∑
mi=m j ,i, j∈N

Wi, j

∑
i, j∈N

Wi, j
). Dashed blue curve represents the

modularity time-series.
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Supplementary Figure S4. Flexibility of NWNs during learning tasks. (a) Flexibility of
NWN as a function of pre-initialisation time during the memory capacity (MC) task. (b)
Flexibility of NWN as a function of pre-initialisation time during the non-linear transforma-
tion (NLT) task.
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A.2 Supplementary information for Chapter 7

Supplementary Figure S5. SEM images of the nanowire network without electrodes.
Scale bars are: (a) 10 µm; and (b) 5 µm.
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Supplementary Figure S6. Simulated nanowire network. (a) Network of 1024 nanowires
with centres and lengths drawn from a uniform and Gamma distribution, respectively. (b)
Corresponding graph representation, with nanowires represented by nodes and memristive
cross-points between nanowires represented by edges (6877 total edges). Simulations are
based on a physically-motivated model from previous studies [1–4].
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Supplementary Figure S7. Different device electrode setups. (a) Using electrode 0 as
input (red) and electrode 3 as drain (green), while reading out from electrodes 1, 2, 12, 13
and 15 (blue). This is the setup used for the online MNIST classification task presented in
main Results. (b) An alternate setup using electrode 9 as input and electrode 8 as drain, with
readouts from electrodes 7 and 13. This is the setup used for the online image reconstruction
task presented in main Results. During experiments, the voltage of every electrode and the
drain current are measured continuously.
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Supplementary Figure S8. Readout voltages for digits ‘0’ - ‘4’ from all 16 channels.
Channel 0 and 3 are used for input and drain respectively. For each digit class, readouts
correspond to 100 samples randomly selected from the training set and averaged for each
channel.
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Supplementary Figure S9. Readout voltages for digits ‘5’ - ‘9’ from all 16 channels.
Channel 0 and 3 are used for input and drain respectively. For each digit class, readouts
correspond to 100 samples randomly selected from the training set and averaged for each
channel.
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Supplementary Figure S10. I −V curves under AC sweeps. (a) Response to 1 Hz sine
wave. Inset is a zoom-in near the origin, showing a non-zero crossing. (b) Response to 10 Hz
sine wave, showing curves driven further away from zero. See Supplementary Note 1 for
further information.
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Supplementary Figure S11. MNIST online classification accuracy as a function of
number of channels using different electrodes for (input,drain) and different voltage
amplitdue and bias. Maximum accuracy for 1,000 testing samples (after training on 50,000
samples) with respect to number of readout channels used by the online linear classifier. Error
bars indicate the standard error of the mean of 5 measurements with different sequences of
the training samples. (a) Source/drain electrodes (0,3), with channels 1,2,13,15,12,9,14 used
for readout to the classifier; and source/drain electrodes (9,8), with channels 1,0,13,3,12,6,15
used for readout. (b) Same as (a), but with channels 12,7,14,1,0,13,3 used for (9,8). For all
cases, readouts are streamed to the classifier in the specified order.
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Supplementary Figure S12. Misclassified digits in the online MNIST classification task.
The white digits at the top left corners are the true classes and the red digits at the bottom left
are misclassified labels. Samples with unclear writings could be recognised incorrect digits
of similar shape (i.e. 3 and 8, 9 and 0).
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Supplementary Figure S13. Input voltage and network conductance for different
MNIST digit inputs. Network conductance gradually decays after high intensity pixels are
delivered, demonstrating the fading memory property.
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Supplementary Figure S14. SSIM as a function of number of training samples used
to train the online reconstructor. As the image reconstructor learns from more samples,
SSIM increases rapidly initially then more gradually. The SSIM reported in the main results
is the value after training with 7000 samples. A memory window of length L = 4 is shown
here as an example.
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Supplementary Figure S15. Maximum SSIM averaged across all digits as a function
of memory window length. Max SSIM improves with memory window length, as more
features are used to train the online image reconstructor. Max SSIM plateaus after the length
of the memory window is greater than 4 because the reconstructor is able to use half of the
semi-repetitive sequence. Errorbars indicate the standard error of the mean across all digits
for reconstructions.
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Supplementary Figure S16. Reconstruction of digit 5 in the sequence memory task.
Reconstruction of digit 5 shows interference from digit 9, which shares the same memory
features from the same sub-sequence 147. A memory window of length L = 4 is used here.
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Online (w/o active error correction) Batch

Readout data 784 x1 784 x 5 784 x 1 784 x 5

1,000 testing 91.0% 94.1% 92.2% 93.8%
10,000 testing 85.9% 90.5% 86.6% 91.4%

Supplementary Table A.1. MNIST classification accuracies without active error correc-
tion in the online algorithm. Without error correction, accuracy of the online method is
comparable to the batch method. For comparison, results are shown for 1,000 and 10,000
testing samples (for 50,000 training samples). Main results are for 10,000 testing samples.
See Supplmentary Figure S7 for results comparing different electrode combinations and
number of channels using 1,000 testing samples.
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Supplementary Note 1 – Memristive switching in Ag2Se nanowire networks

Threshold switching in Ag2Se nanowires was first reported by Schoen et al. [5], who
found that switching from low to high conducting states is concomitant with (although not
caused by) a structural phase transition. In the low conducting (cubic α) phase, Ag+ cations
form an amorphous sublattice in which the high resistance may be attributed to localised
trap states close to the conduction band edge. Under an electrical bias, a conducting Ag
nano-filament forms across an individual nanowire. In Ag2Se nanowire networks, Ag2Se
nanowires are synthesised in their orthorhombic β phase and volatile threshold switching is
observed and attributed to Ag nano-filament formation at the cross-point junctions [6]. The
memristive behaviour reported here, in particular the non-zero crossing in the I−V curves (cf.
Supplementary Figure S3), suggests that in addition to electro-chemical metallisation, other
nanoscale processes may be operating at the cross-point junctions. Valov et al. [7] show that
in redox-based memristive units, an electromotive force (effectively, a nanobattery) can be
induced by strong spatial gradients in the distribution of Ag+ ions and their mobilities. This
results in a non-equilibrium diffusion potential that manifests as a non-zero I −V crossing.
Our findings are consistent with this picture, showing that the effect becomes increasingly
noticeable under non-adiabatic conditions, when the nanowire network is driven under higher
frequency AC. Similar frequency-dependent behaviour has also been observed in individual
TiO2 devices and attributed to memcapacitive and meminductive properties [8].
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